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Abstract
Gig-economy is a recent concept that has been attracting growing attention. Online labour markets
(OLMs) are a prominent part of gig-economy and require completion of tasks digitally through platforms
such as MTurk and Upwork. The World Bank estimated the total market size of OLMs to be $4.8 billion
in 2016 which is expected to increase up to $25 billion in 2020. Despite the rapid growth of OLMs,
the implications of workers’ wellbeing in such markets are not well understood and highly debated. A
report commissioned by EU-OSHA has identified psycho-social risks associated with the work in OLMs.
The highly competitive and fast-paced nature of OLMs necessitates workers to multitask and perform
intense technology-enabled work which may lead to technostress. This paper investigates workers’ job
satisfaction in OLMs using technostress and job characteristic theories with the aim of providing an
in-depth understanding of the experiences and perceptions of workers. Our research model has both
theoretical and practical implications which will help to diagnose potential problems and improve the
wellbeing of workers by formulating strategies for OLMs and workers. The paper presents the results of a
pilot study in a popular OLM using structural equation modelling.
Keywords: Gig-economy, Online Labour Markets, Technostress, Job Satisfaction, Job Characteristics
Theory

1

Introduction

The recent gig-economy has been attracting growing attention in popular media and academic research
(Abraham et al., 2018). It is defined as a collection of markets that match workers and employers via
internet-based technological platforms or mobile applications to perform a jobs that are either digital or
physical (Donovan, Bradley, and Shimabukuro, 2016; Heeks, 2017). Particularly, the digital gig-economy
includes completion of tasks that are facilitated by online platforms, also referred to as online labour
markets (OLMs), such as Amazon Mechanical Turk (MTurk) and Upwork (Garben, 2017; Horton, 2010).
Online labour markets are the primary focus of this paper since they play a central role in understanding
the possible implications of broader gig-economy. Specifically, this paper aims to address the following
research question:
What influence does technology and job characteristics play on workers job satisfaction when mediated
by technology-induced stressors in online labour markets?
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Online labour markets are gaining more importance because of their rapidly increasing prevalence. In
recent years, these markets have made exponential growth with an expected encroachment on traditional
forms of work in future (Codagnone et al., 2016). More than 162 million people in Europe and the United
States, which is almost 30% of the working-age population, are engaged in these markets (Manyika et al.,
2016). The World Bank estimated the total market size of OLMs to be $4.8 billion in 2016 (Durward and
Blohm, 2017). Mckinsey Global Institute, in 2015, estimated that OLMs can contribute up to $2.7 trillion
to global GDP thus benefiting more than 540 million individuals by 2025.
Despite rapid growth of OLMs, the implications of workers’ wellbeing in such platforms have attracted
controversy (Kuhn and Maleki, 2017; Valenduc, 2017). Although OLMs create significant job opportunities, increase just-in-time workforce and provide temporal flexibility (Stefano, 2016; Wood et al., 2018).
Social, health and financial risks can be associated with OLMs due their reliance on precarious forms of
employment (Codagnone et al., 2016; Garben, 2017). At a broader level, OLMs are believed to erode
labour protections, contribute to economic insecurity and unpredictability of working life (Kässi and
Lehdonvirta, 2016). While, the problems encountered by workers in the platforms include tedious tasks,
low payment, rejection of task, time pressure and no social interaction (Bergvall-Kåreborn and Howcroft,
2014). Therefore, it is essential to understand the implications of work in OLMs from both an individual
worker and a societal perspective.
Information technology (IT) has played a significant role in the rapid growth of OLMs thus allowing
individuals to find immediate work globally. But, excessive and prolonged use of technology is linked
to stress, referred to as technostress, which directly influences worker wellbeing (Tarafdar, Tu, T. S.
Ragu-Nathan, et al., 2011). Wellbeing is fundamental for workers and organisations, which if overlooked
can have serious consequences (Danna and Griffin, 1999). In OLMs, technostress can manifest due to tight
work schedules, constant connectivity, multi-tasking, lower income, inconsistent productivity and blurred
work-life distinction. A recent, survey shows, 54% of workers must work at very high speeds, 22% feel
distressed because of their work, and 60% meet tight deadlines in OLMs (Graham et al., 2017). Literature
also points to the evidence that IT professionals are at a higher risk of experiencing stress; therefore, it
will be useful to examine the consequences of IT use on workers in OLMs (Ahuja et al., 2006).
Existing literature on OLMs has mainly focused on market-centric issues such as pricing mechanisms
and bidding strategies (Horton, 2010; Snir and Hitt, 2003). The limited number of studies focusing on
worker-centric issues have highlighted the need to understand the experiences and wellbeing of workers in
OLMs (Deng and Joshi, 2016; Kuhn and Maleki, 2017). Additionally, OLMs being a novel form of work
are inherently different from traditional forms of work and telework (Aguinis and Lawal, 2013; Ma, Hou,
and Khansa, 2016). Apart from the differences in the overall work process and having multiple employers
simultaneously, the essential characteristics that make OLMs unique are the presence of digital control
and algorithmic management (Deng and Joshi, 2016; Wood et al., 2018). Thus, the concepts and theories
of traditional work need to be reconsidered and adapted for this new form of work (Brawley and Pury,
2016). We aim to address this gap by highlighting a key issue relevant to the nature of technology-based
work and wellbeing, with respect to job satisfaction, of workers in OLMs. A pilot study was conducted
on one of the popular OLMs to validate the proposed model through an online survey, and the results
are presented in this paper. We plan to extend the study with large-scale data collection in future. To the
best of our knowledge, this paper is the first to develop and empirically study a technostress model in
the context of OLMs. The outcomes of our research will help in understanding the work environment of
OLMs and develop informed strategies that can be beneficial for both workers and platforms.

