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Abstract

Personality questionnaire items are normally written by experts
in personality theory or psychometrics. This makes personality
test development expensive, especially since as many as 40%
of the items are discarded after quantitative analysis. Could the
crowd create personality items that are as good as the ones
developed by professionals? We analyze the psychometric
quality of 164 Big Five personality items generated by the
crowd (n=82) and show that non-expert item writers are
capable of designing high quality personality items. The
analysis revealed that 59% of the crowdsourced items had
adequate psychometric properties, and thus could be used as an
alternative instrument to measure Big Five personality traits.
We conclude that crowdsourcing personality items is a
possible strategy to generate new items rapidly. We also
discuss some of the challenges of crowdsourcing general
psychological items.

Introduction
Psychological items are normally generated by
professional item writers, psychologists or
psychometricians, with a background in educational

measurement, psychology, or a related discipline. Item
writers usually undergo specialized training prior to item
development and thus are deemed to have appropriate
expertise. Once they have completed training, they may go
on to write items for targeted clients (i.e. assessment
companies), often at a high price. The items are then
employed in pilot testing and the data is analysed in order
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to decide which items have acceptable psychometric
properties.

Traditional item development requires that experts use
fixed test specifications and follow item-writing guidelines
to author each item. This process is costly and time-
consuming. Rudner (2010) estimated that an operational
item used in high-stakes testing could cost from $1,500 to
$2,000. We list three reasons why it is necessary to
generate large numbers of test items.

(1) As many as 40% of expertly created items fail to
perform as intended when tested psychometrically
(Haladyna 2012). Items that fail psychometric analysis
need to be either revised or discarded (Haladyna and
Rodriguez 2013).

(2) With smartphones and the Internet it is easier than
ever for test-takers to compromise test security and share
tests with other prospective test-takers. Some test
developers create parallel forms of the same test so that
each can be administered in a different locality or one of
the forms can be randomly chosen to be administered to
each candidate.

(3) Advances in computer processing power mean that it
is now possible to use computer-adaptive testing (CAT) in
real testing situations. CAT is a more efficient way of
administering a test where items are selected for each
candidate based on their previous responses, with the goal
of maximising the expected information from each item
(van der Linden and Glas 2000). CAT may reduce the test
length by up to 50%-90% while keeping the same accuracy
(Gibbons et al. 2008), and so it is desirable to deploy CAT
tests in education and elsewhere, given that many people
believe that children are over-tested (Coughlan, 2016). The



challenge for item developers is that CAT item banks are
ideally four or five times larger than the number of items
that each test-taker answers, so for a 50-item test the item
bank should contain about 250 items. In short, test
developers that adopt CAT have to invest heavily to create
a sufficient number of new items for their testing programs
or seek other alternatives to develop their item banks.

Crowdsourcing utilizes the collective knowledge of the
public to complete tasks in return for financial incentives.
Crowdsourcing platforms such as Amazon’s MTurk
(Mechanical Turk 2009) or CrowdFlower (CrowdFlower
2007) connect people and organize them to complete
different sets of tasks. We examine whether test creators
could utilize these platforms to have non-experts create
operational personality items. If crowdsourcing is effective
for developing high quality items, then it could decrease
the cost of item development and increase the viability of
new test administration procedures like CAT.

There is reason to be optimistic about the ability for non-
experts to develop reasonable psychometric items.
Sharpley and Rogers (1985) showed that anxiety scale
items developed by non-psychologists (students) were just
as reliable as those developed by psychologists who were
expert item writers. Nevertheless, while the study
demonstrates that non-experts can write items, it does not
demonstrate crowdsourcing in the modern sense of the
word, which enables test-makers to reach a large number
of people via the Internet, who are both geographically and
educationally diverse. Virtual job marketplaces such as
crowdsourcing technology did not exist until the
introduction of the Web 2.0 (Kleemann, Vof, and Rieder
2008). The aim of this research is to test whether
crowdsourcing can provide a cost-effective and rapid
method of generating new items to use not only in existing
instruments but in new psychological instruments as well.

