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ABSTRACT
Mobile crowdsourcing applications leverage volunteers to col-

lect information using their personal devices. It is hence

vital to foster the volunteers’ engagement and their con-

tributions to ensure the long-term viability of these appli-

cations. A method to reach this goal is to notify partic-

ipants about new tasks in their physical proximity. Such

location-based notifications can however impact the users’

experiences, disclose their location, and/or incur additional

resource consumption. In this paper, we therefore investi-

gate the potential worthiness of introducing location-based

notifications in the wild. Our analysis includes the perspec-

tives of both potential users and campaign managers. To

this end, we have conducted two questionnaire-based stud-

ies counting 335 participants in total. By doing so, we gain

insights about the participants’ expectations and the value

attributed to invested resources. We further identify signif-

icant factors that influence their readiness to activate this

new function. Finally, we measure the impact of job alerts

and rewards on both the quantity and quality of users’ con-

tributions. Consequently, our findings can help campaign

administrators in the design of future crowdsensing applica-

tions.
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1. INTRODUCTION
The number of worldwide mobile subscriptions has been

estimated to reach 7.377 billion at the end of 2016 [12]. This

ubiquity and the increasing number of sensors embedded

in mobile phones have led to the emergence of new sens-

ing paradigms. Di↵erent terminologies, such as crowdsens-

ing and participatory sensing, have been introduced, but

all of them share a common denominator: citizens leverage

their personal devices to contribute user-generated sensor

readings [4, 6]. Based on this concept, a myriad of ap-

plications have been proposed whose purposes range from

people-centric to environment-centric scenarios [7]. Among

them, we herein focus on a mobile crowdsourcing applica-

tion called appJobber1. This application is detailed in Sec. 3

and essentially proposes di↵erent participatory tasks to be

fulfilled in exchange of monetary rewards.

However, appJobber and all crowd-based applications rely

on the so-called network e↵ect, thus highly depending on

the active utilization and contributions of their potential

users [18, 21]. In presence of a multitude of these applica-

tions, it becomes more and more di�cult to first attract and

then maintain a solid user base. As a result, many applica-

tions have not yet crossed the chasm and are still in early

adoption phase missing large-scale deployments [4, 17, 22].

A possible explanation is that personal resources invested

by users and the corresponding return of investment are not

balanced [16, 25]. For example, users spend time to search

for new tasks and/or reach tasks bounded to particular lo-

cations.

An opportunity to mitigate this problem is to notify users

about nearby tasks. Thus, our objectives are two-fold. We

aim at reducing the e↵orts needed by the users to, e.g.,

search for new tasks and reduce the geographic distance

they need to cover in order to reach the task’s location,

while simultaneously fostering contributions to the crowd-

sourcing campaign. However, location-based alerts rely on

continuously probing the user’s position and thus incur ad-

ditional energy consumption and disclose the users’ location

to the application server. In this work, we analyze and quan-

tify whether the benefits drawn from these notifications are

worth the incurred drawbacks in terms of additional resource

consumption and reduced location privacy. Our contribu-

tions can be summarized as follows:

1
www.appjobber.de
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1. We implement and deploy a location-based notifica-

tion function called job alerts in appJobber. While

we acknowledge that location-based notifications are

already applied in other applications, we aim at un-

derstanding and measuring their e↵ects on a represen-

tative sample of users having experienced the applica-

tion under realistic conditions and contributing to a

real-world application not especially designed for the

purpose of our work. To the best of our knowledge, we

are the first to investigate these aspects under these

conditions.

2. We conduct a preliminary questionnaire-based study

involving 131 participants with the help of which we

verify our design decisions and analyze the partici-

pants’ expectations about this new functionality.

3. We then conduct a follow-up questionnaire-based study

with 204 participants coupled with an analysis of the

appJobber database. In this second study, we analyze

how our participants value the resources they invest

in appJobber. We further investigate potential fac-

tors influencing users’ decision to activate/deactivate

these notifications. Besides, we quantify the impact

of the job alerts as well as the value of the rewards

on both the quantity and quality of users’ contribu-

tions. As a result, our findings can help future re-

searchers/developers in designing their crowdsourcing

applications.

The remaining of this paper is structured as follows. Af-

ter summarizing existing work in Sec. 2, we revisit the key

features of appJobber in Sec. 3. We detail the settings and

results of our preliminary and validating studies in Sec. 4

and 5, respectively. We further discuss the limitations of

our results in Sec. 6 and make concluding remarks in Sec. 7.

2. RELATED WORK
Our analysis is divided into two key domains addressed

in this paper. We first consider studies analyzing potential

factors aiming at fostering users’ contributions and their ef-

fects on the application utility, before focusing on studies

dedicated to the disclosure of location information.

2.1 Fostering User-generated Contributions
Depending on the application scenarios, the motivations

to contribute user-generated content can vary [4, 7]. For ex-

ample, users can be interested in quantifying their personal

experience. Alternatively, they can contribute by altruism

or be motivated by competition aspects, such as gaining vir-

tual rewards [22]. Monetary incentives can also be intro-

duced to reward contributing participants like in appJobber,

the crowdsourcing application considered in this paper. We

hence focus on this motivation factor in what follows.

In mobile crowdsensing, several work address the opti-

mization of the reward distribution, such as [17], with re-

gards to the contribution quality, the expected coverage, and

the delay between the tasks’ publication and fulfillment [4].