2

Related Work

In this section, we provide an overview of research work related to technostress and job satisfaction in its
relevance to OLMs.
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2.1

Technostress

The term technostress, first introduced by Craig Brod (1984), refers to stress experienced due to the use
of information technology (Tarafdar, Tu, B. S. Ragu-Nathan, et al., 2007). The topic attracted interest
from IS researchers for two reasons. First, because of the negative consequences of IT use on workers
behaviours and attitudes at the workplace (Weil and Rosen, 1997). Second, the emergence of new digital
working environments, which along with its benefits impose a threat to workers health (Nauwerck and
Forssell, 2018). Prior literature shows evidence that IT professionals and remote workers are at a higher
risk of experiencing technostress that has adverse consequences including decreased job satisfaction,
productivity, increased workload and work–home conflict (Ahuja et al., 2006; T. S. Ragu-Nathan et al.,
2008). Previous studies have shown that teleworkers, who have greater flexibility and control in managing
their work, indicate social isolation and technostress (Suh and Lee, 2017; Weinert et al., 2014).
By integrating stress and IS literature, Ayyagari, Grover, and Purvis (2011) proposed a technostress model
based on the idea that technology characteristics contribute to specific stressors which ultimately create
an impact on individuals and their job outcomes . Technology characteristics refer to features of the
technology that can be either be usability features (complexity, reliability), intrusive features (presenteeism,
anonymity) or dynamic feature (pace of change). These characteristics act as an antecedent and play an
essential role in inducing stress by creating a misfit between the worker’s abilities and demands. This misfit
is characterised as stressors, for instance, work overload, role ambiguity, job insecurity (Tarafdar, Pullins,
and T. S. Ragu-Nathan, 2015). Finally, the response to stress can be strain, burnout, or dissatisfaction.
To our best of our knowledge, no empirical research exists addressing the technostress model to predict
workers job satisfaction in OLMs.

2.2

Technostress in Online Labor Markets

OLMs are technology-enabled markets where technology and work are inseparable as workers need
constant connectivity for work (Brawley, 2017). The highly competitive and fast-paced nature of OLMs
necessitates workers to multitask and work at high speed to meet tight deadlines (Graham et al., 2017).
Although OLMs provide greater temporal flexibility to workers, they simultaneously enforce workers
to work much harder and longer by constantly staying online when the availability of work is limited
(Lehdonvirta, 2018). This pressure to spend long hours in front of the screen leads to risks such as visual
fatigue, technostress and work-life conflict, as highlighted in a report commissioned by European Agency
for Safety and Health at Work (EU-OSHA) (Garben, 2017; Valenduc, 2017). Moreover, workers are from
different geographical locations where the availability of technological resources and devices may vary.
Prior literature shows that most OLM workers are from developing countries while employers are from
developed countries (Chan and Wang, 2017). Also, there may be differences between the knowledge
needed to perform various tasks using IT and the level of such knowledge among workers (T. S. RaguNathan et al., 2008). IT tools will remain an integral part of OLMs; therefore, it is essential to investigate
technostress and its consequences on the job satisfaction of workers.