Why Crowdsourced Personality Items

There are two main reasons why the creation of personality
items is an exciting direction for crowdsourcing research:
(1) The item development phase can be quicker and more
cost effective than when using traditional means; (2)
Crowd-techniques expand the pool of item writers, and
thus the background of those who are creating tests. Items
generated by more diverse groups are more likely to reflect
a wider range of real-world experiences and so may be
more varied in content than those generated by a relatively
small team of professional item writers. Both of these
reasons are examined in further detail in the next sections.
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Crowdsourced Items Can Speed Up Item
Development Process

The development of an item bank via traditional means is
often time-consuming and costly (Rudner 2010),
particularly if there are no professional item writers within
the immediate environment to help create items. Typically,
in such situations, companies have to invest more
resources in order to employ remote professional item
writers to help in the item development process.
Furthermore, if the piloting of new items were completed
in an offline environment, there is a great deal of reliance
on the number of participants one can recruit to complete
the pilot test. Thus, extending the time taken to analyze the
psychometric properties of the new items. Therefore, the
goal of our research is to provide solutions that reduce the
problem of test exposure and to devise an effective
approach to the production of personality items in parallel
forms with an optimized pricing scheme.

Scale development remains a thriving industry in the
psychology discipline. Clark and Watson (1995) suggest
that there is no restriction to the number of operationalized
scales because of the complexity in human psychology. A
search in the PsycNET database using the key words ‘scale
development’ and ‘test construction’ revealed 2,557
articles published under psycARTICLES. The majority of
these articles often report the development of new scales,
and the psychometric analysis of existing scales. Under the
psycINFO classification, there are 2,223 personality scales
and inventories alone, not even accounting for other areas
within psychology. From 2006 to 2012, the number of
articles relating to the key word “test construction”
increased from 41 to 97. Clearly, even with the existing
scales available, the creation of new psychological
assessment still plays a central role within the field.

With the employment of crowdsourcing platforms, we
are able to reach out to a wider group of individuals who
may not have the experience in writing items but may still
have the knowledge to develop the item content of interest.
By providing appropriate instructions, even non-expert
item writers might be able to produce items at a much
faster pace requiring smaller monetary rewards. The
crowdsourcing approach effectively skips the process of
having to train individuals to an expert level and only
provides the necessary information that will suffice in
generating the item content.

Since workers aim to strategically maximize their own
benefit and rely on the reputation they have in these
crowdsourcing platforms (Zhang and van der Schaar
2012), they are typically driven by the financial rewards to
participate and perform well in these tasks (Mason and
Watts 2010). Fortunately, to limit the number of workers
from free-riding and false reporting (Feldman et al. 2004,
Zhang et al. 2014), most crowdsourcing platforms include



a reputation mechanism. A straightforward approach in
MTurk is that workers can be selected based on the
percentage of successful jobs that they have previously
completed. Disputes with workers can also be worked out
individually, allowing workers to justify their actions, or
on the positive side where superlative work has been done,
workers can be given individual financial bonuses.

Scaling Creativity Using Collective Intelligence

Crowds are not just cheap labor — they may be higher
quality labor, with more creative potential and collective
wisdom than individual workers. For example, Surowiecki
(2004) has explored the potential of crowds in his book
The Wisdom of Crowds and concluded that crowds may be
remarkably intelligent (see also Kosinski et al. 2012).
Brabham (2008) cites several case studies in order to
demonstrate that crowdsourcing is a viable way to make
use of human creativity, from Threadless.com, a company
that crowdsources T-shirt designs, to iStockphoto, which is
a platform selling photographs uploaded by the general
public. In fact, the application of crowdsourcing techniques
has been so advantageous that it has been employed even
in fields such as genealogy (Barreto, Fastovsky, and
Sheehan 2003) or astronomy (McLaughlin 2014).

