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Sammanfattning

Studien implementerar en utvecklingsprocess inspirerad av design thinking metodologi,
och undersöker således gränslandet mellan ekonomi och människa-dator interaktion. Ini-
tialt undersöks affärsmöjligheter för mobila crowdsourcing applikationer i en Östafrikansk
kontext, och baserat på resultaten av denna förstudie, utvecklas ett interface för mobil
crowdsourcing. Interfacet ämnar att hantera verifikation av bildbaserade dataset genom
att samla in beslut från användarna.

Målet var att designa för två huvudkriterier - njutbarhet och effektivitet, vilket
uppnåddes genom efterforskning inom användbarhet, speed-reading metodologier och
gamificationprinciper. Interfacet utvecklades iterativt, baserat på krav från potentiella
användare, såväl som input från maskininlärningsindustrin. Mer specifikt involverade
processen en litteraturstudie, expertintervjuer, en användarstudie på den Kenyanska
marknaden och iterativa användartester.

Den konceptuella fasen handlade om att identifera problemet och leverera en relevant
idé av hur lösningen skulle utformas. Således togs ett novellt ‘Touch-Hold-Release’-
interface fram. Resultaten av denna studie ger en intressant insikt i vilka usability-
faktorer som är viktiga vid design av en praktisk arbetsinriktad applikation, samtidigt som
effektivitet och njutbarhet balanseras. Det novella interfacet som tagits fram indikerar på
en mer effektiv prestanda än den konventionella grid-layouten och är mer njutbar att
använda enligt användarna. Dessutom kan ‘rapid serial visual presentation’ anses vara ett
väl fungerande modell för arbetsinriktade mobilapplikationer som kräver stora mängder
binära beslut på kort tid.

Studien understryker vikten av att arbeta iterativt, med användarfokuserade processer
som tillåter nya innovationer och idéer att möta användarnas faktiska behov och
kunskaper. Resultaten kan vara av intresse för den som utvecklar en arbetsinriktad
mobilapplikation och särskilt då binärt beslutsfattande är fundamentalt.
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Abstract—During the last decade machine learning has spread
rapidly in computer science and beyond, and a central issue for
machine learning is data quality. This study was carried out in
the intersection of business and Human-Computer Interaction,
examining how an interface may be developed for crowdsourced
verification of datasets. The interface is developed for efficiency
and enjoyability through research on areas such as usability,
information presentation models and gamification.

The interface was developed iteratively, drawing from needs
of potential users as well as the machine learning industry.
More specifically, the process involved a literature study, expert
interviews, a user survey on the Kenyan market and user tests.
The study was divided into a conceptual phase and a design
phase, each constituting a clearly bounded part of the study
with a prototype being developed in each stage.

The results of this study give an interesting insight on what
usability factors are important when designing a practical tool-
type mobile application, while balancing efficiency and en-
joyability. The resulting novel interface indicated on a more
effective performance than a conventional grid layout and is more
enjoyable to use according to the users. In addition, the ‘rapid
serial visual presentation’ can be deemed a well functioning
model for tool-type mobile applications which require a high
amount of binary decisions on short time.

The study highlights the importance of iterative, user-driven
processes, allowing a new innovation or idea to merge with the
needs and skills of users. The results may be of interest to anyone
developing tool-type mobile applications and certainly if binary
decision making on images is central.

Index Terms—data quality, verification of data, machine learn-
ing, HCI, usability, gamification, GDH, Kenya, rapid serial visual
presentation

I. INTRODUCTION

DURING the last decade machine learning has spread
rapidly within computer science and beyond. Machine

learning models are used for a variety of applications such as
spam filters, ad placement, stock trading and disease detection.
The field of artificial intelligence can according to McKinsey
Global Institute be seen unleashing the next wave of digital
disruption, as they encourage companies to prepare for this
next era [1]. This shows how AI and machine learning are
becoming essential parts of all digital companies, all over
the world, and thus technological adoption in this is area
is more important now than ever. Even developing countries
have realised this; for instance, the government in Kenya
has recently began setting up taskforce that will work on
strategies for adopting emerging technologies like AI, in order
to maintain competitiveness on the global market [2].

One of the major issues when conducting machine learning,
is that the training data sets used are of too poor quality;
in accord with the old saying ”garbage-in, garbage-out” this
results in lacking quality of models and thus, low prediction
rates. Poor data quality data leads not only to wasted IT
investments, but also causes ineffective business decisions.
Many of the datasets are produced by crowdsourcing services
and some are even created by machine learning algorithms
themselves, whose validity can not be guaranteed.

The problem of poor quality datasets can be solved in
several ways. One approach for assuring accurate data labels
is to create new datasets from the ground up. Creating a
dataset may be very time consuming, which has contributed
to the growth of crowdsourcing services such as Amazons
Mechanical Turk1 or Figure Eight2, where human input can be
used to classify data sets. Another approach is to refine already
existing data sets by verification of labels, and in case of errors,
correction. In many of these services, the crowd working target
group consists of people from developing countries with a
lower overall salary level; this is one of the reasons the study
will focus its field studies at the Kenyan Strathmore University
located in Nairobi. In the local East African context, the
attitude towards crowdsourced work will be explored and a
mobile crowdsourcing interface will be developed through user
tests on relevant focus groups on site.

Today, crowdsourcing solutions are commonly used for
refining existing data sets, and its use is growing. However,
these services have a limitation in common; they are not
dedicated towards the specific task of verifying data sets. In a
study by Gadiraju, U. et al. it was found that almost 44% of
the crowdsourcing workers did not manage to answer simple
attention check questions using the CrowdFlower service,
currently known as Figure Eight [3]. This highlights the
importance of gold standards and the need for intelligent task
modeling strategies, but also the need for better interfaces and
verification services. Because of this, it can also be assumed
that the user interfaces of such services are not optimized for
the purpose of verification and that a dedicated interface may
allow for better performance in regards to efficiency and user
experience. This is the assumption which will constitute the
basis for this study.

1Amazon’s Mechanical Turk. https://www.mturk.com/
2Figure Eight. https://www.figure-eight.com/
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A. Purpose

The purpose of the study is to contribute to the knowledge
base of ’tool’-based digital applications, and how to make
them more efficient, while retaining enjoyability. Specifically,
the study will focus on building a mobile crowdsourcing
application for quality verification of datasets. As the study
may be useful to developers of crowdsourcing solutions, it
can contribute to the growth in use of such a market, indi-
rectly leading to better quality datasets for machine learning
applications.

Furthermore the results of this study may expand the general
knowledge base in the area of mobile user interfaces, and
specifically regarding the interplay between efficiency and
enjoyability. As the interface will focus on dataset verification,
binary decision making will be central. Such interfaces have
a number of possible application cases; ranging from dating
applications to advanced data processing ones. By introducing
novelty through a new type of interface, the study aims to find
out whether an improvement from a more conventional grid
layout for binary decision making on images is possible.

B. Relevance

Due to the growth of crowdsourcing solutions, access to
labeled data has increased rapidly. However, since quality
control for such services are still being developed and errors in
labeling still occur frequently, many of the crowdsourced data
sets have a lacking or unsure level of quality, creating a need
for secure verification solutions [4]. As an example, a study
proved there was a very low correlation between Mechanical
Turks results and the results of the same task given to an
expert. The study showed that only 48.5% of the Mechanical
Turk workers provided free-text answers which could actually
be used, and in regards to the quantifiable ratings, there were
only a correlation of 0.5 to the experts results [5].

However, crowd generated labels by non-experts can be
reliable and of high quality, which Mitra et al. concluded in
their study, stating: our results show significant improvements
in the quality of data annotation tasks over control and baseline
conditions, at the same time as the baseline has considerably
improved during the last couple of years [6]. Thus, services
such as Amazons Mechanical Turk (AMT) are not nearly as
chaotic as they used to be and may be considered for an even
wider variety of applications in the future. However, the kinds
of quality measures, for instance implemented by AMT, are
often person-centric, i.e. prompting users to use CAPTCHA:s
and provide their identities, and not as much focused on the
data quality and interface.

Machine learning is growing in almost every area where
data is a valuable resource, including sensitive areas such as
healthcare and autonomous vehicles. The cost of using bad
quality data in such applications may be very high or even
lethal. A study by Experian showed that as much as 83% of
commercial companies believed that their revenue is affected
by inaccurate data, in terms of lost resources, productivity and
communication costs [7]. As an example, an image processing
algorithm predicting the prevalence of a serious disease such
as cancer will need to be trained on highest possible quality

datasets in order to not leave any room for error on the
predictions; which for example could result in false negatives.3

By verifying the dataset and defining its quality, action can be
taken to counter any problem that may have appeared.

Since crowdsourcing is so human-centric, it requires partic-
ular consideration for effective design. However, while crowd-
sourcing has inspired research within machine learning, com-
puter vision and natural language processing, human-computer
interaction has typically received relatively little attention.
Often, human-centered evaluation of crowdsourcing services is
limited to small and non-diverse groups [4]. Furthermore, the
results of this study should be possible to extrapolate to other
mobile applications where binary decision making on images
is required. For instance, very common mobile applications
such as Tinder and Blocket are cases where such decision
making is central.

