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Abstract

The objective of this study is to investigate the curvilinear relationship between mental workload

and in-role performance as there is conflicting literature. It pioneers in testing how this relationship

is moderated by employee usage of generative artificial intelligence . The study uses convenience

sampling to gather a total sample of 135 respondents working in different industries. Results show

no significant linear or curvilinear relationship between mental workload and in-role performance

and no significant moderation of this relationship by employee usage of generative artificial

intelligence. It did observe a significant relationship between education and in-role performance.

Limitations of this research include performance being self-rated and thus potentially bringing bias,

not taking into account different coping strategies for mental workload as well as other contextual

factors. The study adds to existing literature on the relationship between mental workload and

in-role performance, as it found no linear or curvilinear significant effect between mental workload

and in-role performance. Something which has not been observed before in earlier published studies

with the same hypothesis. It also pioneers in the effect of employee usage of generative artificial

intelligence on the relationship between mental workload and in-role performance. Furthermore, it

assesses the reliability and validity of the experimental questionnaire used for measuring employee

usage of generative artificial intelligence. Potential practical implications of the findings are

discussed.
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Exploring the relationship between Mental Workload and In-Role Performance: The

Moderating Role of Employee Usage of Generative Artificial Intelligence in the Workplace.

Historically, technological advancements have had a big influence on the way businesses

operate and on their employees. These technological advancements can be a blessing for businesses

as they have the potential to facilitate leaps in increasing productivity, efficiency, effectiveness and

ultimately profit. New technological advancements like the industrial revolution and digitalization

have already at least partly taken place in the western world (The Editors of Encyclopaedia

Britannica, 2023; Motivity Labs, 2023). Building off of the previous technological advancements,

we now see ourselves at the beginning of a new era; the era of generative Artificial Intelligence

(AI). The advancement of generative AI has been impressive to say the least. Since the release of

generative AI such as ChatGPT to the public on november 20th 2022, its number of users has

skyrocketed to a reported 180+ million users on november 3rd 2023 (Marr, 2023; Duarte, 2023).

Organizations can potentially benefit from the usage of generative AI (Soni, 2023). Its unique

capability lies in the diverse dataset with which it has been trained (Dilmegani, 2024). This allows it

to have a wide range of application such as creating text and photos, coding, composing music,

drafting emails, summarize articles, solve math problems, simplify complex topics and improving

business operations (Hetler, 2023; Kelly, 2023; Ooi et al., 2023). Generative AI is being

implemented in the rapidly evolving landscape of contemporary workplaces, as businesses strive to

maximize productivity and efficiency. This new technology is already being used in customer

service, healthcare and advertising to name a few (Xu et al., 2020; Yang et al., 2021; Shah et al.,

2020).
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Technology may displace, alter or generate new jobs (Zuboff, 1988). Since the usage of

generative AI is a relatively new development, the impact of employee usage of generative AI

(EUGAI) is not yet fully understood. Within the field of HRM, generative AI may be used to

automate recruitment, improve learning outcomes of training and development, employee

engagement, minimize employee turnover and increase employee motivation (Ooi et al., 2023;

Yılmaz & Yılmaz, 2023). However, there are also potential drawbacks of using generative AI.

There are risks related to well-being, bias, inaccurate or inappropriate responses, lack of

transparency in what the generated answers are based on and lack of data security (Budhwar et al.,

2023; Ooi et al., 2023). As previously mentioned, generative AI has the ability to take over certain

tasks . Individual employees may use generative AI for this purpose. Understanding the potential

benefit to strategically implementing generative AI usage in the workplace could reduce the

workload which individual employees have to deal with on a daily basis. As of writing this

research, there is no such study published which studies this possible effect. Researching this is

relevant as workload has an effect on employee performance according to some studies. The

research on workload gives different answers to whether workload positively or negatively affects

employee performance. Brüggen (2015) indicates that there is an inverted U-shape relationship

between workload and employee performance. However, research by Rolos et al. (2018) suggests a

negative linear relationship between workload and employee performance. Another study by

Omolayo en Omole (2013) indicate no relationship between workload and employee performance.