However, the following question remains: even if
crowdsourced items are more diverse and varied compared
to those created by a handful of experts, do they have
satisfactory psychometric qualities? Previous research has
shown this is indeed the case. For example, Christoforaki
and Ipeirotis (2014) showed that crowdsourcing knowledge
items based on item skeletons provided using an existing
publicly available knowledge bank (Stackoverflow)
produced affordable items which performed equally well
or even better than those developed by professional item
writers.

A final creative advantage afforded by crowdsourcing is
the potential for enhanced cultural and social variety of the
generated items. People’s life experience in interaction
with others may give them an intrinsic ability to create
items that are specific to measuring a particular personality
trait while accounting for cultural and societal influences.
A case study by Kim et al. (2010) highlighted four major
characteristics of item writers that influence the item
writing ~ process:  previous  experience, language
background, personality and preferences. These
characteristics played a large role in determining the type
of items that were designed and could lead to limitations
and potential biases in the item content. By crowdsourcing
item creation to item writers with diverse backgrounds, we
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are able to reduce the constraints imposed by each item-
writer’s cultural, social and behavioral background.

Producing Crowdsourced Personality Items

We selected Roid and Haladyna’s (1982) generic five-step
procedure to guide us in the item writing process as it
seemed most appropriate for generating personality items
using crowdsourcing platforms. The five-steps are: (1)
instructional intent; (2) specifying the domain; (3) item
development; (4) item review; and (5) test development.

Step 1: The workers were given explicit instructions on
the item specification prior to the creation of an item
(Figure 1). In order for the workers on Amazon’s MTurk
(Mechanical Turk 2009) to create parallel forms of
personality items, we presented them with established
personality items taken from the 100-item IPIP
representation of the Five Factor NEO-PI-R personality
scale (Costa and McCrae 1992, Goldberg et al. 2006). The
5 NEO-PI-R measures five broad personality traits:
Openness (0), Conscientiousness (C), Extraversion (E),
Agreeableness (A) and Neuroticism (N). Step 2: There
were 100 items in total, with 20 items each measuring a
different personality trait. Of the 20 items, 10 items were
positively worded and 10 items were negatively worded.
Each participant was randomly assigned to create items for
a specific trait. They were then presented with 10
positively and 10 negatively worded sample items
measuring that specific trait. Step 3: To complete the task,
participants had to design both a positive and a negative
item. At the end of the task, we asked for demographic
information such as gender, age, marital status, ethnicity,
nationality and first language.

Quality Check

Step 4: The items were reviewed by a group of research
psychologists after collection on MTurk. There are
currently no recommended guidelines to the evaluation of
crowdsourced psychological items. Nevertheless, we
employed Hambleton and Rogers’ (1991) recommendation
by focusing on three features when reviewing item content:
(1) item validities, (2) technical quality, and (3)
representativeness. We also included a fourth guideline,
which is to ensure that the content of the crowdsourced
items is to be kept as original as possible. Therefore, an
editing document was created with two goals in mind; the
first was to make grammatical and stylistic changes where
necessary, and the second was to remove items whose
content did not make sense with respect to the targeted
trait.



A Keyed

2a. Example Statements:

3a. What describes a person who agrees with (2a) and disagrees with (2b)?

5a. Does this statement(s) describe you?

Strongly Agree [ Agree () Indifferent () Disagree ( ) Strongly Disagree

B Reverse Keyed

2b. Example Statements:

3b. What describes a person who agrees with (2b) and disagrees with (2a)?

5b. Does this statement(s) describe you?

Strongly Agree ( Agree () Indifferent () Disagree () Strongly Disagree

1.Can talk others into doing things. 2.Seek to influence others. 3.Take charge. 4.Take control of things. 5.Try to lead others. 6. 7. 8. 9. 10.

ex: friendly, stingy, hard-working, etc

4a. Write a statement that a person with lots of "ASSERTIVENESS" and described by (3a) would agree with. ex: Can talk others into doing things.

