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Abstract
Considering the possible impacts of technostress on individuals and organizations and the remote work regime imposed on education employees 
during the pandemic that intensified the use of technologies, the aim of this paper was to analyze underlying factors related to role ambiguity, their 
effects and forms of mitigation. The final sample is comprised of 691 complete responses. The data were collected electronically between August, 
2021 and November, 2021. To test the study hypotheses, we adopted the Structural Equation Modeling. According to the main results, Computer 
Self-Efficacy can mitigate the effects of Role Ambiguity and, indirectly, Computer Self-Efficacy also has a negative effect on Cognitive Load. We 
also observed that Role Ambiguity presented a positive effect on Cognitive Load. The variable Resilience moderated the relationships: i) between 
Computer Self-Efficacy and Role Ambiguity; and ii) between Role Ambiguity and Cognitive Load.
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1. Introduction

Since COVID-19 emerged in Wuhan, China, in late 2019, the pan-
demic has spread across the world, causing millions of deaths and 
transforming the lives of billions of people (Harunavamwe & Ward, 
2022). Besides the impact on public health, the crisis also affected the 
educational sector, leading to difficulties in maintaining its activities 
(Aktan & Toraman, 2022). Consequently, institutions have made sig-
nificant changes in the way they offer their services and in the way 
their employees develop their working activities (Aktan & Toraman, 
2022; Procentese et al., 2023). Without previous planning, teachers 
needed to adapt to the use of information technologies to teach and 
interact with students, a factor that affected their professional per-
formance, their health and personal lives (Aktan & Toraman, 2022; 
Arslan et al., 2022; Lizana et al., 2021; Molino et al., 2020).

Even though the pandemic situation is currently under control, the 
pandemic has brought a new “normal” to the reality of individuals 
and organizations (Singh et al., 2022). As a learning experience, re-
mote work presented itself as an interesting means of working due to 
its practicality and low cost, and continues to be used by universities 
and many organizations (Anh et al., 2023; Harunavamwe & Ward, 
2022; Hurbean et al., 2022; Singh et al., 2022). In the universities, 
many working activities such as meetings between members of aca-
demic and administrative units and guidance for students in under-
graduate and postgraduate programs often continue to be carried out 
remotely. This scenario also indicates a trend towards greater adop-
tion of remote work tools in the future.

Remote work involves the use of a variety of technological resources 
and digital platforms, such as: internet, wireless networks, computers, 
smartphones and software (Riedl, 2022). The literature shows that 
although technologies can bring benefits such as increased producti-
vity and reduced costs to organizations, the way that they are inserted, 
as well as the way in which technologies are perceived by professio-
nals, can cause undesirable effects (Califf & Brooks, 2020; Lei & Ngai, 
2014; Ragu-Nathan et al., 2008; Tarafdar et al., 2007).

Previous studies suggest a high incidence of problems associated with 
the intensive use of technologies by people of all countries, ages, gen-
ders and cultures (Li & Wang, 2021; Ma & Turel, 2019). The inte-
raction between individuals and technological demands can generate 
stress caused by the use of technology, which is also known as Tech-
nostress (Ragu-Nathan et al., 2008; Tarafdar et al., 2007, 2019).

In the literature on technostress, different types of techno-stressors 
have been identified. Techno-stressors can be understood as events 
generated by the use of technologies that cause some type of percep-
tion and reaction in the user (Dragano & Lunau, 2020). The use of 
technology enables, for example, multitasking, creating role ambigui-
ty that can be defined as indecision about which task or work the 
individual should perform (Ayyagari et al., 2011). Constantly changes 
in tasks, in turn, can increase cognitive load, leading the individual 
to exhaustion (Luqman et al., 2021; Wang et al., 2023). On the other 
hand, the literature shows that individual characteristics, such as re-
silience and self-efficacy, are capable of mitigating the levels of tech-
nostress and its effects (Cappellozza et al., 2019; Chou & Chou, 2021; 
Oksanen et al., 2021; Singh et al., 2022; Yener et al., 2021).
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In this context, considering the possible impacts of technostress on 
individuals and organizations and the remote work regime imposed 
on education employees during the pandemic that intensified the use 
of technologies, the aim of this paper was to analyze underling fac-
tors related to role ambiguity, their effects and forms of mitigation. 
Therefore, the research question that guided this study was: what are 
the factors underlying role ambiguity during remote work?