No significant empirical evidence was found in the existing literature indicating a positive

relationship between workload and employee performance. The conflicting evidence on the effect

of workload on employee performance, combined with the lack of research on the potential

moderation effect of EUGAI on the aforementioned relationship, constitute the knowledge gap that

this study aims to close. The goal of this study is to answer the following research question: What is

the relationship between workload and employee performance and how is this relationship

moderated by the employee usage of generative AI? The objective with answering this research
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question is to provide clarity on the relationship between workload and employee performance,

thus clarifying the conflicting literature. Moreover, this study aims to pioneer in providing empirical

evidence for a moderating effect of EUGAI on this aforementioned relationship. Organizations

could use the outcome of this study to try to increase employee performance through the stimulation

of EUGAI or at least decrease the potential negative effects of workload by stimulating EUGAI.

This is desirable for organizations as employee performance is positively related to organizational

performance (Tarmidi & Arsjah, 2019). How this could be achieved is discussed in the practical

implication.

Theoretical Framework

There are multiple definitions for employee performance. Viswesvaran and Ones (2000, p.

216) define employee performance as “scalable actions, behavior and outcomes that employees

engage in or bring about that are linked with and contribute to organizational goals.” By some,

in-role performance (IRP) is used to describe employee performance (Austin and Villanova, 1992;

Campbell, 1990; Pawar, 2013). IRP is defined as “behavior directed toward formal tasks, duties,

and responsibilities such as those included in a job description” (Williams & Anderson 1991, p.

607). As this research incorporates a behavioral moderator, the latter definition by Williams and

Anderson (1991) is used as this aligns better with this research. Extensive research has shown that

IRP is affected by multiple factors such as organizational citizenship behavior, individual learning,

team learning and workload (Atatsi et al., 2019; Brüggen, 2015). Workload has been studied for

decades (Hicks & Wierwille, 1979). Presently, studies involving workload focuses more on mental

workload (MWL) (Wierwille et al., 1985). Even though the topic of MWL has been researched for

decades, there is not one universal definition (Miller, 2001). One definition by Verwey (2000, p.

188) is “mental workload is related to the amount of attention required for making decisions.”

Another definition by Eggemeier et al., (1991, p. 210) is “mental workload refers to the portion of

operator information processing capacity or resources that is actually required to meet system
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demands.” In this research the definition by Eggemeier et al., (1991) will be used as this definition

is not limited to decision making but covers information processing as a whole, thus being more

complete and more fitting to this study.

Brüggen’s (2015) research found that IRP increases with the value of MWL also increasing

up to a certain point after which IRP decreases while MWL increases to a maximum, forming an

inverted U-shape. However, research by Rolos et al. (2018) suggests a negative linear relationship

between MWL and IRP. More recent research by Zhao et al. (2023) supports the evidence provided

by Brüggen (2015). Zhao et al. (2023) also found an inverted U-shape relationship between MWL

and IRP. Thus, the inverted U-shape relationship is supported more in the literature. For this reason,

this research assumes a curvilinear relationship between MWL and IRP. Zhao et al. (2023) call the

middle part of the inverted U-shape as mentioned by Brüggen (2015) the ‘Capacity Zone’. In the

Capacity zone the MWL value is medium high, resulting in peak IRP. Outside of the medium MWL

zone is on the left the ‘Laid-back zone’ with a low MWL value and on the right the ‘Fatigue zone’

with a high MWL value. In the low MWL zone the work efficiency increases when the value of

MWL increases. Here, the human beings are able to complete the assignment in the accorded

amount of time. However, they could have done more work in that given time. In this zone,

potential productivity and thus IRP is lost. In the high MWL zone, the IRP is decreasing as the

value of MWL rises to the maximum. The high MWL zone causes fatigue and overwhelms

individuals due to increased stress. In this zone the assignment is not completed on time, causing a

loss in IRP. It is in the interest of organizations to have their employees operate within the medium

MWL zone for consistent high work efficiency and ultimately high IRP, as IRP is positively related

to organizational performance (Tarmidi & Arsjah, 2019). The different zones as described by Zhao

et al. (2023) mean that MWL can have different effects on IRP depending on the value of the

MWL. The low MWL zone and the high MWL zone as presented by Zhao et al. (2023) could be

described as a mismatch between job demands and job resources. This logic is supported by the Job

Demand-Resource (JD-R) model (Bakker et al., 2023). The JD-R model proposes that the working
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environment can be divided into two general categories: job demands and job resources, each

having distinct relationships with specific results. Job demands refer to “physical, social, or

organizational aspects of the job that require sustained physical or mental effort and are therefore

associated with certain physiological and psychological costs” (Bakker et al., 2005, p 170). Job

resources refer to “physical, psychological, social, or organizational aspects of the job that (a) are

functional in achieving work goals, (b) reduce job demands and the associated physiological and

psychological costs, or (c) stimulate personal growth and development” (Bakker et al., 2005, p