The verification of datasets ensures that the results of its
machine learning applications will not be negatively affected
by the quality of its labels. If the verification of the data set
reveals lacking quality, its impact on the machine learning
results may be traced, and if needed the set can be improved.

C. Research question
How could a mobile user interface be developed for crowd-

sourced verification of datasets in order to be efficient and
enjoyable, in the context of a developing country?

D. Components of the research question
1) Efficient: In this study, the term efficient will be used

as a measure of performance in terms of efficiency of produc-
tion; more specifically as the measure of the number correct
verifications per time unit. Thus, the terms incorporates both
accuracy and speed of the verification.

2) Enjoyability: The enjoyability aspect involves the inter-
face being designed with user retention in mind, i.e. it should
provide meaningfulness to the user and an user experience that
is not perceived as boring. Also the ergonomic factor of using
the mobile interface should be kept in mind, and the interface
should thus be designed for being usable in the long-term.

3) Crowdsourced: In a study by Silberman, M. S., the term
crowd work can refer to three things. Firstly, crowdwork is an
industry, containing of a specific set of people, relationships,
organizations, artifacts and practises. Secondly, crowdwork is a
set of ideas or techniques to get tasks done; thirdly, crowdwork
is an area of research in computing and human-computer
interaction [8]. Another definition of crowdsourcing is as a
new paradigm relying on the intelligence of crowds to solve
specific tasks [9].

Crowdsourced verification is in this study defined as the
product of work of ordinary people, not specifically selected
for the task. The assumption is that the person doing the
verification tasks will not possess expert skills, but rather
the skills of an ordinary person. This is an important factor,
because it affects the user interface in terms of demands on
understandability and learnability as well as the character of
the tasks which may be implemented.

3Obonyo Stephen. May 18, 2018. Personal interview. Strathmore University,
Nairobi
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E. Limitations

The study is largely limited to the interaction between
the user and the perceived interface. This means everything
that does not impact the user’s experience, such as back-end
systems supporting the interface, will be outside the scope of
the study. Furthermore, except for exploring the need of such a
solution through expert interviews, the study will not discuss
machine-learning aspects in greater depth. Lastly, the study
is for obvious reasons limited in regard to theory, including
usability, efficiency, gamification etc. The models used could
be complemented with further theory and similarly, the study
may be complemented with extended user testing.

F. Target group

In a crowdsourced labeling service there are two core
groups; the provider of data, called the requester and the
person who uses the interface to verify the data, called the
crowdworker. The requesters is the group who possesses the
understanding of the requirements of quality, types of data
and the tasks that may be relevant for the service. Since the
assumption is that there is a need for verification and quality
assurance of datasets, this target group is expected to exist,
and consist of businesses, research teams and private actors.
The second group, crowdworkers, possesses an understanding
of their needs and preferences regarding the design of the
interface. As the service is based on crowdsourced data,
an understanding of both target groups is required when
developing the interface.

G. Business

As discussed briefly in the relevance section, businesses
experience costs proportionate to the quality of the data they
use. Thus, there is an apparent economical value in ensuring
data quality; the cost of verifying the data quality may be lower
than the indirect costs of using bad quality data [10]. Since it
can be assumed that workers will want to be paid according
to the time spent doing crowdwork, designing a more efficient
interface will mean that that each label verification can be
produced faster and thus more cheaply. This may result in the
increase of profitability of the service, or in case of a high
level of competition, reduce the price the customers have to
pay to verify data.

One could also use the results of this study as a basis for a
data crowdsourced verification business. This is a field where
there are few competitors, especially on the mobile market,
and a rapid increase in demand is present, which means plenty
of business opportunities. Since its launch in 2005, the rise
and success of Amazon Mechanical Turk, has proven that
microtask-platforms can be promising business models, rather
than only niche products and today there are approximately
70 microtask-platforms. Sites like Clickworker.com 4 alone
has workforces of over 230 000 micro-workers. This implies
there are people willing to work with these kinds of tasks,
meaning that there exist abundant human capital available for
such services.

4Clickworker, https://www.clickworker.com

II. THEORY

A. Data Quality

Data quality directly affects the decisions made using the
data; bad quality propagates to the products derived from it
and in the case of machine learning, poor data is directly
translated to the models created from it. However, data quality
management is often complex and there exist many levels to
the concept of data quality. One of the most significant difficul-
ties in data quality management is the reference to which it is
measured against. According to Oxford Dictionaries5, quality
is defined as the standard of something as measured against
other things of a similar kind; its degree of excellence. This
definition implies the need of a reference to which the quality
of data can be measured. There exists many other definitions
on quality of data, but the common denominator is the analysis
of variation between the dataset and some reference; if the
data fails to compare with such a reference, it is said to be
of poor quality. Sharon Kaari Mugambi, faculty member and
lecturer in “Artificial Neural Networks & Pattern Recognition”
at Strathmore University, expresses her experience of data
quality issues.

“I see data problems like this all the time in
machine learning and spend a lot of time on these
types of issues myself. In Kenya it is generally really
hard to get good data from local actors. There is a
lack of organizations that provide good data and you
often have to pay a lot to get access.”6

In datasets not made by the requester personally, quality can
inherently not be guaranteed. This is especially true in the case
of datasets generated by a crowd, as task descriptions may be
open to subjective interpretation, labelers may be inattentive,
have differing backgrounds and perception of difficulty [4].

The Spatial Data Transfer Standard, found in Federal Infor-
mation Processing Standard is a commonly referred to federal
U.S standard which identifies five components of quality
for spatial data; lineage, completeness, logical consistency,
positional accuracy and attribute accuracy. In terms of attribute
accuracy, there exists two cases; one where an attribute can
be only right or wrong, or alternatively, where there may
exist degrees of correctness [11]. The second case is closely
related to fuzzy set theory, in which membership of a class
is not binary, but sometimes a mixture of different options
and membership in a class is often measured on a continuous
scale between 0 and 1 [10]. Traditionally, large crowdsourcing
services has assumed the first case in verification of data labels,
seeing minority disagreements as noise, and disregarded the
case for degrees of correctness, by assigning the power of the
decision to the majority, which naturally leads to the most
common answer being selected, without regard to nuances
or reflection [12]. Label disagreements between workers may
actually arise from genuine uncertainty. Thus, the cost of a
simple majority decision is that is masks uncertainty of data,
which may be negative when constructing complex AI [4]. The

5Oxford Dictionaries, https://www.oxforddictionaries.com/
6Mugambi, Sharon Kaari. May 14, 2018. Personal interview. Strathmore

University, Nairobi
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dynamics between those cases within crowdsourcing has been
studied in an article where a new strategy named C-certainty
learning is presented; involving the labeler stating not only a
label, but also his confidence for the labeling, as high, medium
or low. Such a strategy allows for a more nuanced and possibly
accurate labeling procedure by providing new reviews in case
the certainty is too low [13].

“A common assumption in labeled data collection is that
every task has one correct label which can be recovered by
the consensus of the crowd. This assumption, however, rarely
holds for every item even for simple concepts.” [14]

Imagine an scenario where a crowd worker is shown an im-
age of a lion and is asked to answer whether the image contains
a cat or not. Both saying image represents a cat or saying it
does not could be considered a correct answer. The subjectivity
of image perception shows the inherent difficulty in image
labeling and concepts not specified by guidelines are then open
to interpretation and confusion amongst crowdworkers. As a
result, crowdworkers often label with incomplete information.
However, if the crowdworker could somehow express such
ambiguity, future workers or reviewers may be able to make
a more informed decision.

A paper counters this conflict by introducing a solution
called Revolt, which aims to make use of differing opinions
between labelers to facilitate for more informed decisions [14].
While still utilizing common crowdsourcing mechanisms such
as verification by redundancy, Revolt is novel by how it works
to capture diverse crowd perspectives through allowing for
explanations and motivations of label selections. It implements
three categories for labeling:

1) Cat: If you think the main theme of the item is Cat.
2) Not cat: If you do not think the main theme of the item

is Cat.
3) Maybe/Not sure: For items that you are uncertain about

or if you think other workers might pick different labels.
This category works to make sure crowd workers are not
forced to make arbitrary decisions for uncertain items that
should instead be handled in subsequent stages.

B. Binary verification

In this context, a data point is an image with a label attached.
The verifier can either agree or disagree on the data point
belonging to the category. Disagreement is thus when the
initial classifier believes the data point belongs to the category,
but the verifier believes it does not. The process for verifying
a dataset could follow:

1) Extraction: All unique labels of the dataset are extracted.
The first unique label of the set is selected.

2) Decision: All images categorized as the selected label
are presented to the user, who will be prompted to make a
binary decision regarding the validity of the label, with the
alternative of giving some input regarding ambiguity. This is
done through an inverted process, letting the user react in case
a label appears to be wrong. This is because it can be assumed
that more data points are correctly labeled than wrongly so,
which makes selecting disagreements a more effective method
than selecting cases of agreement.

