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Abstract
Online microtask labor has increased its role in the last few years and has provided the
possibility of peoplewhowere usually excluded from the labormarket towork anytime
and without geographical barriers. While this brings new opportunities for people to
work remotely, it can also pose challenges regarding the difficulty of assigning tasks
to workers according to their abilities. To this end, cognitive personalization can be
used to assess the cognitive profile of each worker and subsequently match those
workers to the most appropriate type of work that is available on the digital labor
market. In this regard, we believe that the time is ripe for a review of the current
state of research on cognitive personalization for digital labor. The present study was
conducted by following the recommended guidelines for the software engineering
domain through a systematic literature review that led to the analysis of 20 primary
studies published from 2010 to 2020. The results report the application of several
cognition theories derived from the field of psychology, which in turn revealed an
apparent presence of studies indicating accurate levels of cognitive personalization
in digital labor in addition to a potential increase in the worker’s performance, most
frequently investigated in crowdsourcing settings. In view of this, the present essay
seeks to contribute to the identification of several gaps and opportunities for future
research in order to enhance the personalization of online labor, which has the potential
of increasing both worker motivation and the quality of digital work.

Keywords Online microtasks labor · Crowdsourcing · Cognition · Personalization

1 Introduction

A significant advantage of digital labor platforms is the reduce of the regulatory impact
between employer and worker, as pointed out in Graham and co-authors (2017). In
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this model, workers are self-employed and national labor laws are rarely applied. A
potential benefit of this lack of regulation is the flexibility that can result in greater
job autonomy. Thus, digital workers can push the boundaries of local labor markets
and then, increase the conditions (e.g., price per task) for which they are willing to
work. Responding to the adverse pandemic effects of COVID-19 outbreak that have
left a significant part of the workforce unable to work in person (Vyas and Butakhieo
2021), the solution found was to put (almost) all workers working from home. For
that reason, there is growing empirical evidence pointing to the need for flexible and
inclusive teleworking practices. Crowdsourcing can be seen as a practice for engaging
large and anonymous groups (crowds) ofworkers, especially fromonline communities,
to fulfill a shared goal. In Estellés-Arolas and González-Ladrón-de-Guevara (2012),
crowdsourcing is defined as an online activity where a person or organization proposes
the assignment of a task to a group of individuals thatmust receive some compensation.
The tasks performed by crowd workers typically comprise those that allow object
detection and image classification, text translation, and questionnaire-based items
(Kucherbaev et al. 2016). In a global context experiencing differentwork requirements,
the need to crowdsource tasks is associated with human computation, which have the
purpose of organizing the tasks executed by humans to perform computation processes
(Law and Ahn, 2011). Through this lens, crowdsourcing can be seen as the optimal
usage of human computation, which is particularly useful and helpful for companies
(Ipeirotis 2010; Nguyen Hoang, Pedro, and David, 2017) and scientific institutions
(Cooper et al. 2010; Raddick et al. 2019), while even contributing to advance artificial
intelligence research (Chang et al. 2017; Correia et al. 2018; Muller et al. 2015; F. A.
Schmidt 2019).

Actually, the work in crowdsourcing is characterized by having a wide range of
necessary skills to accomplish a task (Webster 2016). In one hand, there are creative
forms of digital labor that may require professional skills such as video editing (Roth
and Kimani 2014), product design (Bayus 2013), or software development (Sarı et al.
2019; Stol and Fitzgerald 2014). On other hand, there are also small units of work
associated with low payments under the umbrella of “microwork” (Zyskowski et al.
2015a). Under such circumstances, microwork has the potential for being the pinnacle
of accessible digital work, for example, giving remote job opportunities to people with
special needs from developing countries (Galpaya et al. 2018; Mtsweni and Burge
2014). However, the high amount of digital labor supply, particularly in the case of
crowdsourcing, also leads to a wide range of skills’ assumptions that raise challenges
to employers and workers.While the former must handle with poor quality of the work
done (Daniel et al. 2018), the latter deals with the frustration of disposal of time due
to the fact that an employer can reject the work performed and in extreme cases do
not even give any credit or compensation to workers (Deng and Joshi 2016).

Personalization in computer systems is defined as the process of adjusting the
functionality or the interface to increase personal relevance from the user’s perspective.
Customization refers to providing the customization options for the user to customize
as they prefer. A significant difference between personalization and customization
is in the adaptation role: While personalization is done implicitly by the system,
customization is done explicitly by the user. Both adaptations methods have seven
common strengths of increasing interactivity, ease of use, usefulness, trust, credibility,
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users’ perception of a system’s relevance and users’ self-efficacy (Orji et al., 2017).
Personalization can be used even on a large number of resources, such as YouTube
large panoply of videos, where recommendations suggested to users are effective and
engaging despite the wide range of videos available (Covington et al., 2016). While
personalization allows to reduce the user’s burden in the personal adaptation of the
system, it is considered that it can raise problems related to privacy. One solution
to tackle the privacy issues and reduce the user burden is to elicit user adaptation’s
preferences and needs through small, interactive tasks (Paulino et al., 2020). This can
be applied for adaptation in microtask interface design, through cognitive micro-tasks.
Thus, a correct assignment of tasks taking into account the particularities of digital
work in terms of skills and cognitive abilities involved can solve both problems and
alleviate the burden resulting from disproportionate assignments.

With the vast development of microwork, several studies have explored task assign-
ment in crowdsourcing settings (Difallah et al. 2013; Fan et al. 2015; Gadiraju et al.
2019; Hu et al. 2016; Kazai et al. 2011, 2012; Lykourentzou et al. 2016; Rahman et al.
2015; Shaw et al. 2011; Zheng et al. 2015). Collaborative tasks such as translating
documents can have better results if the working groups are assigned based on age
(Rahman et al. 2015) and personality traits (Kazai et al. 2011; Lykourentzou et al.
2016). In addition, behavioral traces of the worker can be used for task assignment.
In this regard, data collected from previous tasks (e.g., mouse movements, clicks,
and keystrokes) can be used for measuring workers’ performance and assign them
to suitable tasks (Gadiraju et al. 2019). Behavior traces can also be identified on
recommenders systems based on individual’s interactions to elicit personalized user
preferences (Quadrana et al., 2017; Yang et al., 2018). Additionally, the unintentional
activity of users, based only on the mouse and keypresses data, can provide hints
regarding that user, such as the prediction of age and gender, so the personalization
made for the user can be improved (Pentel, 2017). Further experimentation in Fan et al.,
(2015) aimed to construct an adaptive framework for matching the worker abilities
to the task properties as measured by his/her past performance by using qualifica-
tion tests. Moreover, a related line of research examined the use of social networks
of workers to extract their profile attributes and match them with the task properties
(Difallah et al. 2013). Personalization systems may also affect users’ privacy, such as
a recommendation system based on the data captured from the social relationships
(Guy et al., 2009). Although obtains good accuracy, personalization systems using
social networks data may not comply with current workplace privacy policies (e.g.,
Gorm and Shklovski 2016).

Whereasmost of past studies in line withworker-to-task assignment in crowdsourc-
ing settings have focused in skill expertise and prior records of task execution (e.g.,
task accomplishment ratio), a solution for task assignment that has potential to be bet-
ter comparing to the previous approaches is based on the assessment of the worker’s
cognitive profile. Cognition can be explained as a group of capacities and mental pro-
cesses which are used for the fulfillment of a goal (Miller and Wallis 2009; Ramsey
2017). Furthermore, cognition comprises the mental structures involving perception,
attention, thinking and reasoning, learning, memory, and communication (Montello
2009). The measurement of cognitive ability is known as a good predictor of the work
performance (F. L. Schmidt and Hunter 2004; Schmitt 2014). As will be elaborated
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upon in the following sections, the measurement of cognitive abilities for task assign-
ment purposes can have additional benefits such as higher levels of accuracy (Germine
et al. 2012), shorter measurement times (Danula et al., 2019), and even the ability to be
applicable to different types of tasks (Hettiachchi et al. 2020). For instance, Eickhoff
(2018) argued that task assignment could be used to mitigate cognitive biases and/or
errors that influence thinking and judgment. With this in mind, Hettiachchi et al.,
(2020) proposed an online task assignment framework based on cognitive abilities.
The results indicated that the proposed cognitive-based framework obtained better
results than state-of-the-art task assignment methods relying on workers’ previous
task performance (Zheng et al. 2015). Although there is a growing tendency for study-
ing cognitive assignment in crowdsourcing settings (Eickhoff 2018; Goncalves et al.
2017; Hettiachchi et al. 2019a, 2019b, 2020), the personalization of digital labor based
on cognitive abilities is still an understudied area of research.