1.Don't like to draw attention to myself. 2.Have little to say. 3.Hold back my opinions. 4.Keep in the background. 5.Wait for others to lead the way. 6. 7. 8. 9. 10.

ex: bitter, generous, lazy, etc..

4b. Write a statement that a person with little of "ASSERTIVENESS" and described by (3b) would agree with. ex: Don't like to draw attention to myself.

Figure 1. Example of how the task was presented to the worker.

For the first goal, there were ten different editing rules
(e.g. awkward wording, strong language or spelling
mistakes) that the reviewers used as a guide to revise the
items. For example, an item measuring conscientiousness
submitted by the item-writer as “I hate burden and work”
was revised to “I dislike burden and work” by the
reviewer. As for the second goal, six different editing rules
(e.g. no relation to the trait at all, repeated crowdsourced
statements or items too culture specific) were used to
remove items. An example may be an item formulated as
“This is a dull book”, which was removed from the list of
crowdsourced items.

Crowdsourced Item Writers

Eighty-two crowdsourced item writers were recruited using
MTurk. All MTurk data was collected over a period of two
weeks. The workers were allowed to complete the
assignment under the condition that they had completed at
least 500 assignments on MTurk and had a minimum of 95
per cent completion rate. The workers were allowed no
more than 30 minutes to complete each HIT. 41
crowdsourced item writers were females, 13 were males,
and 28 did not respond. The crowdsourced item writers’
age ranged from 18 to 65, with an average age of 37 years
(SD = 10.3). The first language of 48 item writers was
English, with 15 item writers not having English as their
first language. 32 did not respond to this question. 26 item
writers were Americans while 36 item writers were made
up of various other nationalities. 20 item writers chose not
to specify their nationality.
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Result

The average time taken to read the instructions and create
both a positive and negative item was 4 minutes and 30
seconds. In total, 164 items were created, with 82
negatively worded and 82 positively worded items.

In the following week, three research psychologists
reviewed the crowdsourced items to check the quality of
the items measuring the targeted traits with respect to the
above-mentioned guidelines. There were no monetary
incentives for the research psychologists to partake in the
research. Following the two main goals of the editing
guidelines, 23 negatively worded items and 18 positively
worded items were corrected. 39 items were removed, as
they were not designed to measure the targeted trait. What
remained were 15 new items for the openness trait; 33 new
items for the conscientiousness trait; 30 new items for the
extraversion trait; 27 new items for the agreeableness trait;
and 20 new items for the neuroticism trait. This resulted in
a final set of 125 crowdsourced personality items after
qualitative review.

Item Validation

Step 5: For empirical testing and evaluation in a newly
collected dataset, validity analysis was conducted by
examining the relationship between the crowdsourced and
established items. Therefore, data was collected from a
total of 225 items including both crowdsourced and



established items. The scale was created using an open
source testing platform (Concerto). The analysis was
completed in R using the psych package developed by
Reveille (2007).

We employed psychometric means for item validation,
as it is important to demonstrate the factorial validity of the
crowdsourced items for each personality trait (Kline 1993).
Therefore, we conducted Exploratory Factor Analysis for
each trait separately in order to evaluate the quality of
these crowdsourced items. We removed the crowdsourced
items with poor psychometric estimates, and maintained
the good items within the scale. Following the suggestions
made by Kline (1993), items that had a factor loading of
less than 0.3 are considered weakly correlated, and thus,
should be rejected. Therefore, in our study, items that had
factor loadings (>.30) were retained while those that were
(< .30) were removed. A 5-factor model was subsequently
imposed on the good items to evaluate the overall factor
structure of the items.

Cronbach’s alpha (Cronbach 1951) was used to measure
the internal consistency of the newly developed scale as an
indicator for reliability and to compare the alpha index
against the established items and those reported in the
literature. The internal consistency of a scale is described
by the amount of inter-relatedness of the items within the
test and is widely used in psychological scale construction
(Santos 1999). Every established psychological scale in the
literature measuring a particular trait reports an absolute
Cronbach’s alpha index ranging between 0 and 1. As a
convention, Cronbach’s alpha has to be at least .7 for the
scale to be considered acceptable (Nunnally 1978).