In addition to propose new optimization schemes, further

works analyze how di↵erent monetary-incentive modalities

influence the users’ contribution rate and their behavior in

participatory sensing data collection. It has been shown

in [21] that users fulfill more tasks when those are indi-

vidually paid as compared to a flat rate for multiple tasks.

Moreover, monetary incentives have an impact on the users’

behavior, as those are ready to spend additional time in spe-

cific locations or visit additional locations when necessary.

In the context of crowdsourcing and especially Amazon Me-

chanical Turk, further studies have demonstrated that the

greater the reward for a task, the faster it is fulfilled, but

the worse the quality [10, 11, 19].

Our work shares similarities with [1], in which the authors

have investigated location-based crowdsourcing and shown

that users are prevalently interested in finding tasks that

can be fulfilled at or close to their current location. How-

ever, their results indicate that users prefer searching for

new tasks themselves than getting suggestions from the ap-

plication. Note that no monetary incentives are given to the

participants to fulfill tasks in the case study presented in [1].

Our work builds upon these results and aims at verifying

how users assess the advantages gained by location-based

notifications vs. the inherent drawback in terms of battery

lifetime and location disclosure in practice. Moreover, we

aim at quantifying the impact of the introduction of these

notifications on the application in presence of monetary in-

centives.

2.2 Disclosure of Location Information
Existing works on location privacy can be classified ac-

cording to two main categories. The goal of the first cat-

egory is to analyze factors influencing users’ privacy con-

cerns about revealing location information. For example,

the results published in [3, 8, 23] show the impact of gender

on the users’ privacy concerns; women are more concerned

than men about their location privacy. Additionally, the

users’ privacy concerns also depend on their degree of com-

prehension of the underlying technology as shown in [15].

The study conducted in [20] further shows that users are

aware of potential risks to their privacy and 25% have al-

ready regretted to have shared their location at least once.

In another study published in [5], we have explored multi-

ple factors that may influence users to contribute privacy-

sensitive data to participatory sensing. Consequently, we

leverage these studies to investigate whether their findings

also apply in our scenario.

The second category of works focuses on assessing the

value of location information based on user studies. In [9],

the participants indicated that they would be ready to pro-

vide their monthly location data for 15 Euros for academic

purposes and 29 Euros for commercial purposes in average.

The same ratio has been found in [8]: 43 and 86 Euros, re-

spectively. The results further show that these values do not

proportionally increase with the collection duration. Both

studies are however based on questionnaires and targeted

students in computer science. In contrast, a two-month

deployment was conducted in [3] as support to the valua-

tion of location privacy. In this study, both academic and

commercial values were the same in average: 78 Euros for

one month if preliminary anonymized and 118 Euros if not.

As compared to the aforementioned studies that focused on

continuous location information, the study conducted in [2]

focuses on discrete location data. In a real-world deploy-

ment, the participants were asked daily in which location

they currently were and whether they liked to share it for a

coupon in a co↵ee shop. The coupon’s value was randomly

chosen between 1 and 20 Euros. In average, the participants

in this study were willing to share their home location for



8 Euros, their work location for 5 Euros and the remaining

locations for 3 Euros. Note that both the publication of the

participants’ location data and the associated rewards were

fictive.

In comparison with these works, we use an existing crowd-

sourcing application that is not specifically designed for the

purposes of our studies and count experienced users with

various profiles. Similarly, we aim at analyzing potential

factors that motivate participants to activate/deactivate job

alerts and how these participants value the transmission of

their current information to the application server. To this

end, we carefully design and embed our questions, so that

we do not artificially raise the participants’ awareness about

potential privacy issues. Moreover, we investigate the pri-

vacy value by providing a reference in order to mitigate the

limitations of open scales observed in previous works.

3. APPJOBBER
As baseline for our contributions, we have leveraged app-

Jobber, which is an application developed and managed by

wer denkt was GmbH 2
. AppJobber is a crowdsourcing appli-

cation that serves as an interface between clients and users.

Clients define tasks called jobs to be fulfilled by potential

users called jobbers. Note that appJobber is not a research

prototype especially implemented for this study, but a fully

functioning crowdsourcing application. AppJobber counts

more than 300,000 registered jobbers deployed across mul-

tiple European countries fulfilling tasks for more than 400

clients, such as TomTom, Sony, and Deutsche Bahn. Using

their mobile phones, jobbers can browse and temporarily re-

serve jobs to be completed. These jobs are classified based

on (1) their type, (2) the associated subtask(s), and (3) the

reward. The job type is defined by the jobbers’ location

requirements. Jobs can be location-specific, region-specific,

or independent of the current jobbers’ location. An exam-

ple of location-specific jobs is taking a picture of a given

speed sign. Depending on the job types, the associated sub-

tasks are questions, pictures, waypoints, and links. In the

first subtask category, jobbers must enter the answer to a

given question and take a predefined picture in the second

category. In waypoint subtasks, the jobbers’ need to fol-

low a particular path which is sent to the application server,

while jobbers need to open hyperlinks (e.g., websites or other

apps) in links subtasks. A job can be composed of one or

more subtasks. The results of the subtask(s) are then trans-

mitted to the application server where they are individually

verified. Depending on their quality, the results are either

validated and the associated reward is paid or discarded.