2.3

Job Satisfaction

Locke (1969) defined job satisfaction as a pleasurable feeling arising from one’s job. In the context of
OLMs, it is “workers’ contentment derived from participating in micro-task crowdsourcing” (Deng and
Joshi, 2016). It is one of the most widely studied constructs and is central to organisational research
interest due to its impact on outcomes such as turnover, performance and commitment (Locke, 1969;
Rutner, Hardgrave, and McKnight, 2008). In prior literature, job satisfaction is mostly studied in the
context of intrinsic or extrinsic factors and personality traits (Glisson and Durick, 1988; Lawler and Porter,
1967). In OLMs, there are limited studies related to the perception of workers regarding their work (Ross
et al., 2010). Researchers have shown interest in understanding the job satisfaction of OLM workers;
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however, there is a lack of research which focuses on job satisfaction in terms of technostress (Brawley
and Pury, 2016; Deng and Joshi, 2016). In terms of technostress, job satisfaction is clearly an important
outcome to measure since it is the desired result of implementation and use of IT and essential to both
business success and worker wellbeing (Brawley, 2017; T. S. Ragu-Nathan et al., 2008).

2.4

Job Characteristics Theory

Job characteristics theory provides a theoretical basis for understanding how job characteristics determine
worker’s attitudes and behaviours (Hackman and Oldham, 1976). It describes five significant attributes of
a job, namely: skill variety, task identity, task significance, autonomy and feedback. Prior literature shows
the application of job characteristic theory in the context of traditional organisations to study occupational
health, job satisfaction and knowledge and skills (Hackman and Oldham, 1976; Lawler and Hall, 1970).
Empirical evidence suggests that the job satisfaction of IT professionals is more positively related to job
characteristics (Chen, 2008). Also, there is evidence that job autonomy is a source of technostress (Suh
and Lee, 2017). To understand, the phenomena of stress, it is essential to consider work characteristics
while undertaking a more in-depth analysis of the nature of work (Cotton and Hart, 2003). In the context
of OLMs, this theory has been applied to understand motivation related factors such as intrinsic and
extrinsic factors (Durward and Blohm, 2017; Kaufmann, Schulze, and Veit, 2011).

3

Research Model and Hypothesis

In recent years, considerable research on technostress has been published after the emergence of new
digital working environments which along with their benefits impose a threat to workers’ wellbeing
(Nauwerck and Forssell, 2018; Tarafdar, Pullins, and T. S. Ragu-Nathan, 2015). IT professionals and
teleworkers are believed to be at a higher risk of experiencing stress due to their dependence on IT devices
(Ahuja et al., 2006; Suh and Lee, 2017). Inspired by such work, we propose a conceptual model to analyse
the job satisfaction of workers by combining technostress and job characteristic theories in OLMs. Prior
research has mainly focused on the cause and effect of techno-stressors with only limited studies on the
antecedents of techno-stressors (Yan et al., 2013). Therefore, to understand the nature and dimensionality
of technostress in OLMs, our framework has undertaken two important and relevant characteristics as
antecedents, i.e. technology characteristics and job characteristics. Our model investigates how technology
and job characteristics can trigger techno-stressors and influence workers perception of job satisfaction
in OLMs. Specifically, our model includes two characteristics of technology (i.e. IT complexity and IT
presenteeism) and job (i.e. autonomy and feedback) that act as precursors to techno-stressors.
Our choice of IT characteristics is based on the importance of complexity and presenteeism in OLMs. The
complexity of each task varies in OLMs that may require a different level of IT knowledge to perform it,
e.g. software designing needs more IT involvement while translation jobs (T. S. Ragu-Nathan et al., 2008;
Teodoro et al., 2014). Presenteeism is applicable because workers mostly need to stay connected to get
updates about upcoming tasks and time zone difference enhances this pressure to be active most of the time
(Heeks, 2017). Similarly, job characteristics are selected based on the evidence that suggests their stronger
relationship with the job satisfaction of IT professionals (Chen, 2008). For instance, feedback is known to
be a key feature of OLMs and autonomy is shown to be a source of technostress (Kokkodis and Ipeirotis,
2015; Suh and Lee, 2017). Our proposed model includes two technology-induced stressors (i.e. workload
and job insecurity) that serve as mediating variables between independent variables and job satisfaction.
In the current study, the scope of techno-stressors is constraint only to appropriate and dominant stressors
in OLM work environment. We chose to examine workers’ perception of job satisfaction as it is the most
fundamental aspect of any job which enhances work productivity and overall wellbeing in work settings
(Brawley, 2017; Deci, Olafsen, and Ryan, 2017). Figure 1 illustrates our research model in detail.
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Technology
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IT Complexity
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H3

Job
Characteristics
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Workload

H4

H6

Job Satisfaction
Job Insecurity

H7

H5

Feedback

Figure 1.