Regarding other similar systematic reviews on this field, one article described the
state of the art onwebpersonalizationbetween2005and2015 (Salonen andKarjaluoto,
2016). Although this article offered very interesting insights on web personalization,
it had the downside of focus primarily on the marketing field and does not focus on
the cognitive dimension. Nevertheless, it is discussed some user-centric issues, imple-
mentation details and theoretical foundations for the web personalization. From the
perspective of personalization in the field of crowdsourcing, it can be used to help
people with autism, through the correct annotation of PoIs (Points of Interest), which
in addition to meeting the preferences of individuals, also takes into account their
idiosyncratic aversions (Cena et al., 2018; Mauro et al., 2020). Personalization takes
place through a recommendation model that integrates different measurement crite-
ria into the balanced recommendation of PoIs for the users taking into account their
interests and compatibility. Either analyzing solutions which may help crowd work-
ers with cognitive disorders performing microtasks or even improving the microtask
assignment on neurotypical crowd workers, there is a necessity of examine the state-
of-the-art on this theme. The state-of-the-art can present personalization solutions that
translate into an improvement in the quality of the work performed and additionally in
an improvement in the satisfaction of the crowd workers. The purpose of this study is
to identify opportunities, gaps, and future research paths by conducting a systematic
literature review on examining the types of cognitive personalization proposed in the
context of online microtasks labor.

2 Methodology

The main goal of this systematic literature review (SLR) is to conduct a methodical
evaluation and interpretation of the research done on cognitive personalization for
online labor microtasks. At this end, we believe that the present study may offer a
scientific lens for looking at ways in which we can better support the tailoring of
technological solutions to the needs of each individual based on the cognitive profile
of the digital worker.
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2.1 Research questions

Our work follows the guidelines proposed by Kitchenham (2004) for conducting and
reporting literature reviews in the software engineering domain. In general terms, this
method allows to evaluate, aggregate, and synthesize evidence from the available lit-
erature taking into account its relevance to understanding a phenomenon, topic area,
or research problem using a systematic and rigorous approach. Before formulating the
research questions (RQs) for a systematic literature review,Kitchenham (2004) recom-
mends first defining a set of structural elements embedded into the PICO (Population,
Intervention, Comparison, and Outcomes) strategy. The approach taken to planning
the present SLR is detailed below, along with specificities of the PICO format:

• Population—workers on digital work platforms;
• Intervention—cognitive personalization in the online microtasks labor platforms;
• Comparison—other task assignment frameworks for online microtasks or absence
of personalization;

• Outcomes—usability, accuracy, and efficiency regarding the online tasks performed.

With the move toward seeking solutions for enhancing worker-to-task matching
models, this SLR covers an 11 year period (2010–2020) of research on cognitive
personalization for online labor platforms. This range was selected based on the fast
pace of web technology development such as the specification of HTML 5 (Anthes
2012),whichmay cause the older solutions to be less effective and sometimes outdated.
Online microtasks labor was defined as a criterion for identifying studies conducted in
online platforms that dispatch crowdsourcing and related digital work arrangements
(e.g., microwork). We choose to focus on this object of study in order to exclude
other types of crowdsourcing occurring offline like transportation or food delivery,
where it would be more difficult to evaluate the presence of personalization strategies
with accuracy. Although there is a wide diversity of online labor scenarios such as
crowd sensing (Muller et al. 2015), where data collection is achieved using smartphone
sensors, we will focus on online labor conducted in virtual workspaces. To this end,
the research studies considered for scrutiny comprise an evaluation of the cognitive
personalization in terms of usability and effect on the work performance. Based on
the PICO strategy, the RQs that guide this article to accomplish the goal of this SLR
are presented in Table 1.

2.2 Search process

The search process is focused on primary studies from search engines (i.e., Google
Scholar, Scopus) and digital libraries (i.e., ACM Digital Library, IEEE Xplore,
PubMed). Most of these electronic sources have been suggested as relevant in the
field of software engineering (Brereton et al. 2007). In the pursuit of records in the
health domain, PubMed was used with the purpose of gathering insights on cognition
studies. The search string was then constructed taking into consideration the defined
PICO structure and the following steps:

1. Analyze the RQs to identify search terms;
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Table 1 Formulation of the research questions

ID Research question (RQ) Motivation

RQ1 How cognitive personalization on online
labor microtasks platforms affects the
task performance of workers?

Examine the effects caused on the task
performance

RQ2 What are the personalization methods used
in each primary study?

Explore the methods applied to create the
personalization. Identify the programming
libraries or frameworks applied for
personalization, which can also include
artificial intelligence techniques for
mapping the cognitive abilities of workers

RQ3 What types of evaluation were used to
assess the validity of these methods?

Provide information of the techniques used
to evaluate the cognitive personalization
methods

RQ3.1 What evaluation techniques were adopted? Verify if the results obtained from the
methods used indicate that personalization
has better, similar, or worse results in
comparison with other frameworks, task
assignment or personalization methods

RQ3.2 Did real users evaluate these methods? Explore if either a real user (i.e., online
worker) or expert evaluated these methods

2. Identify search terms in relevant papers;
3. Identification of synonyms and alternative spellings for the search terms;
4. Construction of search strings using Boolean Operators (i.e., AND and OR).

At a higher level, the search string presented in Table 2 was adapted to each elec-
tronic source and formulated in accordance with its main scope. After collecting the
primary studies eligible for this SLR, we also used snowballing techniques to obtain
more potentially relevant studies (Wohlin 2014). To this end, we screened the reference

Table 2 Search string used in the primary search phase

Scope String

Work done in online microtasks labor platforms (“crowd work” OR “crowdwork” OR “microwork”
OR “online labor” OR “online labor” OR “online
outsourcing” OR “micro sourcing” OR
“microsourcing” OR “elancing” OR “e-lancing”
OR “gig work” OR “gig-work” OR “on-demand
work” OR “digital labor” OR “digital labor” OR
“platform labor” OR “platform labor” OR “digital
work” OR “task assignment”) AND

Cognition method (“cognitive styles” OR “cognitive abilities” OR
“cognitive functions” OR “cognitive levels”) AND

Personalization or customization (“personalization” OR “adaptive” OR
“customization” OR “adaptable”)
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lists of studies identified through database searches in order to increase the number of
studies available in the literature that investigate the phenomenon under study.

2.3 Inclusion criteria

The inclusion criteria (IC) comprehend the RQs defined previously and involve stud-
ies published in or after 2010 and before 2021. This date range has the purpose of
characterizing the current state-of-the-art approaches for cognitive personalization in
digital labor settings. The inclusion criteria followed in this study are presented as
follows:

1. Papers that include cognitive personalization applied on online microtasks labor
platforms;

2. Papers about personalization, customization or work assignment;
3. Studies published between 2010 and 2020.

2.4 Exclusion criteria

The exclusion criteria (EC) aim to screen the studies collected and then, remove the
duplicates alongwith studies not published in English and that were not peer-reviewed.
In order to achieve this, the following exclusion criteria were defined:

1. Duplicate reports of the same study (when several reports appeared, it was only
accepted the most completed version);

2. Not written in English;
3. Full paper not available;

4. Editorials, keynotes, abstracts, tutorials, dissertations or theses;

5. Not related to the topics addressed in the research questions;

6. Not peer-reviewed;

7. Studies without an empirical validation or experimental results; and
8. Studies published before January 1, 2010 and after December 31, 2020.

2.5 Search strategy

Regarding the search strategy used to identify primary studies, the articles were
included only if the following assumptions were met:

1. Proposal of a system that allows the cognitive personalization in association with
online microtasks labor; and

2. Explanation of the evaluation method and interaction mechanism for the first
assumption.
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2.6 Data collection

The data collection form used in this study for extracting insights from each included
paper consists in the following elements:

• Source of publication (conference, journal);
• Year;
• Authors;
• Research question/purpose of the study;
• Technologies used (i.e., tools used to construct the solution);
• Evaluation methods (e.g., usability testing);
• Target population (e.g., cognitive impaired people);
• Main findings;
• Summary of the paper; and
• Additional notes (complementary observations on the study);

2.7 Conducting the review

As depicted in Fig. 1, the proposed flow diagram of the search process also comprised
a snowballing strategy that was used to obtain additional relevant studies from the
final list of articles. There were a total of twelve articles identified after applying the
inclusion and exclusion criteria.

Fig. 1 Flowchart of the paper selection process
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Therefore, eight more articles were selected after screening the citations (forward
snowballing) and the reference lists (reverse snowballing) of each selected study,which
in thefirst iterationwere twelve. In addition, theflowchart of the paper selectionprocess
also presents a view of the records excluded taking into account the exclusion criteria
defined in Sect. 2.4. Synthetizing andAnalyzing. As a next step of this SLR, the results
were analyzed and synthetized in order to answer the RQs formulated in Sect. 2.1. For
performing correlations and thus find common aspects among the included studies,
we explored several trends and common patterns in online microtasks labor based
on the papers found, authors’ expertise in the field, and validity of these aspects as
presented in related work. From this process, we were able to compile the following
list of key themes: nature of collaboration, evaluation of cognitive features, platforms,
adaptation, and user testing.