3.1 Introduction of Job Alerts in AppJobber
AppJobber originally allows jobbers to search and reserve

jobs by browsing them on a map. Within the scope of this

work, the underlying mobile application has been extended

by a location-based notification function referred to as job
alerts. By implementing it, the objective is to further reduce

jobbers’ e↵orts by reducing the time needed to find new jobs

and increasing their exposure to jobs in physical proximity,

thus reducing the distances to be covered. As a result, we

expect an increased job fulfillment rate.

To cater for the jobber’s acceptance, the notification ser-

vice should however have the lowest impact possible on the

2
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user experience. This means that jobbers should not be

overwhelmed by notifications and the resource consumption

incurred by the location-based service should be minimized.

Otherwise, the opt out rate may increase [13, 14]. Simulta-

neously, the location information should be accurate enough

to point out relevant jobs to potential jobbers in proximity.

By taking into account these requirements, we have im-

plemented and evaluated di↵erent solutions based on the

location services available on iOS phones. Among the exist-

ing solutions, we have chosen to apply the significant-change
option. With this option, a request is sent to the application

server only if the distance between two successive locations

reaches a given threshold. The application server replies

with potential jobs located within a radius of 500 m around

the jobber’s current location, i.e., approximately reachable

within a five minute walking distance. To prevent jobbers

from getting annoyed by too many job alerts, we have cho-

sen to limit the number of notifications to one every two

hours between 7.00 am and 9.00 pm that corresponds to

the core timespan during which jobbers usually complete

jobs. As a result, a jobber daily receives at most eight no-

tifications. Using these configurations, a first version of job

alerts has been integrated in the iOS version of appJobber

and deployed. At the first application start, jobbers have

been informed about this new function and could directly

disable it. Alternatively, they could later deactivate it in

the application menu. Additional information about the job

alert functionality is available on the appJobber website, in-

cluding details about its functioning and its impact on the

phone’s battery lifetime.

4. PRELIMINARY QUESTIONNAIRE
Simultaneously to the release of the new iOS version in-

cluding job alerts, we have published a new job including

di↵erent questions to validate our design decisions detailed

in Sec. 3.1. No monetary incentives were provided. The

questionnaire was written in German and was available to

all registered users in Germany, Austria, and Switzerland

having installed the latest release. In total, 131 jobbers an-

swered the questionnaire, including 119 who had activated

the job alerts and 12 who had deactivated them. We sub-

mitted a specific set of questions to the jobbers depending

on the group they belonged to. As a result, we first present

and comment on the answers given by the jobbers having

activated the location-based notifications, before consider-

ing those who have deactivated them.

4.1 Activated Job Alerts
In this questionnaire, we first indicated to the jobbers that

we needed their feedback to further improve the application,

before submitting them the following questions related to

the configuration of job alerts.

4.1.1 Maximal Number of Daily Alerts

We firstly asked the jobbers to indicate an upper bound

to the daily number of job alerts they would like to receive.

As a result, around 76% of the participants would prefer to

receive fewer than 8 alerts. The remaining indicated to be

ready to get 8-9 daily notifications. To satisfy most par-

ticipants, the number of received alerts should however be

lower than the limit configured in our implementation. Nev-

ertheless, we expect that participants will receive fewer than

8 daily notifications in practice, as their mobility pattern
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Figure 1: Distribution of the participants’ answers
to the question: “Indicate the duration of a walk (in
minutes) you would be ready to cover to reach and
complete a job” (n=92)

may not trigger a new request to the application server ev-

ery hour. Moreover, four participants indicated that they

would like to get as many job alerts as possible, while an-

other participant wishes to have personalized alerts based

on the reward values.

4.1.2 Distance to Jobs

We next asked the jobbers to indicate the duration of a

walk (in minutes) they would be ready to cover to reach and

complete a job. The most selected answer was 5-10 min cho-

sen by 35% of the participants as illustrated in Fig. 1. The

participants’ answers illustrate the di↵erences between the

jobber profiles and their readiness to invest e↵orts in fulfill-

ing jobs. By choosing a short duration (and hence a small

radius around the jobbers), we logically include most partic-

ipants. A time duration between 5-10 min hence appears as

appropriate. In the free-text field, one participant indicated

that (s)he would even be ready to walk 30-45 min to reach a

job. Other participants answered in terms of distance: 5 km

(one participant), 10 km (two participants), and 20 km (one

participant). A participant also indicated his/her personal

reward-based conditions: (s)he would walk up to 5 min for

a job with a reward lower than 2 Euros, while (s)he would

be ready to invest more time for a greater reward.

4.1.3 Resources Consumption

To balance the tradeo↵ between frequent location updates

and energy consumption, we asked the participants to in-

dicate the maximal percentage of battery lifetime per hour

they would agree consuming when using appJobber. Around

54% of the participants would like to remain below 4% of

hourly battery consumption, while 23% agreed with 9-10%.

A participant noted that “[(s)he] rarely uses this function

because the GPS consumes much energy”. We were also in-

terested in knowing how often Wi-Fi is enabled on the par-

ticipants’ phone. Around 55% have it always enabled, while

16% enable it often, 13% occasionally, 11% rarely, and 6%

never activate it.