3) Iterate: Once all images of the category has been passed
through, a new label from the set is selected and step 2 is
repeated until all the unique labels have been verified.

This process allows for tracking the rate of agreement
between crowdworkers and the initial classification of the
dataset, as well as notions on ambiguous labels provided by
the crowd workers. This information may help the requester
make decisions regarding further processing of the dataset, and
especially the images to which there has been disagreements,
or where workers expressed difficulties labeling.

C. Crowdsourcing & Microtasks

1) Crowdsourcing: Crowdsourcing tasks may be divided
into a number of categories. One of them is Verification and
Validation (VV), and others are Interpretation and Analysis
(IA), Content Creation (CC) and Surveys (S). The study
further finds one subcategory to the VV category to be Content
Verification, with the description ”in these tasks the crowd
workers are required to verify, validate, qualify or disqualify
different aspects as dictated by the task administrators”[3]. Our
work could be considered as belonging to this subcategory,
as it involves the process of verifying data labels in order
to ensure the quality of datasets. Looking at the proposed
distribution of tasks in the classes, by considering the measures
average task effort, task affinity and satisfaction with reward,
one can observe that the highest disparity between task effort
and the workers satisfaction with the reward, can be found in
the categories VV and IA [3]. This means the reward has to
be adjusted to match the effort required to complete the task;
this could be done by either raising the pay, or by creating a
more usable and efficient interface, which reduces the effort
required for each task,f thus shrinking this gap. In this study,
we will focus on the latter.

2) Microtasks: As opposed to contest-based crowdsourc-
ing, where a contest is held around a task and only the
winning contributor is paid, the microtask workflow involves
dividing a larger ’macrotask’ into small, more achievable
components and distributing each piece to a worker which
is paid accordingly. The process consists of a requester, who
posts a task to the platform. Then a crowdworker chooses or is
assigned tasks based on factors such as skills, personal interest,
time required and reward. Finally, the worker completes the
task, is evaluated based on performance and gets rewarded
according to the tasks performed [8]. In the context of label
verification, microtasking is an essential part, as an entire data
set is often too large to be verified by one single person.
Instead, the crowdworkers may verify the correctness of a
smaller subset of labels. It has been shown that the breakdown
into microtasks results in longer overall task completion times;
but with higher quality outcomes and a better perceived user
experience [15].

D. The mobile platform and the Kenyan context

Looking at mobile usage, Kenya is leading globally in share
of internet traffic coming from mobile phones with 83% and is
on its way to becoming a ’mobile-first’ country, as presented
in the 2018 white paper by the online shop Jumia. These high
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numbers have been explained by the country’s high level of
smartphone penetration rate, recently surpassing 40 million
mobile subscriptions, equaling 90.4% of the adult popula-
tion. This can be credited to a robust internet infrastructure
and affordable smartphones. Jumia’s phone sales consisted
of 97% smartphones, and smartphones with 3G connectivity
are currently being sold as low as KSh 3,500, equivalent of
approximately USD 35. [16] This makes the Kenyan market
an excellent place of study and can potentially be seen as a
frontier market; indicating where other developing countries
could be expected to be in a few years. For instance, Kenya
has had a mobile banking and payment service called M-PESA
since 2007, much alike the Swedish mobile payment system
Swish which was launched five years later in 2012. Founded
by Safaricom, M-PESA was adopted by 8.5 million Kenyans
in just 2.5 years and today has 23.42 million subscriptions ac-
cording to the Communications Authority of Kenya [17][18].

E. Target group

A prerequisite for the target group of crowdworkers is
having a smartphone with internet access. Both components
are held by most people in Kenya, as explained in the section
above. In addition to these prerequisites, four main charac-
teristics of the crowd work target group have been defined,
stating that the user should ideally:

i Have spare time.
ii Be technologically competent and comfortable in using a

smart phone device.
iii Want to earn money.
iv Be okay with doing smaller tasks.

The interface will be designed with this, realistically set, target
user in mind. Therefore, if these characteristics are present
in a user, the developed interface should work optimally as
intended. The work done through the developed interface will
not be expected to substitute traditional jobs, but rather be
an activity in ”non-productive” time, such as time spent com-
muting in traffic, waiting for friends or during work breaks;
thereof, the first criteria of having spare time. Since the work
will be conducted on a smartphone device, the user has to be
comfortable using mobile interfaces, and preferably handling
more complex tasks which will be key for maintaining a high
quality of the conducted validation work. Thirdly, the main
incentive of using the application and providing crowdwork
labor, is assumed to be an interest in earning money; often
potential crowdworkers will be people earning lower than
average income, either due to unemployment in traditional
jobs, being a student or living in a developing country, where
the general income levels are lower. For instance, the per capita
income in Kenya was USD 1,361 in 2015, which converts to
a monthly average income of USD 113 [19]. Compare this
to the average base salary in Sweden 2015 of SEK 30,700
equivalent of about USD 3,500 [20]. The Swedish base salary
is more than 30 times higher, which makes it easy to see the
leverage of having a target crowdworking demographic within
a developing country, where the cost of labor is distinctly
lower. Finally, the users of the interface should be okay with
doing smaller, fairly repetitive and non-complex tasks.

F. Ethical Aspects

Crowdsourcing is an efficient and flexible way of gathering
big amounts of data cheaply, but this form of work also rises
ethical questions. The low costs of crowdsourcing often stems
from crowdworkers’ lack of entitlement to either minimum
wage, insurance or overtime pay, as they legally are considered
to be independent contractors. Amazon’s Mechanical Turk
(AMT) infrastructure is also designed to keep questions of
labor conditions out of requesters sight.

“First, employers know very little about the
personal constraints, working conditions, or needs of
workers. AMT especially encourages this anonymity
by representing workers as alphanumeric strings.”
[8]

Furthermore, when using crowdsourced datasets for building
machine learning models, one has to be aware of the origin of
the data and the potential quality issues that occur when non-
expert crowd workers annotate datasets. A full guarantee on
the verified data cannot be provided, only a guarantee that it
has been examined by crowdworkers and therefore should be
of higher quality than before the verification. Consequently,
one should be careful when implementing this data in sen-
sitive applications such as medicine or autonomous vehicles;
and in such cases consider using expert workers with some
certification or professional training within the relevant field.
For example, characterizing diseases or X-ray images could
require a medical education, and thus verifying these kinds of
images should be limited to such an expert group. Related
to this, Cho, G. stresses the risks with VGI (Volunteered
geographic information) contributions in the geospatial area;
”/../ The risks are neither hypothetical nor inconsequential”,
and goes on to discuss the legal aspects of quality, data
ownership and liability in crowdsourced information [21].
Similar challenges would apply to a data verification service,
and since the usability can affect how well workers perform
at a task [22], it can be argued that optimizing the usability of
the interface is also a question of providing a ethical service.

G. Human-Computer Interaction

The focus on Human-Computer Interaction, HCI, is central
when developing a user interface to make sure all parts
fit together in a single, comprehensive user interface which
simultaneously fulfills the needs for what is to be delivered.
Often, trade offs are necessary; as in the case of this study
where the aim is to create both efficiency and enjoyability,
which may in some aspects be conflicting. Since a broader aim
of this study is to develop the field of mobile crowdsourcing
applications, focus needs to be on exploring the interplay
between the different factors which can make crowdsourcing
such a usable tool.

“One of the goals of human-computer interaction
research in crowdsourcing is to demonstrate the po-
tential for a brighter future for crowdwork in which
workers are able to accomplish together something
that they could not have accomplish on their own.”
[23]
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One of the most important factors of success of a crowd-
sourcing platform, just like any commercial mobile appli-
cation, is ensuring user retention by making interfaces mo-
tivating to use. In terms of crowdsourcing, the crowd will
only contribute if incentives are perceived as relevant and
the interface guides them in meaningful ways. The crowd
cares about working towards a cause or goal, but it can not
be assumed that the individuals of the crowd will share the
same goal as the requester [23]. Furthermore, a challenge is
to retain the users impression of purpose, despite the fact that
microtasks are traditionally decomposed to the level where
the understanding of how each workers contribution fits in the
broader goal is lost.

In paid crowdsourcing, earning money is a central incentive
and it may affect the quantity of the work done, but it
has not been shown to improve the quality of the work.
The level of usability, however, can affect performance, with
learnability as a major factor, and memorability and efficiency
being less important. Through well constructed work-flows,
we may achieve the wisdom of the crowd effect, meaning that
the group performs better than any one individual. Human-
computer interaction research seeks to understand such effects
by studying what factors affect the collective intelligence [23].

III. THEORETICAL METHODOLOGY

The methodology was divided into two main phases or
activities. Firstly the ’conceptual study’, which primarily in-
volves building an understanding of what functionality is desir-
able, and how it may be presented to the user. The conceptual
study involved a literature review, expert interviews and a
quantitative survey. The second activity, the ’design study’,
included developing a final prototype interface, a dataset for
user-testing as well as implementation of user tests in focus
groups. The design phase provided a deeper understanding
of functionality as well as data to motivate decisions in the
prototype development.