2.7.1 Nature of collaboration

Looking at the found aspects in general, most studies addressed cognitive abilities
considering the existence of collaboration between workers. Digital collaboration is
defined as an experience that integrates people, processes and technology (Morabito
2014). Collaboration in digital work platforms can be analyzed from the perspective of
collective intelligence systems with fundamentally two purposes in mind: i) to create
something new, or ii) to decide on existing information (Malone et al. 2009). Addi-
tionally, online workers can collaborate independently or interdependently. Starting
from the crowdsourcing systems scenario, Doan et al., (2011) have a similar view to
that of Malone and co-authors (Malone et al. 2009) in the sense that collaboration can
be grouped in two characteristics:

• Explicit—Online workers have the perception that they are collaborating with other
people when carrying out tasks and their individual outcomes can be influenced by
other responses (Huang and Sundar 2020; Koutrika et al. 2009).

• Implicit—The result of the task is the joint effort of multiple workers without hav-
ing a clear perception of collaboration with other users. An example of implicit
collaboration is the creation of a crowdsourcing campaign for annotating images
that aggregates the results made individually by crowd workers (Müller et al. 2019).

Consequently, the studies found were grouped according to the explicit and implicit
nature of collaboration proposed in Doan et al., (2011).

2.7.2 Cognitive features

At first sight, the International Classification of Functioning, Disability and Health
(ICF) is a framework commonly used for the classification of health and disability
(World Health Organization 2001). The SLR conducted by Gillespie et al., (2011)
identified several concepts of ICF applied to cognitive functions, including attention,
memory, perceptual, thought, higher level cognitive, calculation, mental or complex
movement, experience of self, and time functions. Cognitive functions, also designated
as cognitive abilities, are described as the mental capabilities used for learning and
solving problems (Stanek and Ones 2018). Several cognitive dimensions have been
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used for examining the impact that they can have on an individual’s thinking. Cognitive
style is an individual’s characteristic that influence the perception and management
of information in a systematic way (Littlemore 2001). There exist a main distinction
between cognitive abilities and cognitive styles, especially when considering task
performance (Riding 1997). In cognitive abilities, the task performance increases
in a linear relation to the individual’s abilities, while in cognitive styles, the task
performance increases or decreases taking into account the presentation or type of task
given to the individual (Riding 1997). Cognitive bias is defined as the cognition of
individualswhich regularly produces representations that are systematically inaccurate
when compared to reality (Haselton et al. 2015). The cognitive engagement refers to
the individual persistence and time spent when accomplishing a task (Rotgans and
Schmidt 2011). As a result of this process, the selected studies were grouped based
on the methods used for evaluating the previous cognitive features.

2.7.3 Adaptation

Adaptation of technology refers to matching the system attributes to the user abilities
(Ahmi andMohamad 2016), which can be done through personalization or customiza-
tion. A definition for online personalization relies in delivering “the right content to the
right person in the right format at the right time” (Ho and Tam 2005). Customization
is categorized as providing the choices to the user for tailoring the content according
to his/her preferences, giving a greater importance to the user control (Sundar 2008).
The main difference between personalization and customization is that the adaptation
of the former is system-driven, while the latter is user-driven. Both approaches can
result on adaptation of task design and assignment. Task design refers primarily to
how the interface and content are presented to the user. Furthermore, task design in
digital work settings can affect the quality of results (Finnerty et al. 2013). On the
other hand, task assignment consists in the optimized allocation of tasks to the online
worker’s abilities. The proper assignment of tasks in online labor platforms can upkeep
the workers motivated and also save time and money for task requesters (Bhatti et al.
2020).

Furthermore, interactive adaptive systems have formative methods from which can
be analyzed the digital work settings (Paramythis et al. 2010). The collection of input
data considers different metrics such as accuracy, latency, or the sampling rate. Col-
lected datamust be interpreted under the light of the validity of interpretations (refers to
whether the inferences/interpretations reflect the actual state of the entity being mod-
eled), predictability (refers to whether users are capable of predicting the system’s
modeling behavior, given the system’s interpretation of their actions) and scrutiny
(refers to the users’ capacity to inspect and modify the user model itself). Then,
interactive adaptive systems must be examined on the determination upon adapta-
tion decisions (necessity of adaptation, appropriateness of adaptation, predictability)
and the application of these adaptation decisions (usability criteria, timeliness, and
acceptance by user).
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2.7.4 Platforms

The type of platform presented in the sample chosen for analysis is directly related to
the nature of collaboration. Explicit collaboration emphasizes the support for commu-
nication between workers (e.g., videocall or messaging platforms). For aiding implicit
collaboration, the platforms only need to provide the interface for performing the
digital labor tasks (e.g., crowdsourcing platforms), where the worker is unaware of
collaborating with other people.

2.7.5 User testing

On digital labor platforms, usability has a fundamental role and constitutes an inherent
design aspect which can affect substantially the work performance (Zyskowski et al.
2015a). Usability evaluation has been incorporated in the development of websites,
and user testing is considered one of the most popular techniques (Maguire and Isher-
wood 2018). In this respect, user testing consists primarily on the experience of users
and is frequently conducted in a scenario-based setting (Tan et al. 2009) which can be
then categorized as laboratory or remote testing. That is, user testing can be conducted
in a laboratory, usually in a designated test room where users perform specific tasks
in individual test sessions (Bastien 2010). On the other hand, a remote user testing
implies a condition where the evaluators are disconnected in time and/or space from
users (Andreasen et al. 2007). Additionally, to usability, there are other variables that
can be applied in the context of user testing such as the appropriateness of adaptation,
the user behavior, or user performance (Van Velsen et al. 2008). Appropriateness of
adaptation refers to a correct adaptation having in consideration the requirements of
the current interaction (Paramythis et al. 2001). The identification of user behavior
can increase the comprehension of why an action was performed and supports a better
personalization of the system. User performance reports with comparison of person-
alized and non-personalized systems. The methods used in user testing can be used
to provide triangulated data, and they could also collect subjective feedback when
evaluating users. The methods frequently used are questionnaires, data log analysis
and think-aloud protocols.

3 Results

In the following subsections, we present the results of our systematic review (see Table
3 for an integrated view on the results grouped by the aspects of online digital work
defined in the previous section). On a general level, the results allow to characterize the
research conducted on cognitive personalization through a critical lens that comprises
five different dimensions.
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3.1 Nature of collaboration

Starting from the typologies presented in the literature (e.g., Doan et al., 2011;Malone
et al. 2009), the nature of collaboration refers to the collaboration that occurs in digital
work settings explicitly (when workers have a clear perception of collaborating with
others) or implicitly (the result of the digital work performed is the aggregation of all
individual contributions). Among the 20 studies selected for this review, 15 articles
involved implicit collaboration, while only 5 articles addressed explicit collaboration.
A total of 86.67% of the studies involving implicit collaboration were based on crowd-
sourcing with an emphasis on microtasks. On the other hand, only 20 percent of the
studies addressing explicit collaboration were related to crowd work. These numbers
are alignedwith previous findings from the literature (e.g., Ghezzi et al., (2018)) where
there has been pointed a steadily increase in crowdsourcing research since the incep-
tion of the term in 2006 (Wazny 2017), and since then it has created a new form of
digital work. Furthermore, the high number of studies focused on microtask crowd-
sourcing by means of implicit collaboration is explained by the fact that microtasks
are frequently designed to be executed by workers in a short amount of time, which
does not foster the establishment of explicit collaboration, as noted in Zyskowski et al.
(2015a).

3.2 Cognitivefeatures

In this section, we describe the methods used for the evaluation of cognitive features
found in the selected studies with a focus on the optimization of online labor to the
cognitive aptitudes of workers.

3.2.1 Cognitive abilities

Cognitive abilities can be described as the mental capabilities used for learning and
solving problems (Stanek andOnes 2018). Next, we present themethods for evaluating
cognitive abilities as found in this systematic literature review.

Kit of factor-referenced cognitive tests The Kit of Factor-Referenced Cognitive
Tests (Ekstromet al. 1976) is amanual of pencil-and-paper tests for the identification of
23 aptitude factors through 72 cognitive tests. This kit of cognitive tests was published
as a landmark instrument in 1976 and has been subject of validation and reliability over
the years (Herreen and Zajac 2018; Schaie et al. 1991). Furthermore, these cognitive
tests have been applied in several domains such as mental disease research (Crucian
et al. 2010; M. Müller et al. 2013), decision-making support (Fallon et al. 2014;
Finucane and Gullion 2010), or even technology adoption (Mitzner et al. 2019; L.
I. Schmidt and Wahl 2018; S. Zhang et al. 2017). For instance, Goncalves and co-
authors (Goncalves et al. 2017) used the Kit of Factor-Referenced Cognitive Tests in a
laboratory setting for measuring fluency and visual-oriented cognitive abilities across
different types of tasks (e.g., item classification, and text distortion). Accordingly, the
authors of the study noted that although the analysis of the capacities can achieve good
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Fig. 2 Examples of cognitive tests proposed in Hettiachchi et al., (2020)

results, the tests are very time consuming to be used in a crowdsourcing environment.
Furthermore, another similar study examined a set of visual cognitive abilities in an
online setting based on 6 cognitive tests (Feldman and Bernstein 2014).