As expected, the participants’ answers illustrate the di↵er-

ences in jobber profiles, ranging from occasional to frequent

jobbers. Particularly, we show that the greater the number

of job alerts they are ready to receive:

• The longer they are ready to walk (r(104)=0.218,

p<0.050 with r the Pearson’s coe�cient),

• The greater loss in battery lifetime they are ready to

accept (r(108)=0.433, p<0.001), and

0 10 20 30 40 50 60 70 80 90 100 

I do not have a mobile data flat rate  

I do not need frequent alerts as an occasional jobber 

I do not expect earning more money 

I believe that more data volume will be consumed 

I find a manual search easier 

I cannot configure the alert parameters 

I believe that the battery lifetime will be reduced 

I do not want to be disturbed by alerts 

Percentage	

Figure 2: Distribution of the participants’ answers
to the question: “Which are the reasons why you do
not want to use the job alert function?” (multiple
choice possible, n=12)

• The higher the expected reward (r(99)=0.296,

p<0.001).

A significant positive correlation is also shown between the

participants’ answers regarding the distance to jobs and the

battery consumption (r(110)=0.366, p<0.001), the distance

to jobs and the expected reward (r(102)=0.281, p<0.001),

as well as the battery consumption and the expected reward

(r(107)=0.274, p<0.001). Consequently, the gained insights

do not only allow us verifying our design decisions, but may

also be useful for the development of future crowdsourcing

applications.

4.2 Deactivated Job Alerts
Next, we analyze the reason(s) why jobbers had deacti-

vated job alerts. Fig. 2 illustrates the reasons selected by

the twelve participants of our sample. The main reason se-

lected by these participants is that they do not want to be

disturbed by the alerts followed by the additional battery

consumption incurred by the localization function. While

we intentionally not included the risks to their privacy as a

potential reason, three participants indicated this aspect in

the miscellaneous field: “I simply do not want that my loca-

tion is continuously sent”, “Do not want to be continuously

localized even if job alerts is deactivated”, and “For me, it is

more location monitoring that I do not like”.

5. QUESTIONNAIRE-BASED STUDY AND
VALIDATION

In a second step, we build on the results detailed in Sec. 4

and conduct a second questionnaire-based study. Our ob-

jectives are three-fold. We first investigate how participants

value invested resources when fulfilling jobs in Sec. 5.2, be-

fore examining factors potentially influencing the partici-

pants’ decisions to activate/deactivate job alerts in Sec. 5.3.

We finally quantify the impact of job alerts and the reward

value on: (1) the time between the publication of new jobs

and their completion, (2) the distance covered to complete

jobs, (3) the quality of the job results, and (4) the appli-

cation utilization. To this end, we formulate di↵erent hy-

potheses compiled in Tab. 1 and verify them in Sec. 5.4.

5.1 Study Settings
In this second study, the questionnaire is available to both

Android and iOS jobbers registered in Germany and can

be answered as a location-independent job. The question-

naire counts at most 22 questions, The questions depend on



Table 1: Considered hypotheses with regard to the impact of job alerts and reward values on appJobber
Hypothesis 1 Job alerts reduce the time between the job publication and its reservation by jobbers

Hypothesis 2 The greater a job reward, the faster it is reserved

Hypothesis 3 Job alerts reduce the distance to jobs

Hypothesis 4 The greater a job reward, the larger the distance covered by the jobbers

Hypothesis 5 Job alerts do not impact the quality of the jobbers’ contributions
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Figure 3: Ratio of completed jobs after notification
compared to all completed jobs in T

post

(Q2=16%)

whether the jobbers have enabled job alerts and are clus-

tered into four categories: (1) job alerts, (2) appJobber

experience, (3) knowledge and (4) social network utiliza-

tion. For answering the questionnaire, jobbers are rewarded

by 1 Euro. In the knowledge section, we especially ask

the participants several questions to quantify their technical

knowledge about location-based technologies as well as their

understanding of potential risks to their privacy. The job-

bers’ answers are completed by an analysis of the appJobber

database during three periods. The first period referred to

as T
ante

includes the 11 weeks prior to the release of the job

alerts, while the 11 weeks after the release are referred to as

T
post

. T
year

ends with T
post

and includes all retrospective

data during one year. In T
ante

and T
year

, the corresponding

databases contain the reward, the times between publica-

tion, reservation and completion, the distance to the job

(i.e., shortest distance between the jobber’s location at the

reservation and the job), and the result status (i.e., vali-

dated or discarded). In T
post

, an additional entry indicates

whether the jobber has been notified about this job using a

job alert. The rewards are classified into three categories:

small (1 Euro), medium (1-4 Euros), and big (>4 Euros).

As reference, Fig. 3 shows the percentage of completed jobs

notified by job alerts as compared to all completed jobs dur-

ing T
post

. Note that no artificial jobs have been created for

the purpose of our study.

5.1.1 Demographics and Sharing Behavior

In total, 207 jobbers answered our second questionnaire.

We discarded the answers of three of them based on their

abnormally short fulfillment duration. In what follows un-

less noted otherwise, we hence consider a sample of 204

jobbers equally balanced between Android and iOS users.