To the best of our knowledge, this is the first study that investigates 
the relationship between self-efficacy, role ambiguity and cognitive 
load among education professionals. Furthermore, this research also 
aims to expand studies on the relationship between resilience and te-
chnostress. It is worth mentioning that, in this research, these rela-
tionships were explored in an unprecedented context, as it addresses 
a pandemic situation and considers education professionals who, for 
the most part, had never worked remotely before.

2. Research Model and Study Hypotheses

Individuals tend to avoid situations based on their belief that such 
situations could require abilities that they do not dominate, but, on 
the other hand, individuals can feel comfortable in developing activi-
ties related to abilities that they think dominate (Bandura, 1978). This 
reasoning is related to the perception of self-efficacy (Bandura, 1978), 
a construct that can be measured in different areas (Durndell et al., 
2000). Computer self-efficacy refers to the belief of an individual on 
their own abilities to execute actions or specific tasks involving com-
puters (Durndell et al., 2000; Karsten et al., 2012). The use of new sys-
tems can be, by itself, stressful (Sasidharan, 2022). When employees 
have to use technology more intensively, and when the use of tech-
nology involves their connection with other employees, customers or 
superiors, this intensity can create a sense of limited freedom, having 
the potential to increase the levels of stress (Delpechitre et al., 2019). 

Moreover, technology change contributes to the development of new 
resources, which also demand new capabilities (Delpechitre et al., 
2019). Therefore, technological innovations, new software and appli-
cations can facilitate the activities developed by employees, but also 
create a need for additional time to dedicate in training and updating, 
a factor that also can increase technostress. When technological re-
sources used by the companies change frequently, employees need to 
invest time and efforts to efficiently use these resources and develop 
their work (Suh & Lee, 2017). Therefore, this additional effort in un-
derstanding and using new technological resources can create a con-
flict of what activity to do first (Suh & Lee, 2017): learn about techno-
logy or develop the regular work. Computer self-efficacy can mitigate 
this conflict, as individuals who believe that they have the necessary 
abilities to effectively use technology can dedicate more time in per-
form their regular work. Therefore, the first hypothesis of the study is: 

H1: Computer Self-Efficacy has a negative effect on Role Ambiguity.

When individuals employ technologies to develop their daily work, 
some mental processes take place and cognitive load is among them 
(Ortiz De Guinea et al., 2013). Cognitive load is related to a limited 

capability that individuals have in receiving and processing different 
amounts of information (Miller, 1956; Ortiz De Guinea et al., 2013). 
Cognitive load theory aims to assist the assimilation of information, 
optimizing intellectual performance (Sweller et al., 1998). The theory 
involves long-term and working memories, as well as their charac-
teristics (Duran et al., 2022). Since humans have limited capability 
handle large amounts of information, there are alternatives that can 
assist in the interaction with information.

If the work developed by employees requires a higher level of atten-
tion, making task transitions can present a negative effect on such 
level of attention (Luqman et al., 2021). As Role Ambiguity is a type 
of role stress (Delpechitre et al., 2019) and refers to conflicts in deve-
loping different tasks (Suh & Lee, 2017), we argue that an intense level 
of task changes can also increase the Cognitive Load of employees. In 
the case of this paper, Role Ambiguity refers to changes among regu-
lar work and technological tasks, especially due the new requirements 
imposed by remote work in the context of COVID-19. Therefore, the 
second hypothesis of the study is:

H2: Role Ambiguity has a positive effect on Cognitive Load.

Previous studies suggest that individual resilience is a form of psycho-
logical and emotional control for individuals in the face of a stressful 
process (Oksanen et al., 2021; Pflügner et al., 2021; Pirkkalainen et al., 
2019; Reynolds et al., 2022; Singh et al., 2022; Tuan, 2022; Wagnild 
& Young, 1993). Resilience can be defined as “a dynamic process en-
compassing positive adaptation within the context of significant ad-
versity” (Luthar et al., 2000, p.543). Resilient people tend to be flexi-
ble to new technologies adoption and tend to overcome technological 
setbacks or difficulties, not transferring the effect of one experience 
to another (Magotra et al., 2016). In this way, resilience is an essential 
element for any worker to adapt to new technologies available at work 
(Cappellozza et al., 2019). 