In summary, the results indicated that the estimated time required by the participants
to perform the tasks would be 80 min. A further study carried out by Ravana et al.,
(2018) analyzed the logical reasoning of crowd workers through an online task. In this
experiment, crowd workers had to infer the logical reasoning of a series of sentences.
This led to describe the positive relationship between logical reasoning and the quality
of crowd work. However, the average time required for performing the tests was not
reported.

Microtasks Consistent with previous experiments, two related studies (Danula Het-
tiachchi et al. 2019a, b; Hettiachchi et al. 2020) used several microtasks for assessing
the capabilities of crowd workers in online digital work settings. The main purpose of
these studies was to improve task assignment in crowdsourcing based on the cognitive
abilities of workers. At a glance, these studies assessed three different cognitive abil-
ities (i.e., inhibition control, cognitive flexibility, and working memory) by using five
cognitive tests (Stroop (MacLeod 1991), Flanker (Eriksen and Eriksen 1974), Task
Switching (Monsell 2003), N-Back (Owen et al. 2005), and Self-ordered Pointing
(Petrides et al. 1993). Figure 2 depicts an example of the cognitive tests performed.
Before each test, it was included a set of instructions and an example to ensure that the
workers understood the experiment. Besides the Self-ordered Pointing Test, each test
had an expiration time of 3.5 s. This was applied to confirm that crowd workers did
not pause their activity during a test. Results indicate a significant increase in terms
of performance when applying these short online tests to support task assignment in
crowdsourcing settings.

Operation Span (OSPAN) Task has been widely used for assessing the working
memory capacity. With this framing, the tasks comprise solving arithmetic challenges
while memorizing unrelated words (Turner and Engle 1989). In this regard, Graf et al.,
(2006) created an online version of the OSPAN Task (Web-OSPAN) which register
several metrics such as response latency, efficiency on calculations, and number of cor-
rect words. OSPAN Task consists in 60 simple arithmetic problems to solve, each one
including a word to memorize. A research study on how to enhance collaboration in
online settings used theWeb-OSPAN tomeasure the workingmemory capacity of col-
laborators (Sakurai et al. 2010). The findings suggested that the information presented
could be dynamically adjusted by taking into account the working memory capacity.
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In a similar vein, intelligence tests are frequently used to predict an individual perfor-
mance in a job context (Murtza et al. 2020; Nguyen et al. 2019). Furthermore, these
tests can be performed to evaluate intelligence aspects in a crowdsourcing platform.
Kosinski et al., (2012) proposed a different approach for measuring the intelligence of
crowd workers through a holistic perspective instead of individual assessments. The
method used consisted in splitting an IQ questionnaire based on the Raven’s Standard
Progressive Matrices (Raven 2000), converting each question into a crowdsourcing
task. Therefore, the intelligence of the crowd was used to analyze several elements
such as the effect of worker reputation, payment, and aggregation of results. At this
level, an important issue that arises is the fact that crowdsourcing performance can
have different outcomes based on how tasks are designed. In (Alagarai Sampath et al.
2014), a cognitive-inspired task design was proposed to increase the performance of
crowd workers. Several experiments were then conducted to examine different cog-
nitive parameters on crowd workers performing a form-digitization task. Through a
set of experiments on text-extraction tasks, the authors demonstrated that highlighting
the text fields is essential for the tasks associated with visual attention. On the other
hand, moving the answer text box near to the target fields can effectively increase the
crowdsourcing performance when executing tasks involving working memory.

Analysis of transcripts In practice, we can identify collaboration processes by exam-
ining the spoken language of online workers. Stewart et al., (2019) proposed a model
for the automatic identification of collaborative problem-solving (CPS) skills. The
study consisted in a manual analysis of transcripts to detect collaboration skills using
video conferencing and an online collaborative task. Themaximum time to accomplish
the task was 20 min. As a result, an automated support mechanism for this process
was then proposed with suggestive evidence for constructing intelligent collaborative
interfaces and supporting the guidance of collaboration task activities.

Historical records of crowdworker’s performance The performance of crowd work-
ers taking into consideration their previous tasks can be used as a means to assess their
cognitive abilities. Hassan andCurry (2013) examined task assignment in crowdsourc-
ing settings based on the historical crowd worker’s performance. The study involved
several steps which started from modeling tasks based on human abilities through
a validated taxonomy (Edwin A Fleishman 1975; Edwin A. Fleishman et al. 1999).
Afterward, the authors proceeded to capture the ability traces of crowd workers in
order to better predict their performance. Some of the human abilities identified are
considered as cognitive abilities (e.g., comprehension and reasoning). The results
obtained show that a capability prediction strategy based on such traces are similar to
the baseline metrics used based on task accuracy.

Questionnaires Questionnaires are often used to evaluate the cognitive abilities of
digital workers. The Geospatial Reasoning Ability (GRA) supports individuals on
evaluating geospatial information (e.g., interactive web maps) to make accurate deci-
sions (Jarupathirun and Zahedi 2007). With this in mind, a questionnaire was then
created and validated for the measurement of GRA (M. A. Erskine et al. 2015). This
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GRA questionnaire was used by M. Erskine et al., (2019) to study user and task char-
acteristics on spatial decision support systems. The results indicate that GRA has a
significant effect on decision-making performance. Similarly, the Scientific Literacy
Measurement (SliM) is a questionnaire proposed for evaluating civic scientific literacy
based on scientific keywords and similar data extracted from educational textbooks
and newspapers (Rundgren et al. 2012). In (Davier et al. 2017), and the SliM question-
naire was used as a measurement of cognitive abilities for the evaluation of CPS skills
through a web collaborative science evaluation prototype. As we look into the possi-
bilities of measuring the cognitive abilities of digital workers, the Cognitive Reflection
Test (CRT) also appears as a valid instrument that uses a three-item task for assessing
the reasoning of the individual when seeking for an unintuitive correct answer (Fred-
erick 2005). Specifically, CRT is considered a quick and easy test to conduct with a
moderated positive association with cognitive abilities (Oechssler et al. 2009; Toplak
et al. 2011). A study on the effects of information representation on decision-making
used the CRT for the measurement of cognitive abilities (Engin and Vetschera 2017).
In its general form, short demographic items can also be used to assess cognitive
abilities. Two related studies on crowd work (E Mourelatos et al., 2020; Evangelos
Mourelatos and Tzagarakis 2016) measured cognitive abilities through the informa-
tion of participants in terms of education level and computer skills, which obtained a
positive relation with the performance of workers. Furthermore, the education level
is positively correlated with the personality trait of extraversion (E Mourelatos et al.,
2020).

3.2.2 Cognitive styles

As mentioned before, a cognitive style is an individual characteristic that influences
systematically the perception and management of information (Littlemore 2001). The
Cognitive Style Index (CSI) questionnaire measures the individual differences when
managing information, specifically in work settings (Allinson and Hayes 1996). Fur-
thermore, the questionnaire identifies characteristics that belong between the abilities
and personality domains. Further experimentation in (Engin and Vetschera 2017)
examined the effect of different graphical settings in solving ranking problems.
Accordingly, the impact of cognitive styles on the decision-making process was eval-
uated using the CSI questionnaire. The authors pointed out to the importance of
information representation to match not only the task attributes but also the cogni-
tive style of the user. A somewhat similar body of work has claimed for the use of
online self-assessment questionnaires to identify cognitive styles. In view of this, Chu-
jfi and Meinel (2020) created a questionnaire to identify the cognitive preferences of
teleworkers. The questionnaire was constructed using the Sternberg’s thinking style
methodology (Sternberg 1997) which classifies the functions, forms, levels, scopes,
and leanings of governance in individual cognitive preferences.Moreover, the research
explored how organizations that provide support for digital work can adjust the cogni-
tive abilities of workers to optimize the task assignment from a collective intelligence
perspective. The study concluded that the patterns of self-organization are linked
positively with matching each stage of knowledge management to the individual’s
cognitive style (Chujfi and Meinel 2020).
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3.2.3 Cognitive bias

In a broad sense, cognitive bias is understood as the cognition of individuals which
regularly produces representations that are systematically inaccurate when compared
to reality (Haselton et al. 2015). Concerning the self-assessment confidence of the
worker, the Dunning–Kruger effect describes a cognitive bias whereby individuals
with less abilities have an optimistic outlook that does not correspond to the reality
about their own abilities (Kruger and Dunning 1999). Furthermore, this cognitive bias
causes individuals to make mistakes without being aware of it. Additionally, high-
ability individuals can also suffer from a cognitive bias when they undervalue their
abilities. Prior studies have examined the Dunning–Kruger effect on crowdsourcing
participants to self-assess their confidence levels regarding task performance. From
this point, Saab et al., (2019) constructed a model for evaluating the Dunning–Kruger
effect on the crowd taking into perspective different aggregation methods. The results
were basedonan existingdataset of volunteer crowdsourcingonquiz answering (Aydin
et al. 2017). This study’s findings reported that the plurality voting aggregationmethod
obtained better results when compared to confidence assessment approaches. Finally,
the researchers proposed a competence-weighted approach based on the confidence of
crowd workers that outperforms most of the baseline aggregation methods. In connec-
tion with this aspect, Gadiraju et al., (2017) investigated the Dunning–Kruger effect
on crowd workers by conducting two experiments which evaluated if the crowd had
accurate self-assessment answers and if showing the results of other workers influ-
ence their performance. In addition, twomore experiments evaluated if self-assessment
could be a good predictor of worker competence. The main findings were that the self-
assessment of cognitive bias affected primarily less competent workers in easier tasks.
However, according to the Dunning–Kruger effect (Kruger and Dunning 1999), com-
petent workers were also affected when the difficulty was higher than their abilities.
In summary, self-assessment was considered an integral component of worker com-
petence and including self-assessment as a pre-screening strategy can significantly
improve the overall results.