Our sample counts 66% of male that corresponds to the

gender distribution observed in appJobber. A majority of

participants (43%) are between 20 and 29 with 5% over 50

(quartiles Q1=24, Q2=29, Q3=36). Their education level is

almost balanced between secondary school (40%), A-levels

(30%) and university studies (25%). Among those having

studied or studying, the most represented fields are engi-

neering (25%) followed by economics and law (17%), com-

puter science (16%), and social sciences (12%). In our sam-

ple, over 73% are employed, while 17% are students. Their

working fields include: IT (16%), commerce (12%), manual

skills (14%), customer services (10%), transport and logis-

tics (8%), as well as health and social (8%). In addition to

their demographics, we were interested in gaining insights

about their online sharing behavior. The results show that

a large majority (87%) are registered and use online social

networks. Among them, 46% indicated to post personal in-

formation online at least once a week, while 36% even share

it several times a week. Only 2% claim not to intentionally

publish any personal data online.

5.1.2 AppJobber Experience

Most of our 204 participants (85%) have already com-

pleted at least one job. Moreover, 87% actively look for new

jobs by, e.g., consulting the map available in appJobber. To

this end, 56% consult appJobber on a daily basis (includ-

ing 34% who do it several times a day), while 39% do it on

a weekly basis. The remaining participants do it less fre-

quently. To still reduce the burden associated to the job

search, 80% indicated to be in favor of getting notifications

about new jobs. In addition to invest time and resource to

look for jobs, the participants are also ready to cover more

distance to complete jobs. Only 14% of the participants

indicated to have completed 80-100% of their jobs with a

maximum detour of 5 min. The remaining 68% indicated a

lower percentage of jobs involving such a short detour, thus

suggesting that they experience longer detours more often.

The results hence confirm the participants’ readiness to in-

vest resources to search and complete jobs.

5.2 Reward for Invested Resources
In addition to gain insights about their experience, we are

interested in inferring the reward value that appJobbers are

expecting in return for their e↵orts. Instead of directly ask-

ing the participants to give a numerical value, we submitted

them a scenario based on an existing 1-Euro job, which aims

at checking tra�c speed limits in a particular area. To this

end, a jobber would need to fulfill three subtasks: (1) walk

between two waypoints, (2) take two pictures at both way-

points, and (3) manually enter the corresponding speed limit

of this section. Note that the location of both waypoints is

recorded by the application. We then asked the participants

to indicate how many cents of the original reward (i.e., 1

Euro) they would attribute to each subtask with a 5-cent

granularity.

The participants’ answers are compiled in Fig. 4 and the

respective extrema and quartiles are summarized in Tab. 2.

A Friedman test shows a significant di↵erence in the part of

the reward attributed to each subtask (�2
(2)=114, p=0.000).

A post hoc analysis with Wilcoxon signed-rank tests with a

Bonferroni correction leads to a significance level of p<0.017.



0 
10 
20 
30 
40 
50 
60 
70 
80 
90 

100 

1 11 21 31 41 51 61 71 81 91 101 111 121 131 141 151 161 171 181 191 201 

R
ew

ar
d 

(c
en

ts
) 

Participant # 

Walking between waypoints 
Taking pictures 
Entering the answer 

Figure 4: Distribution of the 1-Euro reward partitioned between the three given subtasks (n=201)

Table 2: Reward extrema and quartiles attributed
to each subtask by the participants (n=201)

Walking Taking Entering

between waypoints pictures the answer

min 5 5 5

Q1 25 25 10

Q2 40 40 20

Q3 50 50 30

max 90 80 70

As a result, there is no significant di↵erence between the par-

tial reward attributed to both the walking to waypoints and

taking pictures subtasks (Z=-0.373, p>0.050). In contrast,

this di↵erence is significant between the walking to waypoints
and entering the answer subtasks (Z=-8.33, p=0.000) and

the taking pictures and entering the answer subtasks (Z=-

9.19, p=0.000). This means that participants attribute a

similar reward to both the walking to waypoints and tak-
ing pictures subtasks, while the attributed reward is lower

for manually entering the answer. The comparable rewards

between walking between waypoints and taking pictures are

surprising as we would have expected that the participants

would attribute a higher reward to the walking subtask. In-

deed, it may require more time and physical e↵orts than

taking pictures. Moreover, it involves the disclosure of the

current participants’ locations to the application server. As

a result, the participants estimate the value of walking be-

tween two waypoints and providing their locations to 40

cents in average—a value significantly below the ones ob-

served in existing surveys detailed in Sec. 2.2.

When further considering the reward attributed to the

walking to waypoints subtask, a Mann-Whitney-U test shows

that this value does not significantly di↵er depending on

the participants’ gender (U=4120, z=-1.04, p>0.050), their

knowledge about potential risks to privacy (H(3)=0.257,

p>0.050), and age (H(4)=9.00, p>0.050). However, we

demonstrate that the participants’ education level has a

significant influence on the attributed value (H(3)=19.9,

p<0.001). A post-hoc test following the method of Dunn

with Bonferroni correction confirms significant di↵erences

between participants with the highest education level and

those with both the intermediary and lowest levels (p<0.001,

respectively). Surprisingly, participants with the highest

education level indicated a value lower for the reward at-

tributed to the walking between waypoints subtask than the

remaining participants.
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Figure 5: Distribution of the answers of the iOS
of our first sample and the Android users of our
second sample about the additional reward they are
expecting to gain when using job alerts (n=119 for
iOS users (first sample) and n=92 for Android users
(second sample))

We finally investigate the additional gain that our partic-

ipants are expecting when activating the job alert function

as compared to their current gain. Fig. 5 compiles the an-

swers of the participants of our preliminary study detailed in

Sec. 4, i.e., 119 iOS users, and 92 Android users contributing

to this second study. In order to limit the number of ques-

tions to the minimum and hence reduce the participants’

overhead, we have decided not to include this question in the

second questionnaire dedicated to the iOS users. Instead, we

have preferred to focus on their practical experience of job

alerts. The results show that 27% of the Android users in

our second study and 13% of the iOS users in our first study

do not expect any increase of their rewards from location-

based notifications. In addition, the iOS users of our first

study are significantly expecting more additional gain than

the Android users of this study (U=4016, z=-3.36, p<0.001,

r0=-0.226, with r0 the e↵ect size). Overall, the participants’

expectations remain low and the majority of them do not

expect to earn more than half of their current reward.