170). Following the definition of job demands, MWL fits into the job demands category. In the low

MWL zone, holding constant the job resources and other job demands, there are not enough job

demands to motivate the employee to do more work, causing a loss in IRP. In the high MWL zone,

holding the job resources and job demands constant compared to the low MWL zone, there are too

many job demands compared to job resources. If there are no additional job resources to use and

higher stress levels, such as in the high MWL zone, the negative effect of MWL could come into

force, decreasing IRP. The reverse is true for the low MWL zone . When there are little to no

demands, there is little to no IRP. This means that a balance between the job demands and job

resources should lead to peak IRP. Hence, the first hypothesis is formed.

Hypothesis 1: There will be an inverted U-shaped relationship between mental workload and in-role

performance.

According to one assertion of the JD-R model, people are more inclined to use their job

resources when facing higher stress levels, such as those caused by demanding job conditions, in

this case MWL. Since MWL is a job demand and higher MWL entails a higher job demand, job

resources ought to rise with the same weight. Zhao et al. (2023) mention that the interventions from

either computers or human instructors are crucial to support the Capacity zone. Following the

definition of job resources, these interventions can be described as job resources. EUGAI may be

such a job resource to support the Capacity zone. Generative AI can be defined as “an umbrella

term that refers to systems that exhibit intelligent behavior, such as learning reasoning and
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problem-solving” (Brynjolfsson et al., 2023, p. 1). Moreover, job resources have previously been

found to be useful in coping with high demands such as MWL and maintaining IRP through

increased engagement. (Hakanen et al., 2005, J, 2014).

Generative AI models use vast amounts of publicly accessible data to read and generate text

that closely resembles that of human language. The models demonstrate creativity by proficiently

producing written content ranging creating text and photos, coding, composing music, drafting

emails, summarize articles, solve math problems, simplify complex topics and improving business

operations (Aydın & Karaarslan, 2023; Hetler, 2023; Kelly, 2023; Ooi et al., 2023). Following the

logic of the JD-R model, generative AI could act as a job resource as employees may use it to craft

their jobs. Job crafting can be defined as “The physical and cognitive changes individuals make in

the task or relational boundaries of their work” (Wrzesniewski & Dutton, 2001, p. 179).

In the low MWL zone, employees could engage in job crafting through the use of generative

AI to enhance their roles by automating routine tasks, freeing up time for more meaningful and

engaging activities, and developing new skills, leading to higher IRP with the same low MWL

values (Almasradi et al., 2023). In the high MWL zone, job crafting through the use of generative

AI can help to reduce the job demand of the psychological cost of the job in the high MWL zone.

This could cause less fatigue and not overwhelming the individual employees leading to lower

MWL and higher IRP levels compared to when EUGAI is not present. Following this logic, EUGAI

could potentially moderate the inverted-U shape relationship between MWL and IRP through job

crafting behaviors. As of writing this research, no study has been conducted to research this despite

the theoretical grounds for a relationship between EUGAI, MWL and IRP. Thus, the second

hypothesis is formed.

Hypothesis 2: Employee usage of generative AI moderates the inverted U-shape relationship

between mental workload and in-role performance such that this relationship is more pronounced

among employees lower in usage of generative AI, compared to employees higher in usage of

generative AI.
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Figure 1. Conceptual model

* The star in the conceptual model indicates the expected curvilinear relationship between

MWL and IRP.

Methods

Research design and procedures 

  The research aims to develop a quantitative description of the relationship between MWL

and IRP and the moderating role of EUGAI on this same relationship.

Sample

The data for this study was collected through employees of all sectors who have experience

in using generative AI. Convenience sampling was used to facilitate the easiest access to

respondents. The sample data gathered for analysis was collected through a collaborative effort

encompassing both the researcher and fellow students. The data collection process was a collective

undertaking, with each collaborator conforming to a standardized protocol to ensure reliability and

validity. This approach allowed for a more diverse and thorough dataset, increasing the robustness

of the findings presented in this research.