Discrepancies found regarding worker resilience during the CO-
VID-19 pandemic suggest the need for organizational support for 
those who lack resilience at work (Oksanen et al., 2021). Pflügner et 
al., (2021) point that individuals with greater level of resilience eva-
luate situations related to technology less frequently as threatening 
and, in some cases, begin to perceive them as challenging. In this way, 
perceiving control over a given stressful situation is directly linked to 
high levels of individual resilience (Pirkkalainen et al., 2019; Tuan, 
2022). 

Singh et al. (2022) found that resilience can moderate the effect of 
techno-exhaustion on well-being and Cappellozza et al. (2019) in-
dicate that resilience is capable of mitigating the effects of techno-
invasion on work-family conflict. Furthermore, the study of Rushton 
et al. (2015) shows that resilience protects individuals from emotional 
exhaustion at the work environment. In sum, resilience helps indivi-
duals to keep a high sense of well-being and to maintain their physical 
and psychological health by mitigating the negative effects triggered 
by periods of crisis (Aguiar-Quintana et al., 2021). Considering the 
reasoning presented above, we argue that resilience allows workers to 



J. Technol. Manag. Innov. 2025. Volume 20, Issue 1

ISSN: 0718-2724. (http://jotmi.org)
Journal of Technology Management & Innovation © Universidad Alberto Hurtado, Facultad de Economía y Negocios. 29

overcome difficulties related to the use of technologies, mitigating the 
impact of significant sources of stress present at work. Therefore, the 
following research hypotheses are proposed:

H3: Resilience moderates the effect of Computer Self-Efficacy on 
Role Ambiguity.

H4: Resilience moderates the effect of Role Ambiguity on Cognitive Load.

Figure 1. summarizes the research model of this paper.

Figure 1: Research Model
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3. Data and Methods

The research questionnaire was developed based on previous studies 
(Delpechitre et al., 2019; Durndell et al., 2000; Ortiz De Guinea et 
al., 2013; Suh & Lee, 2017; Wagnild & Young, 1993). Each construct 
was derived from different references, as shown in Appendix A. Con-
sidering that the questionnaire directly involves the context of the 
COVID-19 pandemic, some minor textual adjustments were applied 

to the original items (Appendix A shows the final version). The ques-
tionnaire items were translated into Brazilian Portuguese, the local 
language of the respondents. Before data collection, the translated 
version was evaluated by a professor experienced in publishing pa-
pers in international journals in the field of information systems re-
search. All questions were answered using a 5-point Likert scale, ran-
ging from 1 (strongly disagree) to 5 (strongly agree). The final sample 
is comprised of 691 complete responses. Table 1 contains descriptive 
statistics for the main constructs of the paper.

Table 1: Descriptive statistics for the main constructs

Construct n Mean S.D. Min. Max.
Role Ambiguity 691 2.594 0.993 1.000 5.000
Computer Self-Efficacy 691 3.309 0.987 1.000 5.000
Cognitive Load 691 3.965 0.871 1.000 5.000
Resilience 691 3.619 0.591 1.000 5.000

Notes: to generate this table with descriptive statistics, we first calculated the average score that each respondent assigned to the questions within each construct; next, 
we computed the descriptive statistics based on these average scores for each construct.

The responses were collected electronically between August, 2021 
and November, 2021. It is important to highlight that the majority 
of the respondents were developing their activities remotely due the 
COVID-19 restrictions. The responses were anonymous, and parti-
cipation was completely voluntary. The research protocol was pre-
viously approved by the Ethical Committee of the university to which 
the authors are affiliated.

Before testing the study hypotheses, we assessed the convergent and 
discriminant validity of the constructs (Anderson & Gerbing, 1988). 

For convergent validity, we observed the following indicators (Ba-
gozzi & Yi, 2012; Hair et al., 2017): Cronbach’s Alpha (CA), that was 
expected to be equal or greater than 0.70, Composite Reliability (CR) 
that was expected to be equal or greater than 0.70, and Average Va-
riance Extracted (AVE) that was expected to be equal or greater than 
0.50. Regarding discriminant validity, we compared the correlation 
between each pair of constructs with the root square of its own AVE 
(Fornell & Larcker, 1981); a concern would rise when the correlation 
between the constructs is greater than the square root of the AVE of 
the respective construct (Hair et al., 2017).