3.1

Proposed Research Model

Technology Characteristics and Techno-Stressors

IT complexity is the degree to which the use of IT for work requires effort (T. S. Ragu-Nathan et al.,
2008). New IT features and updates occur continuously, which can be challenging for workers since they
require time to learn thus causing frustration (Tarafdar, Tu, B. S. Ragu-Nathan, et al., 2007). IT complexity
holds importance in OLMs because employees receive no formal training before joining the platform and
tasks are varying in complexity (Lascau et al., 2019). Given the competitive nature of OLMs, there is a
pressure to meet tight deadlines (Ellmer and Reichel, 2018). It means that apart from the regular search
for available tasks workers also frequently need to develop the skills required to use IT. For example, HIT
scrapper installation, experimenting with new features, organising tasks which do not come under the
actual task requirement but are necessary. Also, the workers are from different geographical regions where
technological resources may be limited, e.g. internet speed, uploading times which can be a source of
workload meaning spending longer time to finish a task (Heeks, 2017). This additional time and effort
placed in completing the tasks create stress by increasing the workload and sometimes the workers are
left with unpaid or rejected work (Kaplan et al., 2018; Tarafdar, Tu, B. S. Ragu-Nathan, et al., 2007). This
frustration may influence job insecurity of workers, by limiting the task availability for them. Thus,
H1: In OLMs, workers’ perception of IT complexity is positively associated with their perceived workload.
H2: In OLMs, workers’ perception of IT complexity is positively associated with their perceived job
insecurity.
IT presenteeism is the degree to which technology enables users to be reachable (Ayyagari, Grover, and
Purvis, 2011). New digital and collaborative tools have increased the electronic connectivity which at
the same has enhanced the flow of information process leading to “information overload” (Suh and Lee,
2017). When individuals receive more information than the required, it may cause fatigue in them (Fonner
and Roloff, 2010). Evidence suggests that enabling employees to be accessible anytime and anywhere
through devices leads to stress over time by increasing availability, responsiveness and higher employer
expectations (Mazmanian, 2013). Although workers have a choice to remain disconnected, it may not
be possible every time. For example, a worker may need to spend longer time staying connected when
the work availability is limited (Lehdonvirta, 2018). In this respect, the increased permeability of work
boundaries can affect workers that can cause work intensification and higher stress (Ellmer and Reichel,
2018). That is, IT presenteeism may aggravate the perception of work overload in OLMs. Thus,
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H3: In OLMs, workers’ perception of IT presenteeism is positively associated with their perceived
workload.