Lastly, we ran a correlation analysis to observe the
relationship between the crowdsourced and established
items. As it was in the interest of this study to evaluate the
potential of using crowdsourcing platforms to create items,
we calculated the percentage of the number of items that
were retained after quantitative analysis was made.

Exploratory Factor Analysis

We briefly discuss some preliminaries on Exploratory
Factor Analysis (EFA) before describing the results from
our analysis. At the initial stage of scale construction, EFA
is conducted to evaluate the item content and a
corresponding factor structure which is a representative of
the hypothesized latent construct (Thompson 2004). The
procedure is exploratory in nature because the researcher
presumably has no a priori expectations based on previous
research or theory to support the composition of the latent
variables (Cudeck 2000).

One of the foremost goals of EFA is to identify the
factor structure and reveal the number of latent variables
that best accounts for the common variance among the
items (Finch and West 1997). In factor extraction, the
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shared variance of a variable is separated from its unique
variance in order to investigate the structure of the
common factor model (Cattell 1978).

To make sense of the initial factor extraction produced
by the EFA, rotation algorithms are often used in an
attempt to orient the factors into an interpretable position
(Velicer and Jackson 1990). Simple structure rotation
algorithms such as Varimax, Promax and Oblimin are used
so that items are forced to load highly on one or two
factors and have close to zero loadings on the remaining
factors (Fabrigar et al. 1999).

There are several methods that are often used for
investigating matrix dimensionality (i.e. the number of
factors to retain). Over and under extraction of factors can
have deleterious effects on the results (Zwick and Velicer
1986). According to Courtney and Gordon (2013), Horn’s
(1965) Parallel Analysis (PA) has emerged as the most
recommended technique by several researchers (e.g.
Ruscio and Roche 2012, Zwick and Velicer, 1986).

The PA Scree plot illustrates how researchers determine
the number of latent variables of the underlying factor
structure. It is a graphical representation of the incremental
variance accounted for by each factor in the model using
either principal component (PC) or factor analysis
approaches (FA). The PA scree plot displays the scree for
the observed and simulated data. The plot generates the
number of dimensions/components on the x-axis and the
eigenvalues on the y-axis. The PA method also generates a
large number of data matrices from random data. Each
matrix is generated parallel to the actual data, which means
that the simulated matrix has the same number of cases and
variables. The scree of the simulated matrix is often the
slope with gentle gradient that is close to the horizontal
line at the eigenvalue 1.

The PA plot has two objectives; one is to visually locate
the number of factors that best represent the data, and the
second is to compare the scree of factors of the observed
data to that of a random data matrix of similar size to the
original matrix. Generally, factors are retained as long as
they are greater than the mean eigenvalues generated from
the random data matrices (Ledesma and Valero-More
2007). Often, it can be assumed that components after the
point where the retrieved factors form an approximate
descending linear line do not significantly account to the
percentage of the common variance (Reise, Waller, and
Comrey 2000). If the predicted number of factors to extract
is four and the scree test suggested five instead, it is
advisable to run the analysis setting the number of factors
at four, five, six and seven. After rotation, it is suggested to
compare the item loadings and select the factor structure
that best fits to the data by selecting the model that
produces the highest number of item loadings above .30,
has few or no item cross loadings, and no factors with
fewer than three items (Costello 2009).



Participants

Participants were recruited from MTurk over a period of 2
days. Participants had to complete 125 personality items
and they were only allowed to take the test once. All
participants had to have a completion rate of 95% for
previous assignments. The average time taken to complete
the test was 18 minutes. The sample consisted of 52 males
and 104 females with a mean age of 42.6 years old (SD =
13.4). 130 participants were Americans and 16 were from
other countries. Participants completed both the
crowdsourced items and established items as one
personality scale. The items were displayed in a random
order to reduce any order effects.