Instruments

To ensure reliability, the independent variable and dependent variable were measured using

scales which have already been tested as recommended by Sürücü en Maşlakçı (2020). The full

scales can be found in the appendix. Exploratory Factor Analysis (EFA) was used to discover the
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factor structures of the measurements and its reliability. The cutoff point for all three scales on the

KMO value was set at > .7 and Bartletts test at p < .05. Firstly, to measure MWL, the questionnaire

and combined scale by Van Veldhoven and Meijman (1994) consisting of 11 items (α = .88) and 7

items (α = .87) was used. The questionnaire was modified to use a 5 point Likert scale ranging from

1 (always), to 5 (never) as opposed to the 4 point scale in the original version. This was done so that

a neutral answer could be given when a respondent felt neutral about a question. This avoided the

risk of forcing participants into giving an answer which they did not agree with and influencing the

results. A 4 factor model proposing amount of work, pace of work, meticulousness required for

work and cognitive load of work dimensions was evaluated. This is different to the hypothesized

one dimensional construct. However, it can be explained by the scale that was used. The scale that

was used according to the authors included pace of work, amount of work and cognitive load. The

factor analysis showed one more factor being meticulousness required for work which can be

explained by the wording of the originally cognitive load scale using words like precision and

carefulness. These two words are different to paying attention constantly and having to be

constantly reminded for example. As shown in Table 1, the eigenvalue for the first four factors were

6,39, 2,29, 1,55 and 1,15 making up 63,2% of the variance in the items. Maximum likelihood factor

analysis with an oblique rotation was conducted with the original 18 items. Using a cutoff value of

.30, all of the 18 items loaded on the appropriate factor. Factor 1 and 2 correlated the highest at .57.

Additionally, though it is not shown in table 1, there was 1 additional eigenvalue greater than 1.0

(1,006) associated with an additional 5,6% of variance. However, based on the drop in the

eigenvalues with factors 2 through 4, the 4 factor model of MWL was retained. Therefore, the items

mentioned above that exceeded the .3 value were put together to form a 18 item MWL scale (α =

.84, KMO = .83, p < .001). Due to the presence of example items in the scale like ‘Are you working

under time pressure?’, the scale aligned with the definition of MWL used in this study.

Secondly, IRP was measured using a 5 point Likert scale ranging from 1 (disagree) to 5

(very strongly agree) with 7 items (α = .91) (Williams & Anderson, 1991). Once more EFA was
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used to discover the factor structure of the measurement and its reliability. A 2 factor model

composed of meeting jobstandards and neglect on the job dimensions was evaluated. This is

different to the hypothesized one dimensional construct of IRP. However, this can be explained by

the fact that both items that loaded onto factor 2 were reverse coded. This brings with it the

possibility that respondents answering behavior changes, introducing variance even though they

seem to measure the same construct. As shown in Table 2, the eigenvalue for the first two factors

were 2,76 and 1,45 making up 60,2% of the variance in the items. Maximum likelihood factor

analysis with an oblique rotation was conducted with the original 7 items. A 2 factor model was

evaluated with the factor correlation being .03. Using a cutoff value of .30, only one of the 7 items

failed to load on either of the two factors. All of the remaining 6 items loaded on the appropriate

factors. Therefore, the 6 items mentioned above that exceeded the .30 value were put together to

form an IRP scale. Deleting the one item also improved reliability slightly from α = .62 to α = .63.

Removing one additional item would have increased the reliability to α = .67. However, this items

loaded heavily on factor 2 at .91. Because of this high factor loading, it was decided to leave the

item in the scale, in spite of deleting it resulting in a higher reliability. The KMO of the scale was

.72 with p < .001. The questionnaire included topics like formal performance requirements and

failing to perform duties (reverse coded) and included items such as ‘I fulfill the responsibilities

specified in my job description.’ These topics and this example item align with the definition of IRP

used in this study.