Whenwe look at task design inmicrowork scenarios, a body of work has studied the
value of changes in the layout ofmicrotasks through the lens of cognitive bias (Eickhoff
2018). In this line of research, the purpose is to study the prevalence of cognitive bias
in crowd workers, specifically in the case of document relevance assessment tasks.
Some of the studied cognitive biases are:

• Ambiguity Effect—The lack of information makes the decision-making process
seem more difficult (Ellsberg 1961);

• Anchoring occurswhen individuals focus excessively on a specific piece of informa-
tion (often the first one they observe) disregarding additional contradictory evidence
(Tversky and Kahneman 1974);

• Bandwagon Effect—The presentation of an existing group of results can influence
one individual to follow the group behavior (Bikhchandani et al., 1992). Figure 3
presents the interface proposed by Eickhoff (2018) to evaluate the Bandwagon
effect; and
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Fig. 3 Bandwagon effect task design which shows results of other crowd workers. Adapted from Eickhoff
(2018)

• Decoy Effect—Overall, this effect is related to the preferences of each individual
and happens when between choosing options A and B individuals will choose B
when a third option C is presented and is obviously inferior to option B (Huber
et al., 1982).

Going deeper into the issues regarding the Bandwagon effect, Eickhoff (2018)
created several tasks with smooth changes in the layout in order to examine the effects
of cognitive bias. The study compared each cognitive bias with a baseline (simple
design with no cognitive bias effect) and the results were then compared with those
fromexpert annotators. From these experiments, itwas possible to observe a significant
decrease in the quality of work when the task is designed without taking into account
the cognitive bias of a crowd worker.

3.2.4 Cognitiveengagement

When considered from a motivational viewpoint, cognitive engagement can indicate
the state of an individualwhen he or she ismotivated to performa task. In a crowdsourc-
ing study, Ponciano and Brasileiro (2015) examined cognitive engagement patterns
based on two datasets from validated citizen science projects (i.e., Lintott et al. 2011;
Simpson et al. 2012). The authors defined engagement as a metric for measuring
the duration and number of times that a volunteer contributed to a citizen science
project. Consequently, volunteers classified as persistent (low levels of engagement
but working for a longer time) had the higher percentage of contribution. Moreover,
Kosinski and co-authors (Kosinski et al. 2012) observed that the rewards given during
a crowdsourcing campaign may have a significant impact on the engagement behavior
of crowd workers. Among the aspects identified, a highlight of this study was the fact
that a crowd worker can feel a psychological pressure with adverse repercussions on
his/her cognitive skills if the reward received is too high.
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3.3 Adaptation

Viewed through a lens of cognitive aspects, subsequent adaptation can bemade outside
or inside the scope of an online task in a digital work environment. The former is based
on task assignment toward matching tasks to the most appropriate workers, while the
latter is related to task design as presented to the worker.

3.3.1 Task assignment

Pre-screening in crowdsourcing is a popular strategy to filter out unsuitable crowd
workers participating in online tasks (Oleson et al. 2011). At a higher level, the
pre-screening methods consist in the performance of crowd workers when executing
prototypical microtasks. If the pre-screening results are satisfactory, then, a worker
can perform the actual task. Gadiraju et al., (2017) studied the cognitive bias regarding
the self-assessment of crowd workers in order to complement the pre-screening meth-
ods. Self-assessment was considered an integral component of the crowd worker’s
competence. Among other findings, the study found that a pre-screening strategy
complemented with self-assessment could significantly improve the performance of
workers. In light of these findings, it is suggested that the cognitive characteristics
of each worker can be used for enhancing pre-screening methods. A study based on
crowdsourcing relevance judgment indicated that logical reasoning is related with the
quality of the crowd worker’s inputs (Ravana et al. 2018). Additionally, other factors
such as English proficiency and education level can also have a positive relation with
the performance of crowd workers (E Mourelatos et al., 2020; Evangelos Mourelatos
and Tzagarakis 2016).

Going beyond pre-screening, task assignment can also involve the posterior match-
ing of each worker’s abilities to the task characteristics. Using the identification of
workers’ cognitive abilities as a basis for task assignment in crowdsourcing, two pre-
liminary studies (Feldman and Bernstein 2014; Goncalves et al. 2017) revealed that
the application of the Kit of Factor-Referenced Cognitive Tests had a strong correla-
tion with the performance of crowd workers. Following these preliminary insights, a
study (Hettiachchi et al. 2020) was conducted in a real crowdsourcing setting where
workers had to perform cognitive evaluation tests in the form of microtasks. In a sub-
sequent paper (Difallah et al. 2013), crowd workers performed microtasks selected
to be representative of the typical tasks available in crowd work and the results were
compared with several state-of-the-art task assignment methods (e.g., (Zheng et al.
2015)). The main findings indicated that short-length cognitive tasks help to achieve
better results regarding the crowd worker assignment when comparing to other task
assignment methods. Furthermore, improving the assignment of tasks to workers is
validated in the literature as promoting a higher worker satisfaction (Edwards 1991).

In the studies of task assignment, we examined several interactive adaptive features.
In the case of the input data collected, it was analyzed the latency in the adaptation
process. For example, in the study by Goncalves et al., (2017), it was estimated that
pencil-and-paper tests to measure cognitive abilities would take at least 60 min, so
even the authors themselves considered that it was not feasible to perform online
adaptation with this delay. However, this study served as the basis for further studies,
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adapting pencil-and-paper tests to short microtasks online, where in less than 10 min,
the executive functions of crowd workers could be assessed and then, the subsequent
task assignment adapted to the crowd workers (Hettiachchi et al. 2020). In another
direction, (Ravana et al. 2018) performananalysis on theworkmadeby crowdworkers,
by excluding tasks performed below than two minutes, which should indicate that
the crowd worker did not had enough time to perform the microtask appropriately.
Although this screening can be easy to implement, it could however exclude efficient
crowd workers and not properly assess the adaptation perform in the task assignment.

Regarding the validity of interpretations on the collected data, Goncalves et al.,
(2017) and Hettiachchi et al., (2020) based their studies on standard cognitive tests
that have been thoroughly tested their validity and reliability in the scientific literature,
such as the Kit of Factor-Referenced Cognitive Tests (Ekstrom et al. 1976; Herreen
and Zajac 2018). This provides a solid basis to then provide accurate task assignment.
Moreover, Hettiachchi et al., (2020) validated the task assignments by comparing the
accuracy of the work performed with a baseline (neither task assignment nor task rec-
ommendation was performed). Their conduction of several studies indicated the usage
of self-assessment measures by crowd workers was a good predictor of the worker
competence and thus being applied to better task assignment. The validity of the
self-assessment measures was performing by correlating the microtasks effectiveness
and efficiency. Another feature of interactive adaptive systems is predictability, which
is based on user predicting the system’s modeling behavior; Gadiraju et al., (2017)
discuss about the predictability of crowd workers on what would be their microtask
performance, stating that self-assessment cognitive bias affected primarily less com-
petent workers in easier tasks, but also competent workers when the difficulty was
higher than their abilities. The interactive adaptive systems must be examined on the
determination upon adaptation decisions the application of these adaptation decisions,
Hettiachchi et al., (2020) provided in one case study an option to the crowd workers
to choose the preferred microtasks and even discard entirely the suggestions provided
by the system.