Conceptual study

A. Literature review

A literature review consists of a comprehensive review of
research within a specific area. The literature review results in
a summary, analysis and evaluation of the literature. Including
a literature review in a thesis can help justify the relevance
of the chosen research question and explain the background
necessary to understand the topic. Essential factors in a litera-
ture study is a critical and analytical approach to the reviewed
material [24].

B. Semi structured interviews

Semi structured interviews revolves around a series of fairly
open-ended questions based on relevant topics for the research
conducted. The open-ended structure allows for a discussion
between the interviewer and interview subject, where more
detailed information about the topic can be retrieved. However,
the analysis of data gathered from open questions is more
complex and requires more time to summarize than responses

from closed questions. A successful semi-structured interview
is often the result of much preparation involving the develop-
ment of interview schedule, testing the questions prior to the
interview, etc. [25]

C. Surveys

The design aspect is essential when collecting data via
surveys; not only to increase the amount of responses, but
also to improve the accuracy of the answers. In short, a
survey should be easy to understand, interpret and complete.
When designing surveys for research, one must consider both
reliability and validity. Reliability refers to the consistency of
a measure, whereas validity refers to the survey’s ability to
measure what it is supposed to. Furthermore, a survey should
not be too long as it may irritate the respondent and reduce
attention. However, this can be approached by increasing the
respondent’s perceived motivation for completing the survey
and by grouping questions together under a common themed
heading in a relevant sequence. Finally, ensuring that questions
are simple and short and include examples will reduce the risk
of misinterpretations [26].

1) Likert scales: In order to quantify opinions and attitudes,
the most commonly used method is the Likert Scale. The scale
can be designed in many ways, for example by using text
alternatives as follows:

Very Good Good Acceptable Poor Very Poor
S1 � � � � �

Another way is to define only the ends of the scale and then
use numeric alternatives as follows:

Strongly Agree 1 2 3 4 5 Strongly Disagree
S1 � � � � �

The number of alternatives presented can also vary, and
there is an ongoing debate regarding whether to include a
neutral middle category or not. Some researchers believe it
provides the respondents a true representation of the scale,
whilst other argue that respondents will opt for the middle
category in order to avoid making a decision either way [26].

D. Dataset creation

In order to conduct user tests, a test-dataset must be created.
Such a dataset should aim to mimic those which will be
used in an actual end product. This is important because it
will affect the layout of the interface; for example, if the
images of the dataset are low quality or complex, it might be
important to present the images more clearly than for simpler
images. Furthermore, the proportion of ’correctly labeled’
versus ’incorrectly labeled’ images must be considered to
create a realistic dataset. Finally, in a real dataset, many images
may be considered ambiguous for some users, so this factor
must also be acknowledged when creating the dataset.
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Design study
A. Prototype

In order to produce user tests, a prototype is needed.
Prototypes may be designed in multiple tools, ranging from
simple Wizard of Oz-models to complex native applications.
The choice of tool should depend on the characteristics of
the application and the needs of accuracy of the test. The
selected methodology or tool may directly affect results of user
tests; for example, a user will perceive a sketched prototype
as conceptual rather than detailed and will thus give broader
feedback. However, a user will perceive a native prototype as
more of a finished product and thus give feedback based on
that perception7. A prototype designed in a tool similar to what
can be expected to be used for the end product can provide
more accurate and useful results in the user tests. Furthermore,
when designing a novel interface, it is often relevant to develop
some baseline version of the prototype, which the succeeding
designs can be compared against.

I) Efficiency: As the user does not have an unlimited time
frame to finish the task, the aim must be to allow the worker
create the most value possible in the limited time he uses the
interface, while ideally not reducing the enjoyability of the
interface.

II) Enjoyability: Besides the efficiency of the interface,
another fundamental factor is the enjoyability, as it is strongly
proportionate to the achieved user retention. In a paper,
Thomas W. Malone presents an exhaustive set of design prin-
ciples which promote users’ intrinsic motivation to perform in
services. The heuristics are drawn from computer games and
are closely related to what is today named gamification. More
specifically, Malone suggests that factors that make computer
games enjoyable and fun to use may also be applicable in
a non-gaming context. The framework includes three main
categories; challenge, fantasy and curiosity, which all include
several HCI principles [27]. The principles can be viewed in
Appendix B.

It is important to note that not all principles are equal
in terms of impact on the perception of the interface. Thus,
the importance of each principle is weighted differently. For
example, Malone showed significant differences between girls
and boys in the use of intrinsic fantasies. Implementing such
fantasies in the interface may be very efficient, but it is also
very important that the right fantasy is selected. This is shown
by how the study added graphics for popping balloons which
caused boys to enjoy the game significantly more, while for
girls, it was one of the least successful additions [27].

The principles can act as a guideline when designing user
interfaces by providing an objective measure of the enjoyabil-
ity of the interface, through measuring the level to which the
interface fulfills the principles. This method is mainly useful
for prototyping in the conceptual phase before there is access
to subjective perceptions through user tests.

B. Focus groups
User testing in focus groups was conducted in order to

develop the novel interface. In addition, the focus groups

7Thuresson Bjorn, April 28, 2018. Personal interview, Nairobi

allowed for observing and evaluating the performance of the
interface. Qualitative approaches are often criticized for being
influenced by the researchers own biases, but are by many
considered to offer an environment where the participants are
far more likely to provide sensitive data. Thus, a combination
of in-depth qualitative focus groups and a more general survey
was decided to be a suitable approach for this study and its
needs. The group size affects how comfortable the participants
feel, the amount of details in their answers and the diversity
of discussions [26].

IV. IMPLEMENTATION & RESULTS

Consult Appendix A for an illustration to overview the
design process consisting of a conceptual study and a design
study.

CONCEPTUAL STUDY

A. Literature Review

A literature review was conducted in order to build a
foundation in terms of knowledge about the two main target
groups; workers and requesters. The review indicated strong
demand for mobile crowdsourcing applications as several
successful web services are already on the market while mo-
bile use continues to grow. Contextual information about the
geographical area of East Africa and specifically Kenya was
also collected; for instance, the fact that Kenya is on its way
to becoming a ’mobile-first’ country with a per capita income
approximately 30 times lower than Sweden. This shows a
potential crowdworking target group exists, and an increasing
mobile adoption endorses the use of a mobile platform for this
type of solution. The literature review also highlighted ethical
issues that arise when using crowdworkers, as well as the
importance of a sustainable business model. Furthermore, the
importance of high quality data in sensitive machine learning
applications was stressed, which strengthens the need for
data verification solutions. Finally, several theoretical models
and methods for data verification, such as the recent Revolt
concept, were explored in order to develop a concept in line
with the latest research in the area.

B. Semi structured interviews

To understand the needs and issues of the requester target
group, qualitative face-to-face interviews were conducted with
representatives from this group, as well as with persons who
have insight in the applications of datasets, including experts
within machine learning and artificial intelligence. The persons
interviewed are presented in Table I.

Person Institution Relevancy

Sharon Mugambi Strathmore University Expert of NLP applications
Stephen Obonyo DataPivotAfrica Expert of image recognition
Anonymous Strathmore University Representative from the target group

TABLE I: Interview subjects

The interviews were conducted according to semi-structured
methodology, meaning a set of open questions were pre-
defined, and at the time for the interview, combined with
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opportunities for further discussion and exploration of re-
sponses. Such an interview format was deemed relevant at
this formative stage to extract the most amount of valuable
information possible. Furthermore, a semi-structured interview
and a complementing think-aloud study were conducted with a
student at Strathmore University to retrieve broad feedback on
the initial prototype sketch from a representative of the target
group. This allowed for important feedback to be considered
before the more time consuming focus group user tests took
place, thus making sure as much relevant information as
possible could be extracted from the actual user tests.

Mrs. Mugambi, expert in machine learning applications and
particularly natural language processing models, explained the
problem with finding high quality datasets in Kenya, stemming
from complex policies and lack of system structure. She
considered this to hinder the development of the machine
learning field in the country and she sees crowdsourcing as
an alternative way of collecting data, with the main advantage
that high quality datasets could be created and tailored to very
specific needs. Though, she stated data quality must be ensured
for it to provide real value.

Stephen Obonyo, Machine Learning Researcher at Dat-
aPivotAfrica with experience in pattern recognition provided
valuable information from a requester’s point of view, as he
uses labeled data in various machine learning applications.
Mr. Obonyo was positive towards collecting data through a
crowd, but also emphasized the importance of data being of
high quality, as many of his projects involve sensitive AI
applications in the medical field. He further expresses his
opinion on choice of platform for a crowdsourced labeling
service as:

“Definitely mobile. For example the students at
Strathmore would be able to just bring their phone
up for a few minutes in between their classes. And
data plans are also really cheap here in Kenya, so
you can do it from everywhere.”8

Feedback from the semi-structured interview and the think-
aloud study with the Strathmore student indicated on some
conceptual changes, the main one being avoiding the intended
comment function. In line with the Revolt interface and
findings from the literature study, the initial concept of the
interface intended to implement functionality where the user
was given the opportunity input a comment in difficult or
ambiguous image verification cases. However, it was con-
cluded that the comment function was too complex and time
consuming to utilize, while not providing a justifiable value
to the interface. It was decided it was more in line with the
general purpose of the application to instead allow the user to
color-mark unsure images by a long click, but not requiring
them to input a comment. This functionality can be viewed
in the final prototype, found in figure III. This method would
still allow for a reviewer at a later stage to decide which of
the images marked as unsure are actually correctly labeled and
which of them are incorrectly labeled.