5.3 Activation/Deactivation of Job Alerts
We next analyze the influence of the participants’ demo-

graphics on the jobbers’ decision to activate/deactivate job

alerts. To this end, we distinguish iOS and Android users, as

iOS users had the possibility to test this function in practice

and their answers to the questionnaire can be completed by

an analysis of the appJobber database. We further analyze

the experience of the iOS users with the job alerts.

Gender.

Among the iOS users, a database analysis indicates that

more female jobbers have activated the job alert function



as compared to male jobbers. A Chi-Square test demon-

strates that the gender di↵erence is statistically significant

(�2
(1)=11.9, p<0.001). This result however di↵ers from our

expectations based on [15], which shows that women are

more concerned about their location privacy than men. A

possible explanation is that female jobbers are less informed

about possible implications of job alerts. Indeed, signif-

icantly fewer female jobbers have visited the information

menu as compared to male jobbers (�2
(1)=6.65, p=0.001).

For the participants having not yet activated the function

(i.e., Android and remaining iOS users), the same trend is

observable in their answers. However, the gender di↵erence

is in both cases not statistically significant (p>0.050).

Field of Activity.

For Android users, the participants’ field of activity makes

a significant di↵erence. Participants working in the area of

electronic data processing, information technology, and e-

business are significantly less ready to active the job alert

function than others (U=944, z=2,19, p<0.050, r0=0.217).

This however does not hold for iOS users where the di↵er-

ence is not statistically significant.

Knowledge about Potential Risks to Privacy.

As expected, the answers of the participants show that

Android users with knowledge about potential risks for their

privacy are significantly less ready to activate it as compared

to others (U=691, z=-2.32, p<0.050, r0=-0.229). This result

is however not valid in the group of iOS users.

In contrast, the participants’ age, education level, educa-

tion background, knowledge about location-based technolo-

gies, and contribution in online social media do not signifi-

cantly impact their readiness to activate the job alert func-

tion in both Android and iOS groups.

In summary, we observe the same trends between Android

and iOS users about factors potentially influencing their de-

cision to activate or deactivate jobs. However, the impact

of the gender, the field of activity, and the knowledge about

potential risks to privacy can only be statistically validated

for Android users. The fact that iOS users have been able to

experience job alerts in practice may explain this di↵erence.

5.3.1 Job Alerts Experience

We now focus on the iOS users having experienced job

alerts in practice. In this group, 70% have enabled the func-

tion, while 14% have temporarily activated it. In contrast,

7% have directly deactivated it and 7% did not know about

this function. As shown in Fig. 3, around 50% of the iOS

participants have already received at least one job alert as

shown by an analysis of the database. Among them, the

number of received alerts ranges between 1 and 83 (Q1=2,

Q2=7, Q3=10). Figs. 6 and 7 show the advantages and

drawbacks perceived by the participants having already ex-

perienced job alerts, respectively. Overall, the participants’

answers are in line with our expectations and the results of

the preliminary study detailed in Sec. 4. It however seems

di�cult to fully satisfy the jobbers with regards to the num-

ber of received job alerts. In our preliminary study, only a

minority of participants would be ready to get more than 8

alerts per day. While the participants of our second study

have actually experienced fewer alerts, 46.5% indicated that

they did not receive enough alerts. Even if the number of

alerts is directly determined by both the job and jobber lo-
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Figure 6: Distribution of the participants’ answers
to the question: “Why do you like job alerts?” (mul-
tiple choice possible, n=86)
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Figure 7: Distribution of the participants’ answers
to the question: “Why do you dislike job alerts?”
(multiple choice possible, n=86)
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Figure 8: Distribution of participants’ answers
about the reasons why they have disabled job alerts
(multiple choice possible, n=17)

cations, an additional option should be introduced so that

jobbers can tailor the maximal number of alerts to their pref-

erences. As shown in Fig. 8, the most cited reason why iOS

have not enabled job alerts is that they do not want to be

disturbed followed by their impact on the battery lifetime.

This is in line with the answers given in our previous study.

As compared to iOS users, Android users have not tested

the function, but 90% indicated their potential readiness to

enable this function, while 8% would deactivate it.

5.4 Impact on the AppJobber Application
We further investigate the impact of the job alerts and/or

the value of the rewards from the application perspective. To

this end, we consider the hypotheses formulated in Tab. 1

and we focus on the participating iOS users having already

completed a job after having received a job alert, i.e., 30%

of all iOS users (n=26). Moreover, we take into considera-

tion their answers to our questionnaire and/or the database

entries during T
ante

and/or T
post

(i.e., before/after the in-



troduction of the job alerts). We complete these results by

an analysis of all jobbers’ entries during one-year T
year

.