3.3.2 Task design

Some work has drawn attention to task design in crowdsourcing for facilitating a bet-
ter user experience (Alagarai Sampath et al. 2014; Eickhoff 2018; M. Erskine et al.
2019; Sakurai et al. 2010). Basing their approach on the use of a collaborative vir-
tual world, Sakurai et al., (2010) introduced a method for content personalization that
takes into account the user context and the cognitive profile of each individual as
assessed through the Web-OSPAN test (Graf et al. 2006). The results indicated that
the enriched collaborative environment could reduce the misunderstandings between
users in remote collaboration. However, in this study, the cognitive profile of users was
assessed separately in a laboratory setting. Therefore, M. Erskine et al., (2019) con-
ducted a study focused on spatial decision support with the main goal of determining
if the user and task characteristics can be enhanced for obtaining a better performance
in decision-making. Among the characteristics examined, the authors explored the
Geospatial Reasoning Ability (M. A. Erskine et al. 2015) and the effects of problem
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complexity and perceived task-technology fit on decision performance. It was high-
lighted that a suitable visualization and reduced problem complexity can enhance the
performance ofworkers in geospatial tasks. Similarly, Engin andVetschera (2017) per-
formed an experiment to evaluate the effect of information representation concerning
the relation of cognitive styles and decision-making performance. The results under-
lined the negative effects that a mismatch between information representation, task
aspects and cognitive styles will cause in solving problems. Another set of significant
contributions regards the prevalence of cognitive bias in crowd workers, specifically
in the case of document relevance assessment tasks (Eickhoff 2018). As aforemen-
tioned, Alagarai Sampath et al., (2014) studied the improvement of crowdsourcing
task design from a cognitive standpoint with an emphasis on text-transcription tasks.
During this investigation, a set of experiments were undertaken to analyze cognitive
parameters from crowd workers in terms of working memory requisites and visual
saliency of the intended fields. Others have examined the characteristics that can lead
to a successful task design for online workers. Specifically, Stewart et al., (2019) ana-
lyzed a set of transcripts from video meetings to model the processes of collaborative
problem-solving taking into account the skills required.

Interactive adaptive features could also be analyzed in the selected task design stud-
ies. Collected data were interpreted under the light of the validity of interpretations,
using several techniques. In Alagarai Sampath et al., (2014), it was used eye-tracking
data to compare the cognitive load on different inputs fields presented in the micro-
tasks. This helped the validation of some input fields to optimize the microtasks. In
Eickhoff (2018), the validity of the inferences made on crowd workers was based on
several psychology cognitive bias features (Ambiguity, Anchoring, Bandwagon and
the Decoy effects). Predictability was also examined in one study of task design. The
key aspect in the proposed method of Sakurai et al., (2010), is when it is considered
a misunderstanding in the user situation, so it would adapt an avatar in the proposed
cyberspace world. As this system had in their adaptability mechanism the usage of
web camera feed, the user could predict and adjust the adaptations performed by the
system.

3.4 Platforms

Looking at the platforms described in the articles selected for this SLR, our findings
demonstrate that they differ depending on the nature of collaboration. We observe that
most of the platforms involving implicit collaboration were related to crowdsourcing,
while the platforms supporting explicit collaboration were mostly used as a commu-
nication channel between workers, as it can be perceived from Fig. 4. In two of the
included studies (Chujfi and Meinel 2020; Engin and Vetschera 2017), no specific
platform was used.

123



Cognitive personalization for online microtask labor platforms:…

Fig. 4 Pie chart of the platforms used in the selected articles

3.4.1 Platforms used in implicit collaboration

From a technological point of view, AmazonMechanical Turk (usually abbreviated as
Mturk)1 is a crowdsourcing marketplace that allows requesters (e.g., researchers) to
publish tasks to be solvedvirtually byonlineworkers. Furthermore,Mturk is frequently
used in multiple domains such as psychology research (Cheung et al. 2017; Paolacci
et al. 2010), business data collection (Keith et al., 2017), or even for the improvement
of artificial intelligence techniques (Zhang et al. 2019). From the records found in
this SLR with a clear focus on the use of Mturk for implicit collaboration, a total of
4 articles had as their main purpose the recruitment of crowd workers. Additionally,
some studies opted to conduct experiments in their own server (Danula Hettiachchi
et al. 2019a, b; Hettiachchi et al. 2020) since Mturk has a feature that allows tasks to
be accomplished externally. By contrast, other researchers hosted their tasks inMturk.
From this point, Kosinski et al., (2012) focused on evaluating the effect of different
task designs on cognitive abilities. At its foundational level, one disadvantage ofMturk
is the difficulty of registration of crowd workers from countries outside the USA (de
Winter et al. 2015).

Other crowdsourcing platforms cited in the articles found use similar features sup-
ported byMturk but aremore open to accept requesters and crowdworkers worldwide.
For instance, CrowdFlower2 (now named as Appen) was used in 2 articles as the
preferred crowdsourcing platform for task assignment (Gadiraju et al. 2017; Ravana
et al. 2018). Concomitantly, Gadiraju et al., (2017) used a pre-screening test for their
case study in order to select trustworthy crowd workers. Then, the authors adopted

1 https://www.mturk.com/.
2 https://appen.com/figure-eight-is-now-appen/.
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the CrowdFlower’s internal channel3 to directly contact the selected crowd workers.
Adding on to this line of research, Microworkers4 was used in (E Mourelatos et al.,
2020; Evangelos Mourelatos and Tzagarakis 2016) as a crowdsourcing platform able
to support a huge number of templates and due to its easiness to adapt for different
types of case study requirements. At this end, the process of decision-making can
be aided with the help of this platform in order to compile a large amount of data.
Thereafter, one of the included studies used GISCloud5 as a spatial decision support
system for studying the task-technology fit on web maps (M. Erskine et al. 2019).
That is, on a general level, GISCloud provides a viewer with geographic features and
supports crowdsourced data annotation. With respect to the study conducted by M.
Erskine et al., (2019), GISCloud allowed to customize different representation types
of geographic data on a web map.

3.4.2 Platforms used in explicit collaboration

From the above literature review, two articles used 3D collaborative virtual worlds in
their case studies to enhance the collaboration between workers. In particular, Saku-
rai et al., (2010) proposed a 3D context-aware collaborative environment based on a
virtual space, an extension of the Project Wonderland6 (now known as Open Wonder-
land) where the collaborators were represented as avatars. This platform also supports
sharing and interaction with artifacts (e.g., documents or screen sharing) and facil-
itates the integration with sensors. Subsequently, Davier et al., (2017) focused on a
virtual scenario to assess collaboration skills based on a web-based simulation task.
In contrast, a study used the video call platform Zoom7 for the assessment of CPS
skills (Stewart et al. 2019). The latter performed posterior manual analysis on the
video call recording, which would be interesting to combine with a natural language
interface in a recommender system that allows an individual to make recommendation
requests, with a taxonomy that encompassed the personalized user’s requests (Kang
et al., 2017). Surprisingly, an exception to most of the studies addressing explicit col-
laboration occurred in an experiment usingmicrotasks (Eickhoff 2018). In this specific
case, a microtask crowdsourcing campaign was launched in Mturk (which normally
happens in implicit collaboration) to present the results of other workers that already
answered the task.

3.5 User testing

In view of the types of evaluation for the proposed methods involving user testing,
there is a clear distinction between laboratory and remote studies. In fact, there is only
one experimentally verified example of the usage of both testing methods (Alagarai
Sampath et al. 2014). Table 4 summarizes the user testing characteristics identified in
the studies.

3 https://success.appen.com/hc/en-us/articles/202703355-Contributors-CrowdFlower-s-Internal-Channel
4 https://www.microworkers.com
5 https://www.giscloud.com/
6 http://openwonderland.org/
7 https://zoom.us/
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3.5.1 Laboratory user testing

In five of the included studies, the user testing was conducted in laboratory by provid-
ing a laptop or desktop PC for allowing participants to perform the desired activities.
In [51], the authors developed the experiment by using a paper and pencil cognitive
test as a validated measure tool for identifying cognitive abilities. In two studies, the
equipment used was not feasible in a remote experiment, being more seamless to setup
thematerial in a laboratory facility. For instance, Sakurai et al., (2010) collected sensor
data like accelerometer and webcam images to detect the face of participants, while
Alagarai Sampath et al., (2014) performed several remote experiments. Then, a lab-
oratory experiment was conducted by applying the eye-tracking technique (Alhadreti
et al. 2017) to measure the visual attention of participants taking into account their on-
screen activity (Alagarai Sampath et al. 2014). Considering the population attributes,
all laboratory experiments recruited tertiary students (Mean (SD): 83 (85.469)) instead
of targeting a real population (e.g., online crowd workers). Furthermore, the cognitive
evaluation consisted essentially in measuring the cognitive abilities.

Drawing from the findings of our SLR, only two studies described the time dura-
tion and/or imposed time limit of experiments. Regarding the appropriateness of
adaptation, only Sakurai et al., (2010) evaluated the appropriateness by conducting
questionnaire and interviews but unfortunately they didn’t specify what questionnaire
was used and which method of interview was chosen. For analyzing the user behavior,
Alagarai Sampath et al., (2014) created different versions of the testing interface to
reflect different parameters of visual saliency and working memory. These authors
evaluated the user performance using eye tracking and could identify the necessary
changes to make in the proposed interface to improve performance.