Result

Exploratory  Factor Analysis performed on the
crowdsourced items for each trait indicated that the
majority of the items loaded significantly on the first latent
factor. Parallel analysis and the scree plot for each trait is
best represented by a single latent factor. That is, the EFA
result for each trait showed that 24% of the variance is
accounted for openness; 34% for conscientiousness; 31%
for extraversion; 30% for agreeableness; and 43% for
neuroticism.

Investigation of the factor loadings for each personality
trait showed that 3 openness items; 3 conscientiousness
items; 3 extraversion items, 7 agreeableness items, and 3
neuroticism items achieved a factor loading of less than .3
and were removed from the analysis. We subsequently
imposed 5-factor solution of all data combined together
and found that the data explained 41% of the total variance
(10%, 9%, 9%, 8%, 6%, respectively). The Parallel
Analysis Scree plot (Figure 2) inspection supported the
extraction of a five-factor personality model from the data.

Parallel Analysis of Crowd Sourced ltems

o

20
>

FA Actual Data
FA Simulated Data

FA Resampled Data

Eigenvalues of Factors Analysis
10
I

Factor Number

Figure 2. Illustrations of a Parallel Analysis Scree plot based on
the observed and simulated data. The plot displays the scree of
factor analysis. FA = Factor analysis.
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However, evaluation of the item properties with an
imposed 5-factor model showed evidence of significant
item cross-loadings. This suggests that an ambiguous
rather than a clear factor structure existed in the observed
data.

After removing the crowdsourced items that had poor
psychometric properties, we evaluated the number of items
that were finally retained. 80% of the Openness items, 90%
of the Conscientiousness items, 90% of the Extraversion
items, 74% of the Agreeableness items, and 85% of the
Neuroticism items were retained (Table 1). Taken together,
96 (84.8%) items out of the 125 reviewed crowdsourced
items had adequate psychometric properties, which could
be used as a measure of the Big Five personality model.

Scale Revised Items Validated items Percentage
o) 15 12 80%
C 33 30 90%
E 30 27 90%
A 27 20 74%
N 20 17 85%

Table 1. Percentage of items recovered after empirical validation.

The internal reliability (Table 2) of the scales consisting
of crowdsourced items for each of the traits was compared
to that of the established items and of previously reported
scales in the literature (Costa and McCrae 1992).
Conscientiousness had the highest Cronbach’s alpha (o =
0.94), followed by Extraversion (a = 0.92), Openness (o =
0.89), Agreeableness (oo = 0.85), and Neuroticism (o0 =
0.78).

Cronbach’s Alpha Index

Scale N!EO—PI—R Established Crowdsourced
Published Scale Items Items
(0) 0.85 (n=20) 0.86 (n=20) 0.89 (n=12)
C 0.90 (n=20) 0.94 (n=20) 0.94 (n=30)
E 0.91 (n=20) 0.92 (n=20) 0.92 (n=27)
A 0.91 (n=20) 0.94 (n=20) 0.85 (n=20)
N 0.89 (n=20) 0.88 (n=20) 0.78 (n=17)

Table 2. Internal consistency of scales reported for established
items and crowdsourced items for each personality trait. The
Cronbach’s alpha that was reported in the literature (Costa and
McCrae 1992) is also presented in the table. Cronbach’s alpha is
affected by the length of a scale; hence the number of items is
also presented.

Finally, intercorrelations using factor scores and mean
scores were computed between the crowdsourced and



established items for each trait respectively (Table 3). As
expected, scores comparing the same personality traits
were highly associated, with Neuroticism (+=0.91, p<0.01)
being the highest, followed by Extraversion (+=0.90,
p<0.01), Conscientiousness (r=0.89, p<0.01), Openness
(r=0.82, p<0.01) and Agreeableness (=0.82, p<0.01). Not
accounting for same trait intercorrelation, absolute
discriminant correlations ranged from 0.08 to 0.63.
Overall, the five scales displayed clear evidence of
discriminant validity.