8Obonyo, Stephen. May 18, 2018. Personal interview. Strathmore Univer-
sity, Nairobi

C. Survey

1) Introduction: A survey was used in order to understand
the target group of potential crowd workers, as well as to
verify or falsify results from the literature review regarding the
Kenyan context and the attitude towards microtasking jobs and
ethical viewpoints. The survey was distributed to a primary
group of students at the Faculty of Information Technology
at Strathmore University. This was primarily done through
email, via two of the universitys lecturers Dr. Shibwabo and
Mrs. Mugambi. The survey was also distributed in local
WhatsApp groups at Strathmore University, as it was the major
channel of communication between the students. In order to
create incentive to complete the survey and apply to further
participate in user tests, the participants selected for the focus
groups were offered a free cup of coffee from the school
cafeteria.

The selected students were determined to be a representa-
tive collection of people for the crowd worker target group,
according to the four characteristics specified under subsection
2.3.1 in section II. The characteristics of the respondents
were however further investigated in the first section of the
survey, in order to verify the degree of representativity of
this group. Worth mentioning is that there is no known
probability of the students belonging to the actual population
and therefore the selection of survey respondents involve some
extent of selection bias, and their background thus might skew
the responses in a systematic manner. However, this bias is
reduced by factors such as 10% non-students amongst the
respondents, a high response rate of 102 people, as well as
a balanced distribution between the genders.

The survey consisted of four main sections. Section one
maps respondents in terms of basic facts such as age, oc-
cupation, gender etc. Section two is dedicated to human
computer interaction factors, aiming to help understand what
characteristics make the respondents use mobile applications
and for which purposes. Section three investigates behaviour
and attitude towards participating in crowdwork, including
questions on payment, and stability versus flexibility. Section
four collects information on crowdsourcing, containing ques-
tions about previous experience of crowdsourcing services.
The fourth section includes an additional question on payment;
however framed differently to indicate whether working a
shorter or a longer consecutive period matters for users when
determining required payment. Finally, section five offered the
opportunity to sign up to the focus group to take part in user
testing.

Section two and three implemented Likert scales with a
range of 5, making the responses quantifiable for analysis. The
questions were designed to allow the respondents specify their
level of agreement symmetrically for a series of statements,
which makes it possible to compare the intensity of the re-
spondents’ opinions. Thus, this method for capturing behavior
and attitude was deemed to be suitable for both section two
and three of the survey [28].

2) Background information: The background section re-
trieved information from the respondents to get an idea of
who the person behind the answers is. This section may be
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used to draw conclusions regarding if background affects the
subsequent responses in some way, and to analyze the diversity
of respondents and how representative they may be for the
population i.e. target group.

2A) Gender & age: An even distribution between the
genders can be found with 42% females and 56% males
present, where only 2% of respondents chose not to specify
gender. This indicates a balanced group of respondents, not
skewed in either direction in terms of gender. The age of
the respondents varied between the age of 18 to 26. 78% of
respondents were between 21-23 years old, with an arithmetic
mean of 22.03 years old. This indicates the respondents are a
group of people that naturally are technologically competent,
growing up in the late 90s in the era of Internet and digital
paradigm. Refer to Appendix C for the chart displaying age
distribution.

2B) Occupation: The survey was sent out to first and
foremost students at the Faculty of Information Technology
at Strathmore University, but was forwarded to a small group
of former students and non-students; the results show 10%
non-students, respectively 90% students. The fact that this
small group of non-students were present was considered a
positive factor contributing to the diversity of responses. The
non-student group were similar in age as the student-group,
ranging between 22 and 25 years old and could thus still be
considered to belong to the target group; they might actually
be an even better representation, since they most likely are in
greater need of a source of income (criteria iii - want to earn
money), and are more likely to have more idle time during the
weekdays (criteria i - have spare time), which is two of the
core criteria of our target group.

Amongst the studying population, 75% did not work, 18%
had a part time job and only 7% worked full time. This can
be explained by most Kenyan universities require a high level
of attendance during the classes at day time, which leaves
little time for maintaining a part time job simultaneously. This
is furthermore indicated by the survey question regarding the
respondents amount of non-productive time. Amongst the non-
studying group 20% did not work, 20% worked part time and
60% worked full time. This indicates there is most likely some
spare time present in their everyday, which potentially could
be filled with doing crowd tasks for money.

3) HCI behaviour: This section determined which factors
the respondents appreciate in mobile applications and the
reasons they use them. The following seven reasons were
presented on a Likert scale format:

• The possibility of earning money.
• Connecting with friends.
• Learning something new.
• Challenging myself (brain games, etc.).
• Completing tasks (payments, shopping, etc.).
• Passing time or entertainment.
• Increasing my social status.

It seems a very common or the only reason the respondents
use a mobile application, is ‘connecting with friends’. Also
‘passing time or entertainment’ is a common reason behind
using a mobile application. The possibility of earning money

and increasing social status were more seldomly interpreted as
drivers. Finally, the respondents somewhat often use mobile
applications to learn something new, challenge themselves or
complete tasks. Refer to Appendix D for a figure displaying
the responses on HCI behaviour.

In regards to payment, respondents required similar pay in
terms of money per time unit, independent on the length of
the working session; thus, no trend was evident. The results
indicated people were interested working a period of 5 minutes
for anywhere between 11-71 KSh, which translates to 0.10-
0.70 USD, or an hourly rate of about 1.1-7.7 USD. This
shows a dynamic labor market with a diverse range of pay
requirements, which could fit with the crowd tasking segment
and target group defined for this study. Refer to Appendix E
for a graph over sufficient pay.

4) Crowdsourcing and work attitude: In this section, the
attitude towards working in general and doing microtasks
in particular, such as participating in crowdsourcing, was
explored. Seven statements were presented on a Likert scale
format to map out the respondents behavior and attitudes:

• I feel comfortable using a smartphone.
• I feel like I need more money.
• I want to earn money by working.
• I am okay with doing smaller tasks, even though they

might be repetitive.
• I feel that I have ”non-productive” time during the week

which could be used to work with small tasks for money.
• I think doing small tasks through a mobile platform is a

respectable source of income
• When I work I value stability, even though it may cost

me the flexibility of choosing when and where to work.

As shown by the chart in Appendix F, a high level of
agreement could be observed amongst all the statements, as
the absolute majority of respondents either strongly agreed or
agreed with the statements. However, statement five, regarding
non-productive time, indicates a relatively high amount of
aggregated disagreement; thus, it seems respondents do not
feel that they have non-productive time which they could fill
with working on small tasks. This could be due to the fact
that people tend to perceive themselves as busy and would
not want to think of themselves as lazy or unproductive,
which agreement on such a question would indicate. However,
there is still a clear majority of 79% that agrees with the
statement to some extent. Another interesting observation is
that there is less relative agreement with the seventh statement
regarding work stability, which indicates some people might
actually value flexibility of choosing when to work, something
microtasks would offer. The high level of overall agreement
further indicates that the respondents would fit well into the
target group of the study and be good representatives of it.
Statement six, regarding small tasks as a respectable source of
income also has a high degree of agreement with respondents,
indicating there does not seem to be a cultural issue with how
microtasks are viewed from a status point of view.

5) Previous experience of crowdsourcing services: Few of
the respondents had previous of crowdsourcing services. Only
7% had used crowdsourcing applications, such as Amazons
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Mechanical Turk, to make money. Amongst those who had
participated in crowdsourcing services, the best aspects of
these systems were primarily described as:

• Simplicity.
• Guarantee of job and payment.
• Fast response on work.

6) When to do crowdsourcing tasks: Respondents could
imagine doing crowdsourcing tasks during their free time in
general, and primarily during afternoon and evening, but also
during idle time in school such as lunch breaks. Another
common situation was when commuting in traffic to or from
school. Some responses were ‘when stuck in traffic jam’,
‘on public transport on my way to/from school’ and ‘when
travelling for example when in a matatu’. This can relate
to inefficiencies and problems facing Nairobi’s traffic, such
as long and frequent traffic jams meaning lots of idle time,
which could be spent working with mobile microtasks. Note
that these example answers have been codified as commuting
in order to be presented in aggregated groups. Also note the
fact that the groups are not exclusive in any manner, they are
simply clusters based on the manual codification of detailed
answers or responses which could considered as belonging to
several categories. This means there are subsets present; for
example, free time could include all of the other categories
in some sense. Some simplifications have also been done in
the codification process, such as when eating will be coded
to lunch time or rest time at end of class as breaks, based
on the most frequent response categories. This data presented
in Appendix G should thus be viewed in a more indicative
manner.