3.5.2 Remote user testing

At a glance, most of the studies conducted in crowdsourcing platforms (e.g., Mturk)
occurred predominantly in remote settings. Moreover, it is also noticeable that most of
those studies indicated a time limit or expiration time for registration and task execution
when using the crowdsourcing platform. Although this is possible in crowdsourcing
platforms, some studies complement it with the usage of an external library. In par-
ticular, two related crowdsourcing studies conducted on Mturk (D. Hettiachchi et al.
2019a, b; Hettiachchi et al. 2020) used jsPsych, a JavaScript library that enables the
design of web-based behavioral experiments by supporting the creation of tasks with
the presentation of stimulus or the registration of response time (de Leeuw 2015). In
the literature, there is evidence that this tool obtains precise response time (Chandler
and Shapiro 2016) and achieves similar results when compared to laboratory studies
(Hilbig 2016). Considering the population attributes, most of the remote experiments
hired crowd workers with polarized sample values (Mean (SD): 540.7 (672.695)).
These numbers can be explained by the high number of crowdsourcing studies, which
can easily escalate the number of participants involved in their studies. Furthermore,
the remote experiments had several cognitive evaluation methods applied with a clear
exception in the case of cognitive styles. Looking inside their foundational elements,
cognitive styles deal with the correct representation of content to each participant,
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being mostly studied in experiments involving direct supervision with participants.
Regarding the appropriateness of adaptation, none of the studies reported the eval-
uation of this variable which can be explained due to the difficulties emerged on
evaluating them in a remote testing context. In user behavior, Eickhoff (2018) used
different versions of the proposed interface for document relevance assessment micro-
tasks, with versions differing in small changes on the input and output fields, to study
the cognitive bias of crowdworkers. The user performance was evaluated in almost
every study, based primarily on data log analysis. Hettiachchi et al., (2020) used the
cognitive tasks and microtasks accuracy to evaluate the comparison of the adaptation
performed (based on the correct task assignment) with other state-of-the-art meth-
ods. Regarding user performance, Hassan and Curry (2013) also made adaptations on
microtasks accuracy, with the addition that this study focused on modeling several
tasks based on human abilities from a validated taxonomy.

4 Discussion

The discussion will be presented separately in the next subsections, following the
order of the research questions defined for this systematic review. In this regard, we
provide some insights with an explanation of the significance and implications of the
research in light of the results obtained.

4.1 RQ1—How cognitive personalization on digital platforms affects the task
performance of workers?

In a broad sense, the effect produced by cognitive personalization varies depending on
the type of cognitive features investigated. Cognitive abilities were the feature most
found in the included articles with great results in the assignment of tasks to online
workers, especially in the crowdsourcing scenario (Hettiachchi et al. 2020). Com-
paring with state-of-the-art methods, the personalization of task assignment based on
cognitive abilities has managed to increase the performance of crowd workers. Appar-
ently, Hettiachchi et al., (2020) investigation was possibly the one that came closest
to truly personalizing tasks, as it mapped tasks according to the capabilities of crowd
workers. Using this rationale, any worker can have access to tasks without being con-
strained by selection mechanisms determining the best workers based on performance
information. This is the case of other studies in the scientific literature (e.g., Fan et al.
2015; Zheng et al. 2015)) that addressed task assignment by filtering out workers who
had apparently more intelligence or capacity. This should be avoided as it can encour-
age the exclusion of people who could have the opportunity to perform digital work in
online virtual spaces. Another study was based on the historical performance of crowd
workers and tried to map the cognitive abilities without satisfactory results (Hassan
and Curry 2013). However, the reason for these poor or inconclusive results comes
from several limitations identified by the authors such as the small group size or the
task design that could negatively affect the results. In addition to the literature on task
assignment, task design was also studied through cognitive skills. In line with this, it
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is possible to observe that performance can be improved when the tasks are designed
taking into consideration the visual attention or working memory of the crowd work-
ers (Alagarai Sampath et al. 2014). Nonetheless, although this study obtained good
results, the design was static, and subsequently, no adaptation to each worker was
noticed.

At a higher level, other cognitive features achieved positive results for improving
performance inonlinework settings.Having conversational interfaces in a crowdsourc-
ing setting, that supports the personalization of microtasks, substantially improve the
performance of crowdworker (Mavridis et al., 2019). Concerning the study of cogni-
tive bias, there were two studies that obtained remarkable outcomes in the selection of
more competent crowd workers through the use of self-assessment quizzes based on
the Dunning–Kruger effect (Kruger and Dunning 1999). Extrapolating to task design,
it was reported that there is a direct influence between the cognitive bias of workers
and their performance. When we look at the cognitive styles, two articles gave rec-
ommendations on how to improve the task assignment and task design in digital labor
environments. However, such studies did not perform any kind of personalization,
and we believe that this should be addressed in future work, as argued by Sternberg
(1997). Nevertheless, a study conducted by Raptis et al., (2017) developed a method
that allows the assessment of cognitive styles, based on an eye-tracking model. Based
on the collected data, an implicit evaluation process was developed in order to identify
the cognitive styles, and this process was highly effective. A similar study was done
posterior but this time to infer cognitive abilities, regarding the research of the per-
sonalization of textual documents with embedded visualizations using eye-tracking
data (Toker et al. 2019). One point to consider from these methods is that unfortu-
nately it may not work well in a crowdsourcing context, in particular microtasks that
require little duration, apart from that not all crowd workers would have the equip-
ment needed for this method to work. In our vision, cognitive styles are equally or
even more important to cognitive abilities as they refer to the correct adaptation of
the information format to the cognition style of each individual. This importance is
corroborated by Alagarai Sampath et al., (2014) through their work on cognitive abil-
ities as a way to resemble the cognitive styles. For instance, the authors designed a set
of to minimize the cognitive load of workers. To tackle this problem and achieve an
appropriate customization based on the cognitive style of workers, the performance
could be evaluated when they have to perform the tasks using different representations
of the interfaces in order to map the tasks to the style of cognition of each person in
run-time. Similar work has already been done in other research areas, such as web or
mobile accessibility (Gajos et al. 2008; Goel, Findlater and Wobbrock, 2012).

4.2 RQ2—What are the personalizationmethods used in each primary study?

With regard to the cognitive personalization of digital labor, current methods vary
depending on whether a study is conducted within or outside the laboratory. As men-
tioned previously, one of the cognitive tests that has been considered valid and reliable
is the Kit of Factor-Referenced Cognitive Tests (Ekstrom et al. 1976; Herreen and
Zajac 2018; Schaie et al. 1991). Despite the validity of these tests, it was considered

123



Cognitive personalization for online microtask labor platforms:…

that its application in digital work settings could not be viable due to the due time that
participants need to spend using a pencil-and-paper approach. The latency in the input
data collection of interactive adaptive systems is crucial to obtain optimal results.
Considering this, Hettiachchi et al., (2020) turned some cognitive tests into micro-
tasks to get measurements on the cognitive abilities of crowd workers in a quick and
seamless fashion. Moreover, a limitation of 3.5 s was imposed to complete each test.
This allowed to guarantee greater effectiveness in the measurement of capacities. The
transformation of time-consuming (yet valid and reliable) cognitive tests into quick
microtasks provides a path to create a personalization method for task assignment and
task design in crowdsourcing settings. In addition, other studies have also used online
tasks based on psychological tests to measure cognitive abilities (Kosinski et al. 2012;
Sakurai et al. 2010). In Stewart et al., (2019), the authors chose to implicitly measure
the historical performance of each worker throughout the use of personalized inter-
faces taking into account the measurement of CPS. Similar to the analysis of historical
performance, a study predicted the future performance of crowd workers (Hassan and
Curry 2013). The predictability is important in the context of personalization meth-
ods, which as shown by Sakurai et al., (2010) had in their adaptability mechanism the
usage of web camera feed, the crowd worker could predict and adjust the adaptations
performed by the system.

Although both approaches seem to provide promising results to the automatic mea-
surement of the cognitive abilities of online workers, it is necessary to consider the
application of regular tests. Along this view, Zyskowski et al., (2015c) indicated that
capacities of crowd workers are susceptible to fluctuations, and it is important to regu-
larlymeasure their capacitieswith periodic tests, which in the perspective of interactive
adaptive system is important to guarantee the timeliness and appropriateness of the
adaptations.