Established Items

Scale (6] C E A N
(0] 0.827%%* 0.26%* 0.30%* 0.4]%* -0.27%%*
C 0.28** 0.89%* 0.24* 0.58%%* -0.44%**
Crowd-
sourced  E 0.19% 0.22* 0.90%* 0.08 -0.48%*
Items A 0.38%%* 0.49%%* 0.17 0.82%%* -0.25%*
N -0.20* -0.63** -0.54%* -0.39%* 0.91%%*

Table 3. Intercorrelation between the factor scores of the
crowdsourced items derived from an EFA and the scale scores
from the established items. * Significant at the .05 level. **
Significant at the .01 level.

Discussion

This research investigates the plausibility of employing
crowdsourcing platforms to create personality items with
adequate psychometric estimates. It took a period of two
weeks to generate 164 items and another week for the
group of three research psychologists to review the items.
In the test phase, we spent a week to develop the
personality scale and a further two days to collect data.
After data collection, the analysis was completed in two
weeks. In total, the item development, testing and analysis
phase took between 6 to 7 weeks to complete.
Crowdsourcing platform has given us the opportunity to
facility the collaborative work between expert and non-
expert item writers. While non-experts as demonstrated in
this paper can create new items, the expertise of
professional item writers is still essential. Non-experts
provide a source of diversity in the creation of the item
content. However, the experience and knowledge of the
expert is still critical to the evaluation of the item quality.
A five-factor structure was supported based on the
observed data. However, item cross loadings were
observed wupon further inspection. Such findings in
personality scale research are not unusual as EFA
determines the factors based on empirical deduction
approaches without accounting for theoretical concepts
(e.g. Egan, Deary, and Austin 2000, Tierno et al. 1995). A
follow-up study employing Confirmatory Factor Analysis
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(Harrington 2008) must be conducted with a larger sample
size to investigate the factorial structure of the Big Five
personality model with the current crowdsourced items.
This will provide a more stringent approach at an item
level in deciding which items should be removed from the
model.

Personality traits Statements

Agreeableness Care about myself first and others second.

Agreeableness Am happy if others are happy.

Conscientiousness Have a good work ethic.

Conscientiousness Do not see the point in trying hard.
Extraversion Don't like to draw attention to myself.
Extraversion Thrive in almost all social scenarios.
Neuroticism Am afraid of a lot of things.
Neuroticism Can process life objectively and positively.
Openness to experience  Like to get new information.

Openness to experience  Tend to be an explorer in all things I do.

Table 4. Sample items of Crowdsourced Big 5 personality items.

Nonetheless, correlational comparison between the
crowdsourced items and the established items yield
evidence of the two scales’ convergent validity as
measures of the Big Five personality model. Additional
associations between personality traits are consistent with
past research. For example, negative correlations between
Neuroticism and Extraversion are commonly reported
(Vitterso 2001). Similar associations were found between
crowdsourced Neuroticism - established Extraversion (r= -
.54) and vice versa (= -.44) (Table 3). Therefore, the
pattern of convergent and divergent correlation suggests
that the scales for both the crowdsourced items and
established items measure the Big Five personality traits.

Overall, of the 164 items that were crowdsourced, 39
items were removed during the reviewer phase, and 16
items were dropped due to poor psychometric properties.
This resulted in a final set of 96 (59%) items. The result is
similar to what was reported by Haladyna (2012), where
60% of the items developed by professional item writers
remained after psychometric testing. This research
supports the notion that once clear instructions are written
and provided, crowdsourced non-experts have the potential
to create high quality personality items. The payment for
workers in this study was lower than the suggested rate on
Dynamo Wiki', which could have led to selection bias
and/or slower response time. Therefore, the quality of
generated items could be affected by the payment rates,

"http://wiki.wearedynamo.org/index.php?title=Guidelines_for Acade
mic_Requesters



resulting in 24% of the crowdsourced items not passing the
initial expert review phase.