J. Technol. Manag. Innov. 2025. Volume 20, Issue 1

ISSN: 0718-2724. (http://jotmi.org)
Journal of Technology Management & Innovation © Universidad Alberto Hurtado, Facultad de Economía y Negocios. 30

We also used the heterotrait-monotrait ratio (HTMT) criterion to 
access discriminant validity (Hair et al., 2017; Henseler et al., 2015). 
To test the study hypotheses, we adopted the Structural Equation 
Modeling (SEM). It is important to note that two hypotheses of the 
quantitative model involve a multi-group comparison (H3 and H4). 
Therefore, based on the average scores of the items for the construct 
resilience, we segregated the study sample into two groups based on a 
threshold of 3.5: a sub-sample with high values for resilience (n=428) 
and another with low values for resilience (n=263). We then estima-
ted the research model for each sub-sample and saved the coefficients 
and the respective standard errors. Following previous literature 

(Hwang, 2010; Keil et al., 2000), we employed the procedure sugges-
ted by Wynne Chin to compare the path coefficients obtained in each 
sub-group of analysis.

4. Results

4.1 Convergent and Discriminant Analysis
The first step of the quantitative analysis in this paper was the evalua-
tion of convergent validity. The constructs in Table 2 showed good 
indexes for Composite Reliability and Cronbach’s Alpha, with values 
above 0.80. Similarly, the results showed good fit in relation to AVE, 
with values above 0.60 (as reported in Table 2).

Table 2: Results for Convergent Analysis

Construct Av. Var. Ext. Comp. Rel. Cronb. Alpha
Role Ambiguity 0.730 0.890 0.883
Computer Self-Efficacy 0.659 0.852 0.846
Cognitive Load 0.757 0.903 0.899

Table 3 presents the results for discriminant validity considering the 
comparison of the correlation between each pair of constructs with 
the root square of its own AVE (Fornell & Larcker, 1981). All the  

Table 3: Results for Discriminant Analysis

values in bold on the diagonal were higher than the correlations bet-
ween each pair of constructs, indicating good fit for discriminant va-
lidity.

Construct Role Ambiguity Computer Self-Efficacy Cognitive Load
Role Ambiguity 0.854
Computer Self-Efficacy -0.322 0.812
Cognitive Load 0.437 -0.003 0.870

Notes: the values in bold on the diagonal represent the root square of the AVE for the respective construct; the values below the diagonal indicate the correlation 
between each pair of constructs.

We also used an alternative procedure to access discriminant validi-
ty, based on the HTMT criterion. Table 4 contains the results. In the 
same line of the results observed in Table 3, these constructs did not 

present concerns related to discriminant validity, as the highest coe-
fficient was 0.473, which is below the threshold of 0.90 indicated by 
literature (Hair et al., 2017; Henseler et al., 2015).

Table 4: Results for Discriminant Analysis (HTMT criterion)

Construct Role Ambiguity Computer Self-Efficacy Cognitive Load

Role Ambiguity

Computer Self-Efficacy 0.334

Cognitive Load 0.473 0.021

In relation to the goodness of fit of the quantitative model, the fo-
llowing results were observed: Comparative Fit Index (CFI) = 0.985; 
Root Mean Square Error of Approximation (RMSEA) = 0.058 (the 
lower bond was 0.044); Qui-Square Statistic = 80.1 (24 degrees of 
freedom); Tucker Lewis Index (TLI) = 0.977. These indicator values 
show good adjustments for this stage of confirmatory factor analysis. 
The next step was to evaluate the study hypotheses.

4.1 Hypotheses Testing
In order to analyze the research model, we first evaluated the pro-
posed relationships of H1 and H2, and Table 5 contains the main 
results. We observed a negative effect of Computer Self-Efficacy on 
Role Ambiguity, an evidence that supports H1. Therefore, individuals 
that present higher levels for Computer Self-Efficacy tend to present 
lower levels for Role Ambiguity. In relation to H2, it was also suppor-
ted, since the results indicate a positive effect of Role Ambiguity on 
Cognitive Load. Individuals perceiving high levels of Role Ambiguity 
tend to suffer more with Cognitive Load factors.
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Table 5: Results for the relationships proposed in H1 and H2

Relationship Coef. Sig.
Comp. Self-Efficacy  ---> Role Ambiguity -0.318 ***
Role Ambiguity  ---> Cognitive Load 0.431 ***

Notes: number of responses = 691; r-squared for Role Ambiguity = 10.1%; r-squared for Cognitive Load = 18.6%.