3.2

Job Characteristics and Techno-Stressors

Job autonomy is the degree or level of freedom and discretion allowed to an employee over his or her job
(Hackman and Oldham, 1976). Job autonomy is essential because it reduces workload and workers can
manage the time between different activities (Ahuja et al., 2006). In OLMs, workers perceive a certain
amount of autonomy regarding their work scheduling as they can not only decide when and where to
perform work but also how they work (Durward and Blohm, 2017). On the other hand, workers have little
control over the task requirements, quality, feedback and deadlines which have pre-specified instructions
(Ma, Hou, and Khansa, 2016). Despite experiencing some level of autonomy, competitive environment
creates an undesirable pressure to complete as many tasks as possible in a short span which leads to work
intensification with little control (Wood et al., 2018). At times, the tasks become difficult to complete due
to unclear instructions or qualification embedded (Kaplan et al., 2018). Workers engaged in creative tasks
face challenging higher pressure and irregular working hours (night and weekend) (Ellmer and Reichel,
2018). The job demand-control model, by Karasek (1979), explains the interaction between demands such
as workload and job autonomy, where workload is thought to induce stress and job autonomy reduces that
effect. Based on this analysis, our hypothesis is
H4: In OLMs, workers’ perception of job autonomy is negatively related with perceived workload.
Feedback is the extent to which the platform and employers provide the workers with clear information
about their performance (Morris and Venkatesh, 2010). Feedback, both favourable and unfavourable,
creates an impact on work-related outcomes such as performance and satisfaction (Steelman, Levy, and
Snell, 2004). Feedback plays a more critical role in OLMs because it allows hiring of efficient workers
based on previous ratings and guarantees future selection by building trust (Kokkodis and Ipeirotis, 2015).
Primarily to maintain a reputation in OLM, workers face constant pressure to keep higher ratings (Ellmer
and Reichel, 2018). However, feedback is sometimes a source of worry because workers feel punished for
factors beyond their control in OLMs (Bajwa et al., 2018). If workers get negative feedback, their job is
insecure because the probability of their future selection on a task reduces. In Mturk most employers use
filters to ensure that workers with acceptance rates and below a specified percentage are not able to view
their task, which limits tasks availability (Lovett et al., 2018). Also, the workers with consistent lower
ratings or rejected work may need to exert more effort, thus increasing their job insecurity (Wessling,
Huber, and Netzer, 2017). Therefore, we have following hypothesis
H5: In OLMs, unfavourable feedback is positively related with perceived job insecurity.

3.3

Techno-Stressors and Job Satisfaction

Stressors are defined as events or conditions encountered by individuals in the work environment that cause
stress (Cooper and Cartwright, 1997). Ayyagari, Grover, and Purvis (2011) explains a work situation can
be stressful for several reasons, but specific stressors have a profound effect in the presence of technology
such as work overload, role ambiguity, work/home conflict, invasion of privacy and job insecurity, hence
called techno-stressors. For the current study, we limit the scope of stressors to the most relevant in OLMswork overload, i.e. “perception that assigned work exceeds an individual’s capability or skill level” and
job insecurity, i.e. “an individual’s perception of the threat of job loss” (Ayyagari, Grover, and Purvis,
2011). We hypothesise that both techno-stressors influence job satisfaction of workers in OLMs. Our
assumption is consistent with the existing literature, which explains that workers’ negative feelings due to
techno-stressors lead to reduced job satisfaction (T. S. Ragu-Nathan et al., 2008). The stressors such as
higher workload demands are associated with decreased job satisfaction as it compels one to work faster
and process excessive amount of information (Karasek, 1979; Tarafdar, Tu, T. S. Ragu-Nathan, et al.,
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2011). Job insecurity is associated with decreased job satisfaction because it’s a source of stability, social
contact and self-efficacy (Reisel et al., 2010). Thus,
H6: In OLMs, perceived workload is negatively associated with job Satisfaction.
H7: In OLMs, perceived job insecurity is negatively associated with job satisfaction.

4
4.1

Research Methodology
Measures

We adopted the measurement items from existing well-established literature (Ma, Hou, and Khansa,
2016). IT complexity, IT presenteeism, workload and job insecurity were measured by the items given
by Ayyagari, Grover, and Purvis (2011). Job autonomy and feedback were measured by items given by
Ahuja et al. (2006) and Steelman, Levy, and Snell (2004), respectively. Specifically, we have used items
of unfavourable feedback by slightly modifying the wording to fit our research model. All the above items
were measured using a 5-point Likert scale, where 5 is “strongly disagree”, and 1 is “strongly agree”.
Job satisfaction was measured using the scale given by Bhattacherjee (2001) and employed in recent
technostress research (Suh and Lee, 2017). The scale captures satisfaction levels along 5-point scales
anchored between three semantic differential adjective pairs, e.g. “very dissatisfied/very satisfied,” because
satisfaction level is best measured along bipolar evaluative dimensions (Ajzen and Fishbein, 1977).

4.2

Data Collection

The data is collected from Amazon Mechanical Turk (MTurk), one of the most popular OLMs, by posting
an online survey following the guidelines for conducting behavioural research (Mason and Suri, 2012).
The compensation rate was determined by considering the time estimated to complete the task and the
minimum US wage rate (i.e. $7.25 per hour). The data was collected from the workers who were currently
active and holds a Master qualification, i.e. have completed at least 1000 tasks with 99% approval rate. This
qualification was used to make sure that workers are familiar with the platform and have prior experience
with tasks and platform. To address the issue of spam individuals, we used appropriate attention check
strategies i.e. workers who did not responded to test questions were excluded from analysis. In this paper,
we present preliminary results of data of collected from 30 workers. Nevertheless, we plan to collect data
from at least 300 workers as future work.