Hypothesis 1 Job alerts reduce the time between the job
publication and its reservation by jobbers

Both the participants’ answers and an analysis of the app-

Jobber database do however not support this hypothesis. In-

deed, a majority (54%) believes that job alerts do not lead

to shorter reservation time, while 38% believe the opposite.

The remaining are undecided. We further compare the time

to reservation between regular jobs and notified jobs dur-

ing T
post

. During this period, the median time is 90 hours

for regular jobs and 119 hours for notified ones. A Mann-

Whitney-U test confirms that the di↵erence is statistically

significant (U=219192, z=3.23, p<0.001, r0=0.079), mean-

ing that the time to reservation for notified jobs is longer

than for regular ones. We however observe a significant

reduction in the reservation time between T
ante

and T
post

(U=119475, z=-2.84, p<0.001, r0=-0.081). Since some par-

ticipants indicated that they are using appJobber more fre-

quently due to the alerts, a potential explanation could be

that job alerts have hence contributed to a time reduction

for regular jobs. The same e↵ect is however also observable

for Android users. As a result, this reduction cannot be at-

tributed to the job alerts. This hypothesis is hence rejected.

Hypothesis 2 The greater a job reward, the faster it is re-
served

Independently on job alerts, the median time is 521 hours

for small rewards, 101 and 87 hours for medium and big re-

wards, respectively. A Kruskal-Wallis test shows that there

is a significant di↵erence in the reservation time depending

on the reward categories (H(2) = 2230, p<0.001). A post-

hoc test shows that the di↵erence is significant between all

tested pairs of reward categories (p<0.001). As a result, the

reservation time decreases when the reward increases, thus

confirming this second hypothesis.

Hypothesis 3 Job alerts reduce the distance to jobs

53% of the participants having completed a notified job

agree with this hypothesis. 8% disagree and the remain-

ing are undecided. Again, the participants’ answers reflect

the results of the database analysis. The median distance

covered for notified and regular jobs is 136 m and 235 m,

respectively. A Mann-Whitney-U test confirms our third

hypothesis (U=731750, z=-5.98, p<0.001, r0=-0.102).

Hypothesis 4 The greater a job reward, the larger the dis-
tance covered by the jobbers

We examine the appJobber database during T
year

to verify

it. The median distance covered for small rewards is 177 m,

463 m for medium rewards, and 1,065 m for big rewards. A

Kruskal-Wallis test shows a significant di↵erence between

the considered reward categories on the covered distance

(H(2) = 225, p<0.001). Each category pair is significantly

di↵erent (p<0.001), thus validating our fourth hypothesis.

Hypothesis 5 Job alerts do not impact the quality of the
jobbers’ contributions

A database analysis shows that 94% of the results of reg-

ular jobs are accepted, i.e., their quality is su�cient to be

exploited, while the acceptance rate is 95% for jobs follow-

ing a job alert. A Chi-Square test for independence confirms

our last hypothesis (�2
(1)=0.705, p>0.050). The quality of

the uploaded contributions however depends on the reward

categories (�2
(12)=91.120, p<0.001). Indeed, the higher the

reward, the lower the acceptance rate.

Additionally, the introduction of job alerts has a positive

impact on the appJobber utilization as reported by the par-

ticipants: 30% of the iOS users indicated in the study that

they are using appJobber more often, while 25% reported to

also fulfill more jobs.

In summary, we have shown based on the answers of our

participants coupled with the database analysis that job

alerts significantly reduce the distance to jobs and have no

significant influence on the quality of the participants’ con-

tributions. Besides, we have confirmed that the reward value

impact both the reservation time as well as the quality of

the contributions.

6. DISCUSSIONS
We first comment on the observed e↵ects of job alerts and

the expected reward for invested resources, before discussing

the limitations of our contributions.

6.1 Positive Effects of Job Alerts
As expected, the introduction of job alerts has a posi-

tive impact on the user participation. Our participants in-

dicated to both utilize appJobber and complete jobs more

often. These results are in line with the results presented

in [24]. Moreover, we have verified the impact of reward

values based on a existing real-world crowdsourcing appli-

cations. We have confirmed that higher rewards decrease

the observed delay between the job publication and its ex-

ecution and also motivate jobbers to cover larger distances.

High rewards do however not foster the collection of high-

quality results. This is in line with the results obtained for

Amazon Mechanical Turk [10, 11, 19]. In our case, a po-

tential explanation is that these jobs may be more di�cult

to complete. Alternatively, jobbers may be attracted by the

rewards, but tend to minimize the e↵orts necessary to cor-

rectly complete these jobs. Moreover, manipulated contri-

butions are observed more frequently with higher rewards.

This means that higher rewards are overall beneficial to the

application, but require more control.

Our results however dispute the results obtained in [1]

showing that users prefer searching manually for new jobs

instead of being automatically notified based on their cur-

rent location. In our study, 92% of our iOS users have ac-

tivated the job alert function and more than 90% of the

Android users claimed to be ready to do it. These numbers

hence confirm the interest of the users in getting additional

information about jobs to complete through this channel.