7) Interest for further participation: The respondents were
positive to further participation in the study and being part of
focus groups; 69% wanted to participate, 28% maybe wanted
to participate and 3% were not interested. This provided
flexibility in terms of choosing the composition of the focus
groups.

D. Dataset creation

The dataset was constructed to represent a balanced combi-
nation of typical crowdsourcing tasks, which in a real scenario
would be able to assist the training of an AI.

1) Collection of dataset: The dataset used for user test-
ing was manually collected and classified. The images were
sourced from ImageNet9, but the label used did not neces-
sarily correspond with the label, or ’synset’, from ImageNet.
Labeling all images was a relatively tedious task, but no other
existing dataset fitted the needs and requirements of the study.
Furthermore, manually doing the classification ensured the
quality of the labels, and they could thus be used as a golden
standard when evaluating the performance of the users.

2) Composition of dataset: The dataset was composed of
three types of images; cats, cat-similar and non-cat images.
The non-cat images where subsequently divided into images
which can be considered easy to differentiate from cats, repre-
sented by hammers, and more difficult images, represented by

9ImageNet, http://www.image-net.org/

dogs, where the decision time may be longer due to the lack of
distinct visual difference. The assumption is that all data points
should truthfully be cats, but some errors i.e. non-cats have
been introduced. In addition, some ambiguous images which
cannot easily be categorized according to the instructions were
added to the set. The overall idea was to acquire a realistic
difficulty level, yet a simple mix of items. The group of ‘cat-
similar’ images were present to test the user on some higher
level of individual judgment that would require additional time
to verify and where user input through the custom functionality
may be relevant. Since more than one alternative within the
’cat-similar’ could be correct, the images of this category are
not used to test accuracy, but rather as a test of the mark-as-
uncertain functionality.

Category No. of datapoints Percentage

Cats 140 90.9%
Cat-similar 5 3.2%
Dogs 7 4.5%
Hammers 2 1.3%

Total 154 100%

TABLE II: Dataset composition

3) Split of dataset: Since the dataset should simulate a real
pre-labeled dataset, it is assumed this dataset is of a certain
quality already. Thus, the dataset consisted of a vast majority
of cats. However, in order to investigate the performance of the
novel interface it was important that the dataset also contained
other images left for the user to identify, and the dataset
therefore contained a higher degree of incorrect labels than
what would be considered realistic in a high quality dataset.
See table II above for the dataset split.

4) Order of datapoints: The presented dataset was the same
for all participants and the two sessions of user testing in focus
groups. However, the order of presentation of the images was
randomized upon each new test. This may have affected the
performance as the users in the second session had seen all
images once before, but it still reduced the number of dynamic
parameters of the testing environment, which was desirable.

E. Conceptual prototype

1) Creating the baseline interface - Grid-view: The base-
line interface was designed as a reference point which the
performance of the novel Touch-Hold-Release interface could
be compared against during the different activities. The inter-
face was designed minimalistically, letting the user complete
the task in the simplest way possible. Thus, it was a good
foundation for studying the effect on efficiency and enjoya-
bility from additional design features. The baseline interface
was designed similarly to Googles ReCaptcha 2.0, as it was
deemed to have similar binary decision making functionality
on images used for machine learning applications. The grid-
layout was dimensioned to 3 vertical and 2 horizontal rows,
also similar to ReCaptcha and many other solutions such as
online shops and galleries. As the interface was only developed
as a benchmark within the scope of this study, it is not to
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be developed further after the first conceptual design. The
resulting interface is found in the following Figure I.

FIGURE I: Baseline grid interface

2) Creating the conceptual Touch-Hold-Release prototype:
In order to conduct proper user tests, an Android prototype
was created. The interface was designed natively for Android
partly due to its wide adoption on the Kenyan market, but
also as it was considered the best method for creating an
interactive experience for the user. Developing natively for
Android, we were able to create an interface acting as the
actual end-product would and thus, more valuable information
could be extracted from the user tests. Furthermore, much of
the functionality, such as presentation and selection of images
are too complex for traditional prototyping tools or Wizard
of Oz models. The primary drawback when designing the
prototype natively is the time consumed, but using a minimum
viable product (MVP) development technique, implementing
only core functionality for testing, the factor of time can be
reduced and thus, advantages become greater than the negative
factors.

The first version of the novel interface, named Touch-Hold-
Release, was developed primarily based on the literature re-
view. As the novel interface should be a catalyst for efficiency

as it is defined in the scope of the study, much attention
was directed to user experience through Malone’s design
principles, which are listed in Appendix B. Thus, gamification
is an area where much of the effort has been put to and this
is one of the many areas where this interface aims to differ
from the basic interface.

I) Efficiency: The interface is fundamentally inspired by
developments in fast-reading tools developed by companies
such as Spritz and Spreeder. Such tools implement a model
named ’Rapid serial visual presentation’, where information
is continuously presented to the user in the same place, at
a rate of around 10 items per second. Such methods have
proven to increase reading speeds significantly by presenting
the user with a fixed point to focus where new words appear
automatically. Such a model increases reading efficiency as the
user can read without having to move his eyes to refocus on
each word. The idea of presenting new information in a fixed
point is what has inspired the Touch-Hold-Release interface,
as the fundamental idea of presenting information in a way
where the user action is minimized is attractive to the study.
However, there are substantial differences from Spritz’ and
Spreeder’s models because the users are expected not only to
consume, but also interact with the information. Furthermore,
while Spritz and Spreeder works with text, this interface must
handle image data.

It can be argued that such a method for presenting infor-
mation is even more relevant for this type of an application
compared to a reading application, as a main constraint
with speed reading is the rate to which the brain can write
information to memory. I.e, if words are presented too quickly,
each new word presented will be perceived by the brain, but
because the rate is so high, the new words will ”overwrite”
the previous words in the brains buffer. [29] This is an issue
when reading, since reading comprehension and the context is
lost. However, in this application, as the user does not need
to remember previous images, ’overwriting’ the brain’s buffer
is not an issue; which allows for even higher speeds.

II) Enjoyability: The design features which aim to ensure
the enjoyability of the conceptual prototype is to a high
degree derived from Malone’s design principles. Malone’s
principles may be seen as the contrast to the design principles
of efficiency, as they do not focus on the performance of the
user, but rather on how enjoyable the interface is perceived
to be. Malone’s principles improve the factor of enjoyability
in the interface by providing meaningfulness and endorsing
long term usability and thus, user retention. Re-framing the
interface as a toy, incorporating intrinsic fantasies, rather than a
tool would be appropriate for making the tasks more enjoyable,
as the tasks in itself could be considered routine or even
boring. Malone’s principles for enjoyable interfaces can be
categorized as ’Challenge’, ’Fantasy’ and ’Curiosity’, each
including certain heuristics, found in Appendix B:

II.A) Challenge: The different heuristics were not equally
intuitive to implement. The heuristic 1.1 was relatively easy to
implement as the user is considered to have completed the task
when all images have been presented. Thus, the performance
is directly related to the proportion of images which the user
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have been presented with. The outcome of reaching the goal
is thus certain as long as the user continues the task until the
end, contradicting Malone’s principle 1.3. However, to make
goal outcome uncertain, functionality such as time or accuracy
targets may be implemented.

Furthermore, as the interface is in a broader context aimed
to be a part of a crowdsourcing service, a monetary reward
is implied for the work done. Thus, each image presented to
the user relates to a monetary reward, so progress for the user
may also be considered in terms of the amount of money which
has been made, according to 1.1. Thus, an intuitive solution
which was implemented was to design a progress bar, showing
the amount of images which has been presented in relation to
the total, side by side with a counter displaying the absolute
amount of money the user has earned, according to 1.1 and
1.5.

In regards to variable difficulty level (1.4) the interface
implements a button which is held down in order to start
presenting images, and the button may then be dragged to the
left to decrease the speed with which the images are presented
or to the right to increase the speed. This is a very important
feature as it allows the user to progress in difficulty level,
resulting in the tasks always posing an equally rewarding
challenge, while letting the user earn more money as their
skills increase because they can view more images in less
time. It also allows the user to adapt the speed dynamically if
they become tired or for some other reason temporarily want
a slower or higher speed.

II.B) Fantasy: In order to embody fantasies (2.1), the
progress bar is designed as a man running towards a finish line,
getting closer for each image presented. This could be seen
as a metaphor for progress, as the runner gets incrementally
closer to finish line for each step taken, being a metaphor
for getting incrementally closer to finishing the task for each
image presented (2.2). The specific artefact of a runner was
chosen as a fantasy because it may be more appealing to a
Kenyan user, as long distance running is a very popular sport
in the region.

II.C) Curiosity: The interface is designed with simplicity
in mind, reducing unnecessary information which does not
contribute to the efficiency targets of the interface. There is a
tradeoff when adding new information between the distraction
from the actual task and the value added in terms of user
experience, which has been considered when adding new
elements to the interface according to the principle 3.1. The
structure of presenting the user the most recently shown
images larger than the older images is a way of reducing
informational complexity by letting the user focus on what
is assumed to be most important.