4.3

Results and Data Analysis

First, we conducted descriptive analysis of data to extract demographics information about MTurk workers.
Next, we employed structural equation modelling (SEM) using partial least squares (PLS) method to
analyse our research model with the help of SmartPLS.As a second-generation SEM technique, PLS
has been widely used for modelling causal networks of effects simultaneously and it is of much value
in behavioural research (Lowry and Gaskin, 2014). Additionally, compared with other SEM techniques,
PLS does not require a large sample which is the case in our study (Chin, 1998). Also, PLS is considered
appropriate for our study because our is an exploratory research investigating the impact of technostress
on job satisfaction in OLMs. The SEM analysis is conducted following a two-stage analytical procedure
(Hair Jr et al., 2014). The first stage assessed the measurement model for reliability and validity. The
second stage examined the structural model to test the research hypotheses.
First, path modelling procedure was carried out by calculating PLS algorithm with a maximum of 300
iterations (Ringle, Da Silva, and Bido, 2014). This helped in evaluating the measurement model (Chin,
1998; Hair Jr et al., 2014). We used composite reliability (CR) to measure the reliability (CR > 0.7).
The results indicate that the CR for all the variables is greater than 0.7. Furthermore, Cronbach’s alpha
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was used to check the internal consistency reliability (α > 0.7). The results indicate that alpha is above
threshold value for all variables except autonomy which showed a relatively low consistency reliability
(α = 0.539). To verify the convergent validity, we used average variance extracted (AVE) which in our
case was greater than 0.5 for all variables. For most of the items, outer loadings were higher than 0.7.
Items with outer loadings less than 0.7 were eliminated. For the discriminant validity, square root of
AVE of each latent variable should be greater than the correlations among the latent variable (Fornell
and Larcker, 1981). In our case, each latent variable showed satisfactory discriminant validity. The inner
variance inflation factors (VIFs) were lower than 3.3 indicating common method bias should not be a
serious concern (Kock, 2015). Control variables were gender, age and education level.
Next, we performed bootstrapping and compared t-statistics and p-values of the variables. The initial
results indicate that only IT complexity shows a significant relationship with workload since t-value
was greater than 1.96 (p < 0.005). In case of job characteristics, only feedback showed a significant
relationship with job insecurity as t-value was 5.361 (p < 0.05). Among stressors, only job insecurity
showed a significant relationship with job satisfaction at t-value 2.952 (p < 0.005).

5

Expected Contributions

Our research is one of the initial studies to propose a model that examines worker’s technostress and
perceived job satisfaction in OLMs. While our research focuses on OLMs, the results can have further
theoretical implications for other IT driven work environments. The research will help to diagnose more
precisely potential problems within OLMs. The research will provide an in-depth and better understanding
of the experiences and perceptions of workers in OLMs which are limited to date. The outcomes of
research show in what ways upcoming changes and challenges in work can be coped and how IT systems
could be used in sustainable and beneficial ways for workers. Based on our findings, OLMs can take
appropriate steps to design their workplace policies and strategies to retain workers. That is, managerial
approaches and practices should be adjusted in conjunction with this emerging form of work.

6

Limitations and Future Research

There are several limitations of this work. First, although our pilot study demonstrates some relationship
between chosen variables, larger sample size is required to find insightful results and ensure external
validity. Second, increasing the sample size may not necessarily guarantee that the current results will be
similar in future. The samples may have been biased because the workers were limited to one platform.
Another reason for variation of results in future might be the heterogeneity of OLMs because these
markets might not possess similar characteristics as those of other digital working environments. MTurk
is a micro-task market with tasks such as tagging a picture or labelling an object which usually require
one to two minutes, meaning that the worker is not exposed longer to technology for a single task but
must spend longer time to earn a decent income. Even within OLMs, results may vary depending on the
platform such as Upwork which includes complex tasks such as software development and web designing.
In future, we intend to extend the model by considering other antecedents, IT characteristics and stressors
in our model. Moreover, we would also like to expand our analysis by performing studies in other OLMs
for validation. Another possible area of future exploration is to consider gender, computer confidence and
other worker characteristics that may have a major influence on technostress.
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