While crowds can generate usable psychometric items, it
would not be appropriate to use crowdsourcing for the
highest stakes tests where item security is paramount, such
as in government-run examinations. Given that the public
is creating items, it would be possible for individuals to
keep a record of the items they create and to make them
available in future. We envisage that crowdsourcing of
new items is most appropriate for tests where the stakes are
low enough that item writers are not incentivized to find
out how their items are going to be used in practice. For
example, most personality tests are taken by a small
enough group of job candidates that it is unlikely that
crowd participants would become aware of which
company would be using the new items. Additionally, it
will be even more advantageous under CAT conditions for
recruiters. Larger item banks reduce the exposure rate of
the items and increase test security. This indirectly makes
it more difficult for participants to cheat or fake in order to
receive more favorable outcomes. Another situation where
crowdsourcing items would be particularly valuable is for
Massive Open Online Courses (MOOCs), which need to
test large numbers of participants but where the stakes are
relatively low. MOOCs have large numbers of course
participants who could be incentivized to create new
questions for the next cohort.

Our study is limited by the geography of its crowd: the
majority of the item writers and participants were from the
USA. Hence, the result of the psychometric analysis may
only reflect items piloted on the American population.
Future research should investigate any cultural biases of
these items. A potential avenue of psycho-geographical
research is to investigate the quality and diversity of the

crowdsourced items developed by item-writers from
different locations, both from within and between
countries.

In future, the crowdsourcing process for psychological
test items can be improved by perfecting the incentives for
item writers and understanding which personality traits
improve the quality of item writing. In our experiment,
item writers were paid a flat rate regardless of the
psychometric properties of the items they generated.
Reviewers only evaluated the quality of the items after the
item development phase. As such, none of the item writers
received feedback from the work they had done nor did
they receive any kind of extra financial reward that was
dependent on the quality of the work they had done. Such
an approach can be improved in the long run by increasing
the motivation for future item writers to write high quality
items (Yu et al. 2014). Future research should also evaluate
the quality of crowd source psychometric items for a given
standardized pay rate. This should be balanced against the
finding that simply offering higher payment does not
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automatically increase the quality of work (Mason and
Watts 2010). Online markets rely on reputation structure
for giving trust to the workers. Thus, introducing a
reputation system will allow us to increase the financial
reward to item writers who write high quality items. We
can offer to train these reputable item writers to create
more complicated item content and provide them with
feedback on their work. Moreover, previous research
indicated that personality traits are significant predictors to
job performance (Barrick and Mount 1991). The
significance of the predictors are however, varied by
occupational group and criterion type. Hence, it would be
beneficial to evaluate potential item writers based on their
personality as one of the criteria for selection. Finally,
another potential avenue of research is to investigate the
degree to which the crowd can be trained to conduct the
quality check phase during the item development process.
The optimal trade-off between high quality and diverse
items is likely to be dependent on how the quality check
phase is conducted. Reviewers need to consider the subtle
differences in item content and meaning to be able to retain
high quality items, which may be difficult for those with a
lack of experience in item writing. These differences, if
undetected, could lead to either overly high levels of
homogeneous items being retained or instead, having many
more items being discarded than expected.

Conclusion

The current research has shown that we can recruit item
writers through crowdsourcing platforms to generate high
quality personality test items in a fast and effective
manner. This result means that new avenues of research in
item development can be explored. An area that we
envisage to be directly applicable is in health assessment,
where the constructs are highly subjective in nature (Miller
et al. 2009). Using the collective knowledge of the crowd
may allow us to gain insights into ways in which more
content can be created to measure a specific health-related
construct.

Test translation is expensive due to the many additional
steps and extensive review incorporated into the process.
The cost of translating and adapting an existing test to a
different population often costs as much as developing a
new test (Stansfield 2003). However, it could be possible
to take an alternative approach. Instead of translating an
existing test, we could crowdsource item writers at a low
cost to develop completely new items aimed at the new
language and culture. Combining current approaches to
designing psychological items with crowdsourcing
methodology could be extremely beneficial to the future of
item development.
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