Lastly, EUGAI was measured using an experimental questionnaire developed by Fong,

C.Y.M. (2024). The questionnaire consisted of two sub questionnaires: one for automating job

demands, consisting of 7 items (α = .86), and one for augmenting job demands, consisting of 9

items (α = .92). The questionnaire made use of a 5 point Liker scale ranging from 1 (never) to 5

(always). Once again EFA was used to discover the factor structure of the measurement and its

reliability. A 2 factor model composed of automating work tasks and augmentation work tasks

dimensions was evaluated. Once again, this differs from the hypothesized one dimensional
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construct. However, this can be explained by the fact that the questionnaire consisted of two sub

questionnaires. One for automating job demands and one for augmenting job demands. Some items

had overlap in their wording when it came to automating or augmenting job demands, making it

possible for them to load onto both factors. As shown in Table 3, the eigenvalue for the first two

factors were 8,48 and 1,16 making up 60,3% of the variance in the items. Maximum likelihood

factor analysis with an oblique rotation was conducted with the original 16 items. A 2 factor model

was evaluated with the factor correlation being .77. Using a cutoff value of .30, 12 items loaded on

one of the two factors uniquely. 4 items loaded into both factors. Since these items touch both

dimensions, it was decided to keep them in. Therefore, the 16 items mentioned above that exceeded

the .30 value were put together to form an EUGAI scale (α = .94, KMO = .92, p < .001). The

questionnaire contained items concerning job demands and job resources. Hence, it is aligned with

this research. No example items can be shared in this research due to the author of the scale

explicitly requesting the items to not be shared.

Control variables

To refine the accuracy of the analysis it included the amount of hours an individual works

per week, education level, industry and tenure as control variables as these variables are all possible

predictors of IRP as shown by Chandrasekar (2011), DeVaro (2022), Ng and Feldman (2009) and

Ng and Feldman (2010). Age and gender are included only for demographic statistics purposes and

are not part of the predictive models, as no empirical evidence of these variables influencing IRP

was found. By incorporating the control variables, the objective was to separate and evaluate the

distinct effect of MWL on IRP and the moderation effect of EUGAI on this relationship and thus

increasing the accuracy of this research.

Analysis

The data was analyzed in IBM SPSS 27. Before the analysis, the dataset was prepared by

checking for missing values, which were coded as 999 and subsequently deleted. The significance
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level for this research was set at p < 0.05. After deleting missing values, outliers were identified by

making a boxplot. The assumption of homoscedasticity was checked using a scatter plot. With the

same scatterplot, a first indication of the relationship between the two variables could be realized.

Since this study predicts a curvilinear relationship between MWL and IRP, a curvilinear analysis

was performed and checked for a significant effect. After this, the moderation effect is checked for

significance. To provide meaningful information for the discussion and practical information, the

difference in the relationship between MWL and IRP with and without the moderation effect of

EUGAI was needed through a visual representation.

Results

Sample and data collection

The initial sample size for this study consisted of 207 participants from various

organizations and occupations who consented to taking part in this research. After deleting 72

missing values, the final data set for analysis was a sample size of 135. The sample included 71

male (52,6%), 62 female (45,9%) and 2 preferred not to say (1,5%). The average age was 33,6 years

old with a SD of 12,9 years. The average of hours worked per week was 33,4 hours with a SD of

12,2 hours. The average tenure was 6 years with a SD of 7,3 years. The average level of education

was university bachelor with a SD of .993. Of the 135 respondents, the four most common

industries were technology (12,6%), finance (8,1%), education (8,1%) and retail (7,4%). 46.7% of

respondents worked in sectors other than the ones provided as options. The survey did not record

what these sectors were. On average, respondents reported a MWL of 3.15 with a SD of .60 and an

average of 4.35 with a .41 SD for their IRP. The average score of EUGAI was 2.47 with a SD of

.84. All descriptive statistics and correlations are described in Table 4. The frequency statistics for

gender and industry are described in Table 5 and 6.
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Using Pearson’s correlation as an index of association, the correlations between the variables in this

research are presented in table 4. For age and gender, no correlations are shown as these variables

were only included for sample describing purposes. None of the variables correlated significantly

with IRP; MWL (r -.14, p = .10), EUGAI (r -.09, p = .29), education (r .16, p = .07), industry (r .11,

p = .21), tenure (r .04, p = 67) and hours per week worked (r -.01,p = .91). EUGAI was not

significantly correlated with MWL (r .01, p = .95) and significantly negatively correlated with
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tenure (r-.30, p = < .001). MWL on the other hand was significantly positively correlated to tenure

(r .20, p = .02). Tenure was significantly positively correlated to education (r .22, p = .01).

Furthermore MWL was significantly positively correlated to education level (r .17, p > .05) as well

as hours per week worked (r .34, p = < .001). Hours per week worked was significantly correlated

with educational level (r. 22, p = .01) and tenure (r .24, p = .01).