The images will appear in a randomized order, thus meeting
the criterion 3.3 of randomness. A further factor of random-
ness is shorter humorous texts (3.4) which are presented as
feedback for the user on activity, such as when an image is
selected, but texts may also appear based on progress.

As the task is fundamentally for the user to supply informa-
tion, the heuristic 3.5 is somewhat difficult to implement as it
assumes that the interface has information which the user does
not. At this stage, the heuristic has not been implemented in

the interface. However, through letting the user mark unsure
images by a yellow color, it does capture and handle situations
where users feel their knowledge is incomplete, inconsistent or
unparsimonious. It does not provide new information in such
a situation, which may be something to consider for future
iterations. The heuristic 3.6 is implemented to some degree
as some images are ambiguous or difficult to label, which is
also clearly explained to the user with the purpose of showing
the user how to handle such a situation. The results of these
ambiguous ’cat-similar’ datapoints in the user tests can be
viewed in Appendix J and K, where it is evident 4 out of 5
users actually use this yellow-mark functionality for datapoints
which they are unsure about.

F. Conclusion

The conceptual prototype was developed based on the activ-
ities in the conceptual phase, including the literature review,
interviews and the survey, as described. The main logics of
the conceptual prototype interface have been derived from
an understanding of stakeholder needs through the activities
throughout this section. It has then been designed to meet the
needs of both crowdworkers and requesters, resulting in the
following worker process:

1) When the worker holds a button, a series of images will
start appearing with some frequency, mutually centered
to a focus point. The user may drag the button side wise
to adjust the rate with which the images are shown. Refer
to the following Figure II for the presentation view.

2) The task is to identify images considered as ’non-cats’
and when such an image is identified, the user releases
the button.

3) As the button is released, the 6 last images are presented
in a grid-view, with the most recent images being pre-
sented from the bottom and being larger in size. Refer to
Figure III for the selection view.

4) The worker then click the image(s) judged to represent
’non-cats’. If the worker is uncertain of a certain image,
he may long click the image in order to mark it as unsure.

5) Once all decisions have been made, the worker may once
again hold the button to start presenting new images until
finished.
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FIGURE II: Novel interface - image presentation

FIGURE III: Novel interface - image selection

At the end of the conceptual phase, Malone’s principles are
satisfied as follows in the following Figure IV:
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FIGURE IV: Radar chart for Conceptual Protoype
0 = no support, 1 = limited support, 2 = good support

DESIGN STUDY

After developing the conceptual prototype, the following
step is to create the final prototype within the scope of the
design study.

A. Creating the final prototype & testing the conceptual
prototype

The first step to create the final version of the interface was
to review the first conceptual prototype. This was done by
conducting user tests with the focus groups from Strathmore
University. The purpose of such user tests was to collect and
evaluate information about user needs and expectations. As
this was the first stage of the design study, the scope was
broad and aimed to find major errors which users felt needed
to change either to increase the efficiency or enjoyability of
the interface. The feedback from the user tests were used as
an indication on need for change and not a definite answer
to how the feature should be changed, which would rather be
found in literature. The required changes were then defined
and implemented in the functional prototype, resulting in the
‘Final Prototype’.

A focus group size of five people was decided to be
appropriate for this study. This group size was determined
to be a manageable, yet big enough group, to keep the
conversation going without intimidating the participants. [26]
also propose the idea that a homogeneous group of people
may find it easier to talk to one another, which the group of
students at Strathmore fulfill. At the same time this group is
deemed to be representative for the target group, which makes
the results derived relevant.

The focus group participants were chosen based on if
they had submitted interest of further participation in the
last section of the survey. In order to reduce the degree of
subjectivity, the focus group participants were chosen in a
completely randomized manner amongst the students willing
to participate.
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The user testing was carried out individually at first, in order
to let all of the focus group members acquaint themselves with
the interfaces and conduct the tests for evaluating performance.
Then a focus group discussion followed, based on a set of
predefined questions about the interfaces. The main questions
asked were:

1) Which interface do you believe you performed fastest at?
2) Which interface do you believe performed most accurate?
3) Which interface do you think has the capacity to be most

efficient?
4) How likely do you think it is that you made a mistake?

The efficiency or performance measure is based on the
aggregated performance of all individuals using the interface
in the user test. Followingly, each individual performance is
based on the number of true occurrences of respective category
that were identified versus missed. The performance results on
the first conceptual prototype can be viewed in Appendix H.

I) Efficiency: The results of the user tests on the conceptual
prototype are as follows, indicating a higher precision when
using the Touch-Hold-Release interface as compared to the
baseline grid-view interface. The users also perceived their
performance the same way, with them thinking their output
with the novel interface was more accurate and that they would
be less likely to make a mistake using the novel interface.

The users believed they initially performed faster with the
grid view, than the novel interface. While time consumed
increased when using the novel interface, user feedback also
indicated that they found the novel interface more complex
and that they would probably perform better also in terms of
time consumed after a few attempts.

During the think-aloud tests, users indicated that they were
surprised or even shocked at the beginning, as the images
showed up very quickly and they did not know what to expect;
and one user recommended slowing down image presentation
rate slightly at the start. However, all users showed quick
progress, indicating a high learnability. The majority of the
users also believed the novel interface would have the highest
capacity to be most efficient. This is still something which
needs consideration, and for the second prototype, some
changes were made to counter this issue, including slowing
down the images presented somewhat when initially holding
the button, to then accelerate back to the normal speed.
Furthermore, clear instruction were added at the start allowing
the user to understand precisely how the application were to
work. Non-invasive reminding instructions were also added to
the interface to appear during the process of the work.

Several users pointed out that it is annoying that the go-
button returns to the original state, aligned to the left side
of the screen, and that it must be dragged back every time
the user wishes to start presenting more images at the same
speed. Recommendations were given that the button should
stay where the user left it to allow for starting at the same
speed as it was left. This was handled by locating the default
button position in the middle instead of the left. Furthermore,
the speed function was converted from linear to exponential,
so the user has a wider range of speeds to select from within a
shorter range of finger movement. It still returns to the middle

for each time so there is never a possibility of starting at full
speed as this could interfere with accuracy before the user has
gotten used to the high speed.

One user pointed out that two images could be presented
side by side instead of only one. However, this contrasts the
efficiency theory by using speed-reading models, as the users
would then have to move their eyes from the central focal point
in order to view both images. Furthermore, this design would
contrast reactions on the grid-view where users experienced
that their mistakes were due to a too high number of images
shown at the same time. Thus, this idea was not implemented
in the prototype.

II) Enjoyability: To a high degree, user feedback often
surrounded the use of gamification which was appreciated
and several users related their experience with the interface
to experiences with mobile gaming applications. To extend
the perception of the interface as a game or ’toy’ instead
of a task or ’tool’, users recommended adding visual and
audio effects to amplify the experience additionally, by giving
examples from games they have played. To do this, audio
and to some degree also visual effects were implemented
according to Malone’s principle 3.2. Such effects are used
as decoration to a limited degree, for example as a signal
when the user selects he is ready to begin the task, but to a
higher degree it is used to enhance fantasy. This was done
by implementing a sound of a coin dropping as well as a
visual of an amount of money being added to the total sum
for each new image presented. Audio and visual effects are
also used as representation systems such as a swooping sound
when the user begins to present new images and a encouraging
sound effect when a certain proportion of the images have been
shown, i.e. when the user has made certain progress.

Furthermore, users noted that the humorous feed-back texts
were sometimes interfering with the task as they appeared
surprisingly. Thus, there was an obvious need for improving
the texts to that they would appear in situations only where
they felt relevant and non-intrusive (3.4). This was solved by
reducing the rate of such texts, and especially moving their
appearance from when the user is in image-presenting mode
to when they are in image-selecting mode as there is more
room for distraction and less time pressure at this stage. The
texts were also redesigned to be more thoughtful and related
more to the situation of the user.

To increase distinction between the images, a black screen
had been added in between the presentation of each image for
the conceptual prototype. Users noted that the black screen was
annoying and disturbing to the enjoyability of the interface. As
a result of the feedback, and as it directly adds unnecessary
time, it was removed for the final prototype.

At the end of the design phase, Malone’s principles are
satisfied as follows in Figure V, compared to the prior phase:
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B. Testing the final prototype

The final user tests showed no clear indication of improve-
ment in performance, but a slightly more consistent perfor-
mance of the novel interface could be observed. Also, the
completion time of the novel interface was reduced compared
to the first conceptual prototype; as well as relatively to the
incremental improvement in speed that could be seen between
the two baseline interface measures, which could indicate the
improvement is not exclusively due to the users having seen
the images before. It also became clear that the final interface
is more complete, as the user feedback was expressed on a
lower, more detailed level. The mark-as-unsure functionality
was left unchanged from the first prototype, and in the final
user test, no obvious change could consequently be observed
in usage between the subjects. Still 4 out of 5 subjects used
the yellow-mark functionality. However, the functionality was
used for a slightly higher amount datapoints, with 9 datapoints
marked as unsure versus 7 in first prototype, which could be
due to the users being more familiar with the user interface
the second time. The results of the cat-similar datapoints can
be viewed in Appendix K. The performance results of the final
prototype can be viewed in Appendix I.