Complementarily, using a bootstrap procedure (number of bootstrap 
samples = 1,000), we tested the indirect effect of Computer Self-Effi-
cacy on Cognitive Load. The result indicated a coefficient of -0.154 
(significant at 1%). This result for the indirect effect suggests that 

Computer Self-Efficacy can help in reducing the effects of Role Am-
biguity and, indirectly, it also can mitigate Cognitive Load (since the 
coefficient was negative and statistically significant). Table 6 contains 
the results considering the entire research model; Figure 2 illustrates 
the moderating effect among the two groups of analysis.

Table 6: Results considering the moderating role of the variable Resilience

Coef. Sig. Coef. Sig. Coef. Sig.
Comp. Self-Efficacy  ---> Role Ambiguity -0.310 *** -0.223 *** -0.087 ***
Role Ambiguity  ---> Cognitive Load 0.475 *** 0.321 *** 0.154 ***

Relationship
High Resiliene Low Resiliene Difference

Notes: as explained in the methods section, based on the average scores of the items for the construct resilience, we segregated the study sample into two groups 
based on a threshold of 3.5: a sub-sample with high values for resilience (n=428) and another with low values for resilience (n=263). We then estimated the research 
model for each sub-sample.

Figure 2: The moderating role of Resilience

Computer 
Self-Efficacy

Group: High Resilience

Role Ambiguity Cognitive Load
− 0.310*** 0.475***

Computer 
Self-Efficacy Role Ambiguity Cognitive Load

− 0.223*** 0.321***

Group: Low Resilience

Based on the entire research model (Table 6), the main results of the 
paper supports H1, since Computer Self-Efficacy presented a negative 
effect on Role Ambiguity. Respondents that presented higher levels 
of Computer Self-Efficacy tended to show lower levels of Role Am-
biguity. This result is in line with our argument that Computer Self-
Efficacy can mitigate the conflict of what activity to do first (Suh & 
Lee, 2017): learn new technological functions or do the regular work. 
Since technological changes can require new capabilities (Delpechitre 
et al., 2019), the context of COVID-19 Pandemic required of many 
employees the use of technology to perform their tasks, even if they 
are not familiar with technology.

Our findings also suggest a positive effect of Role Ambiguity on Cog-
nitive Load, which supports H2. Therefore, when employees need to 
change tasks constantly, particularly changing among technological 
tasks and regular work, they tend to present higher levels for Cogniti-
ve Load, an outcome of Technostress.

Resilience also showed an important construct in this paper, since it 
presented a moderating effect, supporting H3 and H4. In line with 
previous studies (Oksanen et al., 2021; Pflügner et al., 2021; Pirkka-
lainen et al., 2019; Singh et al., 2022; Tuan, 2022; Wagnild & Young, 
1993), such result reinforces the importance of Resilience to face 



J. Technol. Manag. Innov. 2025. Volume 20, Issue 1

ISSN: 0718-2724. (http://jotmi.org)
Journal of Technology Management & Innovation © Universidad Alberto Hurtado, Facultad de Economía y Negocios. 32

stressful process, particularly in the case of H3. The result is also in 
line with previous research (Pflügner et al., 2021) about how Resilien-
ce can contribute to reduce the negative effects of threatening situa-
tions related to technology. 

As shown in Table 6 and Figure 2, individuals exhibiting elevated le-
vels of Resilience demonstrated a more pronounced negative effect 
of Computer Self-Efficacy on Role Ambiguity. These findings suggest 
that individuals exhibiting higher levels of Resilience and higher le-
vels of Computer Self-Efficacy tend to experience lower levels of Role 
Ambiguity. Conversely, the effect of Role Ambiguity on Cognitive 
Load was more pronounced among the sub-sample with higher le-
vels of Resilience. This result indicates that the consequences of Role 
Ambiguity on Cognitive Load tend to be more pronounced among 
individuals with higher levels of Resilience.