Models

The hypotheses were tested with two models. The first model tests the relationship between

MWL (X) and IRP (Y), with IRP as its dependent variable. Since this research expects a curvilinear

relationship, the square of MWL is added to the model as an additional predictor ( ). Thus, using𝑋2

EUGAI (W), education (U1), hours per week worked (U2), industry (U3) and tenure (U4) as

covariates, the model estimated is

In-role performance = iY + b1X + b2 + b3W + b4U1 + b5U2 + b6U3 + b7U4 + eY. (Model 1)𝑋2

To test if there is a moderation effect of EUGAI (W) on the expected curvilinear relationship

between MWL (X) and IRP (Y), the model estimated is

Ŷ = iY + b1X + θ → + b3W + b4XW + b6U1 + b7U2 + b8U3 + b9U4 (Model 2)𝑋2 𝑌𝑋2

Hypothesis testing

The results of model 1 are provided in Table 7. The relationship of model 1 is shown in

figure 2. For testing H1, the squared value of MWL was added in the model. Before testing for the

curvilinear effect, the linear effect of MWL on IRP was tested. The linear regression analysis

resulted in MWL not significantly affecting IRP whilst controlling for education level, hour per

week worked, industry, and tenure, b = -.12, t(130) = -1.95, p = .05. The curvilinear regression

analysis also resulted in MWL not significantly affecting IRP whilst controlling for education level,

hour per week worked, industry, and tenure, b = -.04, t(129) = -0.47, p = .64. Education did

significantly affect IRP b = .08, t (129) = 2.06, p = .04. Therefore, MWL does not significantly
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affect IRP linearly or curvilinearly. Adding MWL in order to test for a curvilinear effect did not add

significant predicting power to the model. This contradicts H1. Thus, based on this research H1 can

be rejected.
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Figure 2

For testing H2, PROCESS by Hayes (2022) as recommended by professor Guy Moors was

used as PROCESS can calculate the moderation of curvilinear effects. It does this through

calculating how the steepness of the hypothesized bend changes depending on the value of the

moderator and gives an output of the unique change contributed by the moderator, EUGAI. It𝑅2

also uses the pick-a-point method to determine whether or not the moderation effect is significant at

all values of the moderator or only at certain levels. The results are presented in Table 8. As shown,

EUGAI did not significantly moderate the relationship between MWL and IRP b = .02, F(125) =

.04, p = .52, change of .00. Furthermore, using the pick-a-point method by PROCESS, no𝑅2 

significant effect was found at the probed values of EUGAI. This contradicts H2. Thus, based on

this research H2 can be rejected.
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Discussion

This paper examined the relationship between MWL on IRP and how this relationship is

moderated by EUGAI. The key findings are presented below. The results for the absence of

correlation between MWL and IRP and the results for H1 contradict previous research by Brüggen,

(2015), Rolos et al., (2018) and Zhao et al (2023) but do align with the results of Omolayo &

Omole (2013). However, Omolayo and Omole (2013) did not have a concrete answer based on

academic insights on the result they found. An explanation for this result is that there is a relatively

high mean score for IRP at 4.35 out of 5 with a .41 SD, a minimum of 3.00 and a maximum of 5.00.

A consequence of this is that there is little room for variance in the scores. This is most likely due to

the respondent having to rate their own IRP, opening the door for positive bias as theorized in

self-enhancement theory (Alicke & Sedikides, 2009; Taylor & Brown, 1988). Positive bias is the

tendency for people to report positive views of reality (Hoorens, 2014). Meta analysis by Harris and

Schaubroek (1988) also showed an average of over .50 of a standard deviation higher self ratings
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compared to supervisor ratings. This effect was found to be moderated by job type, meaning more

positive bias in ambiguous contexts such as managerial and professional jobs compared to more

well defined jobs (i.e., blue-collar/service). Since the average education of the sample in this

research is university bachelor level, it is plausible that the vast majority of respondents in this

sample have managerial and/or professional jobs, meaning an even bigger positive bias towards IRP

ratings. Results also showed a significant effect between education and IRP. Research by Weidman

et al. (1972) indicated a relationship between level of education and self rating of performance. All

the possible biases as mentioned above could have had the effect that respondents rated themselves

more positively on IRP, creating more bias in the results and possibly explaining the observed

significant relationship between education and IRP. In reality, the respondents IRP may be lower

and a different result may have been observed. However, this is only speculation and cannot be

substantiated in this research. Alongside the methodological possible explanation for the result of

H1, there is also a possible theoretical explanation, namely The two-level compensatory control

model by Hockey (1997). The lower level is a default amount of effort for a given task, based on

the anticipated resources needed such as level of skill. Increases in demand below this level are not

felt as effortful and control of IRP appears automatic. The upper set point indicates the maximum

level of effort that can be expended, with the gap between the upper and lower set points serving as

a reserve effort budget to address extra demands, unexpected changes in the demands-resources

balance, or the added strain of stressful environments. The model states that IRP levels may be

protected under higher reported MWL values by recruiting further resources, but only at the

expense of increased effort and behavioral and physiological costs as described as level two.