V. DISCUSSION

A. Findings

To answer the research question regarding the development
of an efficient and enjoyable mobile interface for crowd-
sourced dataset verification, a prototype of such an interface
was finalized. As indicated by the user tests, the novel interface
possesses great potential to become an efficient and enjoyable
mobile interface for binary decision making on images. The
final prototype indicated a slightly more consistent perfor-
mance compared to the first novel interface. This shows that
further development could improve efficiency even further,
even though the degree of the improvement would likely
decline as changes focus increasingly on details rather than
the concept in itself. However, the amount of subjects in this
study were too few to make any certain conclusions regarding
this. Sources of errors, such as the fact that the subjects had

seen the datapoints prior to the final user test (in the first one),
could be the reason for this slight improvement as well. As
the scope of the study had to be limited, further quantitative
user studies to verify the performance improvement between
the first and final prototype of the novel interface are needed.

The findings of this study present an interesting opportunity
for developers of mobile applications looking to build applica-
tions existing in the intersection efficiency and enjoyability. It
also emphasizes the usefulness of a ’rapid serial visual presen-
tation’ interface for applications outside the traditional, which
is usually confined to speed reading tools. While developing
an interface with a specific purpose, the study also shows how
gamification principles may be implemented practically in a
mobile application, which is a useful addition to the extensive
theory on the subject. In addition, the study has explored
the subject of usability of mobile applications regarded as a
tool rather than a toy, and which usability factors become
important in such a scenario. Furthermore, the importance of
the learnability factor is emphasized especially in a modern
mobile interface, as the users patience and tolerance for long
learning processes is low. This is partly founded by the high
competition on the mobile application market, providing users
with an ever increasing number of alternatives, all trying to
attract interest. The need for learnability is further indicated
by positive comments during the user tests regarding the fast
rate which the user understands the novel interface as well as
comments on its intuitivity. In regards to the error factor, the
novel interface is clearly shown to be the best performer as
no mistakes were made by any of the users during the user
tests, while the baseline version resulted in several mistakes.

The findings also gives insight on the conditions regarding
possibilities for crowdsourcing applications in an East African
context, and specifically in Kenya. Kenya is leading globally
in share of internet traffic coming from mobile phones, has a
solid internet infrastructure and is on its way to becoming a
mobile-first country, while still having a relatively low average
base salary which creates leverage when producing value for
countries with a higher cost of labor. Furthermore, as shown
by the survey, more than 4 out of 5 Kenyans from the target
group strongly agree to be comfortable using a smartphone
and to be interested in working to earn money. The survey
also showed that only half of the respondents strongly value
stability, if increased stability means reduced flexibility of their
work. Thus, people put a high value on flexibility of when and
where to work. These are indications that flexible tasks like
part-taking in crowdsourcing are sought after by labor on the
Kenyan market as well, even though some ethical questions
regarding stability of income remain.

B. Methodology

The methodology proved to be efficient in developing a
for-testing interface developed using a detailed prototyping
tool, specifically Android native development, as the native
interface could be updated precisely according to the user
feedback. In a scenario where a simpler prototyping tool had
been used, the methodology may have been less efficient,
especially at a later stage as it is difficult to adapt and respond
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to the very detailed feedback from the users. A relevant
alternative to fully developing natively could have been to
initially implement the interface in a sketching tool, and as
the process develops, change to a more detailed tool. This
method may have saved us time and reduced the amount of
work that needed to be redone.

In regard to the user tests, it would have been desirable to
conduct a higher number of user tests, as it would transform
the approach from being solely qualitative and indicative to
also being quantitative which may be an advantage when
motivating important changes to the interface. User group
selection is also a matter for discussion, as different people
may be biased differently. As is, the user studies were ex-
clusively conducted on students of Strathmore University in
Nairobi, Kenya. While this user group is very important and
representative of the group which may use such an application,
a broader selection of test subjects would be desirable to
diversify and reduce biases which the Strathmore students may
possess; also increasing the number of focus groups studied
in parallel would be desirable for comparative purposes.

C. Conclusion

In conclusion, it’s evident that the novel Touch-Hold-
Release interface can be an efficient alternative in regard to
speed and accuracy in binary data selection and it can also
provide an enjoyable experience for the user.
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APPENDIX B
Malone’s Principles

1. Challenge
1.1 Is there a clear goal in the activity?
1.2. Does the interface provide performance feedback about
how close the user is to achieving the goal?
1.3. Is the outcome of reaching the goal uncertain?
1.4. Does the activity have a variable difficulty level?
For example, does the interface have successive layers of
complexity?
1.5. Does the activity have multiple level goals?
For example, does the interface include score-keeping?
2. Fantasy
2.1. Does the interface embody emotionally appealing
fantasies?
2.2. Does the interface embody metaphors with physical or
other systems that the user already understands?
3. Curiosity
3.1. Does the platform provide an optimal level of
informational complexity?
3.2. Does the interface use audio and visual effects:
(a) as decoration, (b) to enhance fantasy, and
(c) as a representation system?
3.3. Does the interface use randomness in a way that
adds variety without making tools unreliable?
3.4. Does the interface use humor appropriately?
3.5. Does the interface capitalize on the users desire
to have well-informed knowledge structures? Does it
introduce new information when the users see that their
existing knowledge is: (1) incomplete, (2) inconsistent, or
(3) unparsimonious
3.6. Does the platform evoke user curiosity by making them
think their knowledge structures are incomplete, inconsistent
or unparsimonious?
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APPENDIX C
Age distribution
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APPENDIX D
HCI behaviour
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APPENDIX E
What pay would be sufficient for 5 minutes of work?
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APPENDIX F
Crowdsourcing and work attitude
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Statements

1 - Strongly Disagree 2 - Disagree 3 - Undecided 4  - Agree 5 - Strongly Agree

S1: I feel comfortable using a smartphone.
S2: I feel like I need more money.
S3: I want to earn money by working.
S4: I am okay with doing smaller tasks, even though they might be repetitive.
S5: I feel that I have non-productive time during the week which could be used to work with small tasks for money.
S6: I think doing small tasks through a mobile platform is a respectable source of income.
S7: When I work I value stability, even though it may cost me the flexibility of choosing when and where to work.
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APPENDIX G
When throughout the day could you imagine doing crowdsoucing tasks?
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APPENDIX H
1st Prototype - Performance

Cats Dogs Hammers Total

G = Grid,
N = Novel Identified Missed Identified Missed Identified Missed Realized miss Completion time (min)

G1 140 0 5 2 2 0 1 1:07
N1 140 0 7 0 2 0 0 1:28

G2 140 0 5 2 2 0 1 1:57
N2 140 0 5 2 2 0 2 2:17

G3 138 2 5 2 2 0 2 1:45
N3 139 1 6 1 2 0 1 1:51

G4 139 1 6 1 1 1 2 1:58
N4 140 0 5 2 2 0 2 1:55

G5 138 2 6 1 2 0 1 1:10
N5 139 1 6 1 2 0 2 1:43

APPENDIX I
Final Prototype - Performance

Cats Dogs Hammers Total

G = Grid,
N = Novel Identified Missed Identified Missed Identified Missed Realized miss Completion time (min)

G1 139 1 6 1 2 0 1 1:11 (+4)
N1 140 0 7 0 2 0 0 1:26 (-2)

G2 138 2 6 1 2 0 2 1:48 (-9)
N2 139 1 6 1 2 0 2 2:09 (-8)

G3 137 3 6 1 2 0 2 1:47 (+2)
N3 139 1 7 0 2 0 1 1:34 (-17)

G4 140 0 5 2 2 0 1 1:52 (-6)
N4 140 0 7 0 2 0 0 1:45 (-10)

G5 139 1 5 2 2 0 0 1:08 (-2)
N5 140 0 6 1 2 0 1 1:29 (-14)

Note: These tables display the efficiency measures. The rows each represents a user test; the rows are grouped in pairs
for each user. G indicates that the user test was done on the baseline grid interface. N indicates that the novel interface
was tested. For each of the three data categories, the number of identified, versus missed labels are presented. Also the
total number of realized misses and total completion time are presented in the two last column. The increase or
decrease in completion time from the first prototype is shown in the final prototype performance above.
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APPENDIX J
1st Prototype - Cat-similar datapoints

Subject Marked as non-cat Not marked as non-cat Yellow-marked as unsure Total

S1 3 1 1 5
S2 1 3 1 5
S3 3 2 0 5
S4 1 2 2 5
S5 1 1 3 5

TOTAL 9 9 7

APPENDIX K
Final Prototype - Cat-similar datapoints

Subject Marked as non-cat Not marked as non-cat Yellow-marked as unsure Total

S1 2 1 2 5
S2 1 3 1 5
S3 2 3 0 5
S4 1 1 3 5
S5 1 1 3 5

TOTAL 7 9 9
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