5. Conclusion

The use of technology in the organizational environment has many 
benefits but it also creates some challenges. In the context of univer-
sities, as a response to the restrictions imposed by the COVID-19 
pandemic, teachers and administrative employees needed to develop 
their activities using tools for remote work. Therefore, they were re-
quired to interact with information technology to make their regular 
work. However, as previously presented, the use of technology can 
bring undesirable effects for individuals (Califf & Brooks, 2020; Lei & 
Ngai, 2014; Ragu-Nathan et al., 2008; Tarafdar et al., 2007).

Considering this context, the aim of this paper was to analyze un-
derling factors related to role ambiguity, their effects and forms of 
mitigation. The main results indicated that Computer Self-Efficacy 
can mitigate the effects of Role Ambiguity and, indirectly, Computer 
Self-Efficacy also has a negative effect on Cognitive Load. We also ob-
served that Role Ambiguity presented a positive effect on Cognitive 
Load. The variable Resilience moderated the relationships: i) between 
Computer Self-Efficacy and Role Ambiguity; and ii) between Role 
Ambiguity and Cognitive Load.

By addressing the relationships between Self-Efficacy, Role Ambi-
guity and Cognitive Load in the context of universities, this paper 
presents an important contribution to facilitate the management of 
educational institutions. When technological resources are imposed, 
their use can negatively affect the activities developed by teachers and 
the administrative staff, creating barriers to the performance of these 
employees and also having the potential to affect the learning envi-
ronment.

The activities usually carried out by teachers involve a level of multi-
tasking. Therefore, when teachers must combine the demands of re-
gular work with those of technological resources, this can create addi-
tional levels of stress. In this scenario, when educational institutions 
are required to implement new technological resources, they can co-
llect employees’ feedback regarding these technologies and offer more 
training and support options to mitigate the effects of multitasking.

Moreover, the results of this research suggest that computer self-effi-
cacy plays an important role in mitigating the effects of role ambiguity 
and, indirectly, cognitive load. With this result in mind, educational 
institutions can encourage teachers and administrative staff to par-
ticipate in courses on new technologies. Such participation can gra-
dually enhance their ability to interact with contemporary resources, 
facilitating the adoption of new technologies by the employees when 
an external situation is suddenly imposed on universities (as occurred 
during the COVID-19 pandemic).

The context in which this research was developed, using a database 
collected during a period of remote work due to pandemic limita-
tions, highlights an unprecedented panorama for testing the study’s 
hypotheses. As mentioned in the introduction of this paper, many 
respondents had never used before some of the technologies required 
for remote work.

This paper has some limitations. The first limitation is related to sam-
ple composition, since it was not adopted some random criteria to 
select respondents. We expect that the relatively large number of res-
pondents (n = 691) attenuates this limitation. Another limitation is 
related to the number of antecedents considered in the research mo-
del. Therefore, further research can consider the main results of this 
paper and expand the research model by including new antecedents 
for technostress.  
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Appendix A: Items and references of the questionnaire

Role Ambiguity (Suh & Lee, 2017)
During the COVID-19 pandemic...
RA-01. ... I am unsure whether I have to deal with IT problems or with my work activities.
RA-02. ... I am unsure what to prioritize: dealing with IT problems or my work activities.
RA-03. ... I cannot allocate time properly for my work activities because my time is being spent on ITs-activities caries.

Computer Self-Efficacy (Delpechitre et al., 2019; Durndell et al., 2000)
SE-01. I feel confident troubleshooting computer problems.
SE-02. I feel confident to use the new technology if there is no one around to tell me what to do.
SE-03. I feel confident to use the new technology if I had just the built-in help/guide facility for assistance.

Cognitive Load (Ortiz De Guinea et al., 2013)
During the COVID-19 pandemic...
CL-01. ... I am spending more mental effort doing my work.
CL-02. ... My work is requiring a great deal of concentration.
CL-03. ... Mentally, I am having to work more to do my tasks.

Resilience (Wagnild & Young, 1993)
RS-01. When I’m in a difficult situation, I can usually find my way out of it.
RS-02. I do not dwell on things that I can’t do nothing about.
RS-03. I can usually look at situation in number of ways.
RS-04. I usually take things in stride.
RS-05. I can get through difficult times because I’ve experienced difficulty before.
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