Alternatively, the model states that recruiting additional resources may not be needed by reducing

IRP goals. As reducing IRP is often not an option in working environments due to the risk of

employees losing their job, the second level of the compensatory control model is most likely to

occur in workplace scenarios which is what this study focuses on. In this research, the second level

- and thus increased effort - is observed in the positive correlation between MWL and hours per
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week worked. The increase in hours per week worked as MWL increases could mask the effect of

MWL on IRP as it diminishes the potential negative effect of MWL on IRP. This could have

resulted in the non significant relationship between MWL and IRP.

The results also indicate that EUGAI does not significantly moderate the curvilinear

relationship between MWL and IRP. This defies the expected result (H2) based on the JD-R model,

but is also expected given the non significant curvilinear relationship between MWL and IRP. The

JD-R model is based on the premise that there are job demands and job resources. In this research

the job demands are MWL and the job resources are EUGAI. Based on the JD-R model, the

moderation effect of EUGAI is expected to come into effect between the end of the medium high

MWL zone and through the high MWL zone as described by Zhao et al. (2023). Yet, in this

research no such medium high and high MWL zones were observed to be affecting IRP possibly

because if the high average IRP rating leaving little room for variance. This study recognizes the

possibility of a significant effect of EUGAI on the relationship between MWL and IRP even though

there is not a significant direct effect. However, this possibility can be ruled out because the

pick-a-point method of PROCESS was used to try the different values for EUGAI for significance

and no significant effect was found. Based on the results, it is tempting to conclude that respondents

did not use AI as a solution for high MWL. However, there are multiple possible explanations for

this. One explanation is based on Task-Technology Fit (TTF) theory. TTF theory states that

technology adoption is predicted by the perceived fit between tasks and technology (Goodhue &

Thompson, 1995). If there is a mismatch between the tasks of the respondent and the perceived fit

of the technology by the respondents, there may not be an effect of EUGAI on - in this study’s case

- the relationship between MWL and IRP. If this perceived fit is not present, it might not encourage

employees to craft their job. Desirable technology characteristics such as perceived fit determine the

room employees have to execute job crafting behaviors (M. Xu et al., 2022). Absence of this fit

could result in less EUGAI. This reasoning is supported by the Technology Acceptance Model

(TAM), which states that the perceived ease of use and usefulness determine the acceptance and use
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of technology (Davis, 1989). This means that generative AI might lead to minimal impact on the

relationship between MWL and IRP if respondents find it difficult to use or not useful. Since both

perceived fit of technology and perceived ease of use and usefulness were not measured in this

research, it can not be definitively concluded that the reasons as proposed by TTF and TAM are the

reasons for the result of H2. Moreover, it is possible that respondents used other job resources than

EUGAI to buffer the relationship between MWL and IRP. The definition of job resources is so

broad that it is practically impossible to capture all of them in one research and be able to control

for all of them. This makes it difficult to isolate the true effect of EUGAI on the relationship

between MWL and IRP. Following the rejection of both H1 and H2, it can be concluded that in this

study no relationship was found between MWL and IRP and that no moderation effect by EUGAI

was observed on this relationship. Finally, the absence of significant correlation between IRP, MWL

and EUGAI is to be expected given the non significant results for H1 and H2.