Cognitive personalization can be aided if we distribute test-set questions, especially
in the moments before task execution. There have been several studies that applied
questionnaires to assess the cognitive abilities or cognitive styles of workers (Chujfi
and Meinel 2020; Engin and Vetschera 2017; M. Erskine et al. 2019). Although the
questionnaires are validated and effective for measurement purposes, they also require
workers to allocate some time to answer,whichmay discourage the completion of tasks
in digital labor platforms. An alternative to work around this problem was presented
in some studies that asked the workers few questions. An example of this is the
CRT instrument that relies in a three-item task to measure the cognitive abilities of
each individual (Engin and Vetschera 2017; Toplak et al. 2011). This tool should be
better explored to assess whether it is possible to achieve personalization based on the
cognitive abilities of workers. Two studies also mentioned the use of a self-assessment
question to choose the most suitable crowd workers (Gadiraju et al. 2017; Saab et al.
2019). The method used was to ask crowd workers to perform a microtask and then,
answer what their self-assessment represents in relation to the answer given. Then,
the self-assessment was compared to the effectiveness of the answer given, which can
be an indicator of the worker’s performance. The self-assessment techniques can be
applied on the creation of personalization methods that in an online microtask, labor
platform can enhance the predictability of the crowd workers on how the adaptation
will be performed.
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An alternative to the dynamic personalization of digital labor can be the a priori
design of tasks to maximize the efficiency of workers. In this context, two crowdsourc-
ing studies referred to the application of psychology theories to improve microtask
design. First, a study based on text-transcription tasks (Alagarai Sampath et al. 2014)
pointed out an improvement in crowdsourcing performance when considering small
characteristics like placing the text insertion fields close to the target fields or under-
lining the essential fields. Other study highlighted that knowing a priori the cognitive
bias of crowd workers can avoid the design of tasks that could result in lower work
quality. The study identified critical cognitive biases such as presenting contradictory
information (i.e., Anchoring bias (Tversky and Kahneman 1974)) or presenting an
existing group of results toward making an individual to follow the group behavior
(i.e., Bandwagon effect (Bikhchandani et al. 1992)).

4.3 RQ3—What types of evaluation were used to assess the validity of these
methods?

4.3.1 RQ3.1—What evaluation techniques were adopted?

The evaluation techniques used in the selected articles can be grouped into laboratory
and remote tests. When we focus on laboratory tests, Ekstrom et al., (Ekstrom et al.
1976) used a pencil-and-paper test to measure cognitive abilities, as previously vali-
dated as feasible in other studies (Herreen and Zajac 2018; Schaie et al. 1991). Another
study mentioned the use of eye-tracking techniques that have been used to measure
the visual attention of participants on the screen with effective results (e.g., (Alhadreti
et al. 2017)). On the other hand, when we pass to remote studies, the functionalities
already incorporated in crowdsourcing platforms for the tracking of time or actions
taken by users were frequently used. Additionally, two studies mentioned the use of
jsPsych JavaScript library, which allows the implementation of web-based behavioral
experiments (de Leeuw 2015). Also in remote studies, the results obtained using state-
of-the-art techniques were frequently compared, as for example in the cases of task
assignment (Hettiachchi et al. 2020) or pre-screening of crowdworkers (Gadiraju et al.
2017; Saab et al. 2019).

Although the studies presented have carried out evaluations to analyze the results,
none of the included articles mentioned the application of usability testing (Tan et al.
2009). Usability makes it possible to assess whether a system is usable by the target
population. Subsequently, it is necessary to take usability into account to allowagreater
adequacy of the tools developed for workers. In the case of cognitive personalization, it
also allows widening the range of tasks proposed for people with disabilities, whomay
find in digital work an opportunity to be integrated into the labor market (Zyskowski
et al. 2015b).

4.3.2 RQ3.2—Did real users evaluate thesemethods?

All selected studies mentioned the analysis of results from real users to evaluate the
proposed methods. Although two studies have used pre-existing datasets, the data

123



Cognitive personalization for online microtask labor platforms:…

came from studies with real users (Ponciano and Brasileiro 2015; Saab et al. 2019).
A problem found in these studies relies in the fact that a significant part of them
used students instead of target people (i.e., online workers). This has been a recurring
problem in studieswith experimental results, pointing to a possible skew in the findings
(Al-Ubaydli et al. 2017). From a digital labor personalization perspective, a possible
solution to this problem is to perform tests with crowd workers as a low cost, effective,
and scalable approach to obtain experimental results (Chandler and Shapiro 2016;
Deng and Joshi 2016).

5 Concluding remarks, limitations, and future work

The aim of this systematic literature reviewwas to evaluate the research done on cogni-
tive personalization for digital labor in virtual workspaces. The purpose of the review
was to identify possible research paths for improving the efficiency of digital work,
both from the perspective of the requester and the worker. In particular, the research
analyzedwas focused on the cognitive profile ofworkers to allow amore effective anal-
ysis of the their real capacities. The methodology outlined allowed to obtain 20 studies
on cognitive personalization for online microtasks labor. From the selected studies,
some managed to make the customization at the level of task design and task assign-
ment. Other studies have identified characteristics that provide interesting directions
to follow as a guidance to achieve cognitive personalization in digital labor platforms.
It is worth mentioning that in the cognitive domain, there exists a panoply of cog-
nitive features derived from psychology theories that could be then implemented for
achieving personalization. In this systematic review, most of the studies mentioned
these theories, which were then grouped in four cognitive features. Other research
aspects identified in the studies were also analyzed for giving a more comprehensive
overview of the research conducted (e.g., user testing methods and techniques). Most
of the studies focused on crowdsourcing scenarios, which corroborates a research
trend in the latest years (Ghezzi et al. 2018). Subsequently, in consonance with the
endeavors observed in microwork settings, cognitive personalization can be achieved
quickly through cognitive evaluation in short and seamless microtasks (Hettiachchi
et al. 2020), which reveal a potential line of further research following this paradigm.

The considerations that resulted from this systematic review allow us to elabo-
rate some guidelines for carrying out cognitive personalization in online digital labor
platforms. First, the analysis of cognitive abilities shows a promising path with solid
results for the optimal task assignment. This allows each worker to be selected for
their abilities with adequate evaluation efficiency, through the application of short-
duration online cognitive tests. For example, the transformation of time-consuming
(yet valid and reliable) cognitive tests into quick microtasks provides a path to create a
personalizationmethod for task assignment and task design in crowdsourcing settings.
Another cognitive feature that should be taken into account are cognitive biases that
can negatively affect worker performance (e.g., through the use of self-assessment
quizzes to predict the Dunning–Kruger effect). Cognitive styles may help to person-
alize how information is properly presented to workers (e.g., preference for more
textual or visual information). This can be accomplished through the implementation
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of online cognitive tests that can be inferred to personalize the online digital labor
tasks. Regarding the methods used for personalization, it should be taken into account
that the workers’ cognitive profile is susceptible to fluctuations and that it is important
to regularly measure their capacities with periodic tests. Moreover, it is necessary to
evaluate frequently the methods used by carrying out usability tests, which was not
verified in any of the studies found. Usability makes it possible to assess whether a
system is usable by the target population. In the case of cognitive personalization,
it also allows the validation of online digital labor tasks. To perform usability tests,
crowdworkers can be recruited as a low cost, effective, and scalable approach to obtain
valid results.

Our systematic review has some limitations in relation to the bias in the selection
of articles. One limitation comes from the difficulty in choosing the right keywords
to cover cognitive features, which comes from observing a wide range of psychology
theories. Additionally, another limitation comes from the data collection of this review.
As it was only one author to perform this step, some errors could have occurred in
categorizing thefindings of the selected articles. Furthermore, this limitation also arises
from a few number of articles did not report the technologies used in their experiments,
which difficult the accurate categorization. Regarding the ethical implication of the
studies found in the cognitive personalization, one limitation arises: what does it
mean ethically to not assign tasks to crowd workers based on their cognitive profile?
In the task assignment, it is true that there exist pre-screening techniques that filter
unsuitable crowd workers, fomenting a meritocracy model where inevitable would
lead to excluded crowd workers. However, two studies addressed the task assignment
having in consideration that every crowd worker could have the access their most
suitable task based on their cognitive abilities (Hettiachchi et al. 2019a, 2020, 2019b).
Another limitationwas the scope of this study only comprised onmicrotasks and not in
a set of more creative or collaborative crowdsourcing tasks also known as macrotasks.
Currently it is difficult to find a significant number of macrotasks studies that reported
cognitive personalization.Macrotasks are still an embryonic line of research, andmost
of the current focus is directed to the decomposition of macrotasks into microtasks.
However, in the future, there may be potential to exploit macrotasks, as areas such as
crowdsourcing software will continue to grow (Sarı et al. 2019). Another reason may
be that the distribution of macrotasks does not require cognitive personalization, or it
is not yet feasible, being deprecated to other techniques such as analysis of the history
of results or self-evaluation (Samimi et al. 2016; Zheng et al. 2015). In a context of
microtasks, personalization can work well, however, for macrotasks as complex as
software development, this type of personalization can lose validity due to the wide
range of skills necessary to assess for producing a subsequent adaptation of features.

Future research work could aim to implement cognitive theories identified in this
review into microtasks for determining the cognitive profile of workers. Extending the
work from Hettiachchi et al., (2020), both cognitive styles and cognitive bias could
represent important features to be explored in terms of dynamic personalization in
crowdsourcing settings. These cognitive features provide advantages not only on task
assignment but also in terms of task design that is also an essential aspect in digital
work. Additionally, it is important to conduct usability tests in order to get more
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insights as the studies mentioned in this systematic literature review lack an objective
view regarding it.
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