The di↵erence between these results may be due to (1) the

size of the sample (204 in our study vs. 9 in [1]), (2) the

evaluation platform used (an existing fully-functioning ap-

plication in our case vs. a synthetic application created for

the study purpose in [1]), as well as (3) the monetary reward

provided to the participants (1 Euro in our case). Moreover,

the activation rate we have observed is higher than the one

usually observed (50%) when considering applications in-

cluding location-based push notifications according to [24].

This may be due to the advantages perceived by the par-

ticipants who experienced shorter distance to cover in order



to reach and complete jobs as shown by their answers and

confirmed by an analysis of the appJobber database and as

compared to regular jobs. Additionally, our participants in-

dicated that they would expect to save time when searching

for new jobs.

6.2 Reward for Invested Resources
We have shown in Sec. 5.2 and especially in Tab. 2 that

our participants value the subtask walking between two way-
points to 0.40 Euros in average when considering a given

1-Euro job. The value of this subtask hence includes the

reward for covering the distance between the waypoints and

also providing the corresponding locations to the applica-

tion server. Moreover, some of our participants indicated to

expect to gain additional rewards when activating the job

alert function. When converting their answers to a mone-

tary value based on their previous rewards, we find that this

corresponds to an additional monthly reward of 1.49 Euros

in average. We believe that the jobbers’ expectations are

principally based on their assumption that job alerts may

increase their awareness about new jobs and lead to a higher

completion rate. Another reason could be that the partici-

pants need to invest more resources, such as providing their

location information to the application server, and hence ex-

pect to be paid more for these tasks. As already highlighted

in Sec. 5.2, both our values are lower than those observed

in previous studies. In the case of discrete location infor-

mation, Barak et al found in [2] a value between 2.90 and

8 Euros. In contrast, the monthly collection of continuous

location information for commercial purposes was valued 29

Euros in [9], 78 Euros in [3], and 86 Euros in [8]. Again,

the di↵erences may be explained by the applied evaluation

methods and also by the fact that participants may complete

more than one job monthly. Moreover, in existing stud-

ies, the participants could indicate any numerical values for

the continuous collection of their location information, while

we asked our participants to indicate the percentage of the

initial 1-Euro reward they would attribute to the location-

based subtask. As a result, the participants’ answers are

given according to a reference, but are obviously bounded

by 1 Euro that corresponds to the main reward value used in

appJobber. Moreover, we have conducted our questionnaire-

based surveys with actual users of an existing application,

thus catering for real-world conditions. Since our question-

naires have not focused on privacy aspects, we may also not

have artificially increased the participants’ privacy aware-

ness, which may have led to higher monetary expectations.

Another potential explanation is that the participants bet-

ter understand why their location is needed as they were

able to experience appJobber under real conditions over an

extended period of time.

6.3 Limitations
This work is based on two samples of participants re-

cruited within appJobber. Hence, the participants have not

installed the application for the purposes of the study, but

have been engaged earlier based on their own interests. As a

result, our participants have already experienced appJobber

under real-word conditions as highlighted in Sec. 5.1.2. This

hence contributes to the representativeness of our results.

Nevertheless, the deployment of our studies in the wild has

introduced additional constraints as compared to studies

conducted in controlled environments. Both our question-

naires as well as our implementation should not lead to any

user opt-outs. We have therefore designed our studies so

that their impact on both the users and the application are

reduced to the minimum. For example, we have limited the

number of questions and questionnaires submitted to the

participants as well as the number of job alerts to maintain

a satisfactory user experience without draining the phones’

battery. Additionally, we have attempted to remain neutral

and conservative in the choice of our questions.

Both our samples do not contain all appJobber users. This

might thus result in a bias in our results, as our samples may

include users with a larger readiness potential in contribut-

ing personal resources as compared to others. We have how-

ever shown that our samples contain di↵erent jobber profiles.

As in all questionnaire-based studies, most of our results

are based on participants’ statements and might hence be

a↵ected by the usual limitations of such studies, in which the

participants’ answers and, e.g., their actual behavior might

diverge. Nevertheless, we have compared when possible the

participants’ answers to the corresponding database entries

and observed the same trends in both information sources.

7. CONCLUSIONS
We have leveraged the introduction of location-based no-

tifications about nearby jobs in an existing mobile crowd-

sourcing applications to study the users’ expectations, the

factors leading to their acceptance, and their impact on the

application utility. To this end, we have conducted two

questionnaire-based studies involving 335 appJobbers in to-

tal. Among the studied factors, our results show significant

di↵erences between gender, field of activity, and knowledge

of privacy risks about the participants’ readiness to activate

the job alert function. Against our expectations and the re-

sults of previous studies, women are more ready to activate

this function as compared to men. The most cited reasons

given by the participants for deactivating job alerts is not

the potential risks to their privacy, but the incurred reduc-

tion in battery lifetime and the potential disturbance caused

by impromptu notifications.

From the application perspective, we have shown that job

alerts succeed in reducing the distance needed to be covered

by the participants, but do not impact the duration between

the job publication and its reservation by jobbers. As in

other domains, we have demonstrated that the value of the

reward statistically influences this duration as well as the

quality of the contributed data. In this case, the quality

decreases when the reward increases.

The job alert function could be easily improved by al-

lowing users to parametrize the notifications based on their

preferences in terms of, e.g., frequency or battery consump-

tion. By doing so, both resources and opportunities to get

new jobs could be better balanced and support the di↵erent

user profiles observed in our studies.
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