Limitations

This research has a few limitations which need to be addressed in order to place the results

in its full context. First, there are limitations concerning the sample size and the diversity of the

sample. Since convenience sampling was used, the sample size was relatively small. This had the

consequence of not a lot of variance in education level for example. Convenience sampling also had

the consequence of having a relatively high average education level. Because of this, the result of

education being a predictor of IRP may be influenced. Second, respondents had to self-rate their

performance. As mentioned in the discussion, this very well could have added great biases to the

IRP scores. In turn this could have tainted the scores on this variable, resulting in potentially

unreliable results for H1. Third, the research does not take into account the different preferred

strategies for coping with MWL. Some respondents prefer to complete as much workload as

possible in the early part of the projects or tasks, while others may prefer to do most of the

workload closer to the deadline of said projects and tasks. This could influence the way respondents
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perceive their mental workload differently depending on their coping strategy. Fourth, no other job

resources other than the hypothesized EUGAI were taken into account in this study. This makes it

very hard - if not impossible - to argue for evidence of there not being a moderating effect of

EUGAI on the relationship between MWL and IRP. Ffith, contextual factors such as organizational

culture, work environment, job complexity, and individual differences were not taken into account

in this study. These factors could influence the relationship between MWL and IRP and may affect

EUGAI. Finally, since both perceived fit of technology and perceived ease of use and usefulness

were not measured in this research, it can not be definitively concluded that the reasons as proposed

by TTF and TAM are the reasons for the result of H2.

Future Research Directions

For future research, it may be recommended to have a bigger and more diversified sample

and to avoid self-rated performance scales as they could bring bias to the results. Future studies

should consider selecting a sample with a set maximum hours per week worked, to avoid the

possibility of hours per week working masking the potential effect of MWL on IRP through

compensational behavior. As EUGAI is still in its infancy, it will progress (probably rapidly) in the

coming years in areas like accuracy in responses, complexity of tasks it can take over and diversity

of implementation options. It is recommended to study the effects of EUGAI as a job resource in

the future when its abilities and its acceptance to usefulness in the workplace increases. This could

have a significant effect on not just the relationship between MWL and IRP but on other

relationships between job demand and outcome variables. Moreover, including different preferred

strategies of coping with MWL could add to models with more predictive power on the relationship

with IRP as well as contextual differences. Additionally, perceived fit of technology and perceived

ease of use and usefulness should be investigated to verify whether or not the results of H2 are

caused for reasons proposed by TTF and TAM. Lastly, longitudinal studies may be needed to
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understand how EUGAI may develop over time as employees learn to effectively use the resource

and how this development may influence the relationship between MWL and IRP.

Contributions

This study adds to the existing literature on the relationship between MWL and IRP and has

added a new angle to the previously studied linear and curvilinear relationship between them. The

observed non significant effect between mental workload and in-role performance is something that

has been observed before (Omolayo & Omole, 2013), however this study used more advanced

statistical analysis and then the study by Omolayo and Omole (2013) with a curvilinear hypothesis

and still found no significant effect. Furthermore, it has pioneered in the moderating effect of

EUGAI on this relationship. In doing so, it has assessed the reliability and validity of the

experimental questionnaire by Fong, C.Y.M. (2024). This study shows that the scale can measure

the automation and augmentation of job demands reliably and is fit to use in future research aiming

to study this. It has also raised points of improvement regarding research design and methodology.

The study adds to existing literature on the relationship between mental workload and in-role

performance, as it found no significant effect between mental workload and in-role performance.

Something which has not been observed before in earlier published studies.

Practical implications

The practical implications of this study should be interpreted with a big question mark behind them.

The finding that there is no relationship between MWL and IRP suggests that organizations can

keep mounting MWL on their employees without their IRP taking a hit. However, this seems very

unlikely in the real world, as other studies have previously shown (Brüggen, 2015; Rolos et al.

2018, Zhao et al. 2023). Moreover, this study does not take into account the possible negative health

effects of continued high MWL on individuals and organizations such as decreased wellbeing,

burnout and increased turnover intention (Gaillard, 1993, Werdani, 2017, Yanchus et al., 2016).
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Another practical implication of this study is that organizations should not invest into strategically

implementing EUGAI to buffer the - in previous studies - found negative effects of MWL, as this

study shows no buffering effect. Rather, organizations could invest in electroencephalogram-based

systems to detect high MWL in real time and use this information to mitigate the MWL (Sejnowski

et al., 2007). This would however be complicated to achieve effectively on a large scale in the real

world due to ethical and privacy. Companies could also choose to invest on the individual level in

educating employees to not be distracted from their essential tasks, prioritizing said tasks and

mental exercises (Ghaderi et al., 2022). On the organizational level companies could install policies

to prevent mental workload like having a hard limit on how many hours an employee is allowed to

work or the minimum number of employees in a team with a calculated amount of workload.
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