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Abstract: We explored the effects of algorithmic opacity on employees’ playing dumb and evasive hiding rather
than rationalized hiding. We examined the mediating role of job insecurity and the moderating role of employee-Al
collaboration. Participants were 421 full-time employees (female = 46.32%, junior employees = 31.83%) from a variety of
organizations and industries that interact with Al. Employees filled out data on algorithm opacity, job insecurity, knowledge
hiding, employee-Al collaboration, and control variables. The results of the structural equation modeling indicated that
algorithm opacity exacerbated employees’ job insecurity, and job insecurity mediated between algorithm opacity and
playing dumb and evasive hiding rather than rationalized hiding. The relationship between algorithmic opacity and playing
dumb and evasive hiding was more positive when the level of employee-Al collaboration was higher. These findings
suggest that employee-Al collaboration reinforces the indirect relationship between algorithmic opacity and playing dumb
and evasive hiding. Our study contributes to research on human and Al collaboration by exploring the dark side of

employee-Al collaboration.
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Introduction

Modern artificial intelligence (Al) increasingly incor-
porates techniques such as machine learning, natural
language processing, and computer vision (Hancock et al.,
2020), and these systems make decisions autonomously,
driven by large amounts of data received, analyzed, and
interpreted (Brynjolfsson & Mitchell, 2017). Yet, algorith-
mic opacity occurs, which is when the failure of Al to
provide explanations for why a particular decision was
made that are understandable to users with little techni-
cal knowledge (Glikson & Woolley, 2020). Algorithmic
opacity erodes employees’ trust in Al output (Endsley,
2023; Hoddinghaus et al., 2021; Shin et al., 2022) and
undermines employees’ self-determination and autonomy
(Jobin et al., 2019; Kalyanathaya, 2022). The conditions
under which algorithmic opacity would impair employees’
basic psychological needs are a less well-understood Al
threat (Vaassen, 2022).

Algorithmic opacity and coping behaviour

Algorithmic opacity reduces employees’ decision-making
performance (Yeomans et al., 2019) and affects employ-
ees’ job satisfaction and motivation (Wright et al., 2016).
However, the coping behaviours that employees will adopt
in the face of the threat of algorithmic opacity have
yet to be clarified (Christin, 2020). Algorithmic opacity
undermines employees’ psychological needs for autonomy,
competence, and relatedness, which in turn creates job
insecurity. Employees may be defensive in the face of job
insecurity and engage in knowledge hiding (individuals
intentionally withholding or hiding the knowledge that
colleagues request; Connelly et al., 2012), which contains
a defensive function (Soral et al., 2022; Wu, 2020). Thus,
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by using job insecurity as a mediating mechanism for
algorithmic opacity to affect knowledge hiding, we reveal
how algorithmic opacity affects knowledge hiding.

How algorithmic opacity affects job insecurity may
vary by work context, with higher risks with employee-
Al collaboration (i.e., employees and Al collaborate on
tasks together; Kong et al., 2023). We propose that algo-
rithmic opacity on job insecurity varies by the level of
employee-Al collaboration, which would call into question
the existing literature that blindly exaggerates the benefits
of employee-Al collaboration.

Theoretical foundations

Self-determination theory (SDT, Deci & Ryan, 2000)
proposes that basic psychological needs of autonomy,
competence, and relatedness are critical to human activ-
ity. These needs in work settings promote psychological
growth and healthy functioning, while the frustration of the
needs is theorized to lead to energy depletion, dysfunction,
and illness (Olafsen et al., 2017).

Algorithmic opacity and job insecurity

Based on SDT, we propose that algorithmic opacity can
positively affect job insecurity by blocking employees’
autonomy, competence, and relatedness needs. First, algo-
rithm opacity blocks the satisfaction of autonomy needs.
Because employees lack a sufficient sense of control and
trust in algorithms when they are unable to truly under-
stand Al’s performance (Langer & Konig, 2023; Scherer
et al., 2015), which can prevent employees from acting on
the algorithms’ judgments. Therefore, algorithmic opacity
undermines user autonomy by hiding significant ways to
influence algorithmic outcomes. Notably, scholars have
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pointed out that algorithmic opacity can pose a threat to
autonomy even for sufficiently reliable and fair algorithms
(Vaassen, 2022).

Second, algorithmic opacity can lead to impeded ful-
filment of competency needs. Because high Al opacity
makes it impossible for employees to understand the deci-
sion logic behind AI (Shin, 2020), this can erode trust in Al
outputs (Shin, 2020) and affect the efficiency of human-Al

collaboration (Hoddinghaus et al., 2021), thereby reduc-
ing decision effectiveness (Yeomans et al., 2019). When

employees are not able to do their jobs effectively, the
fulfilment of their competence needs is limited.

If managers manage employees using opaque algo-
rithms, employees will question the fairness of managerial
decisions, which can undermine relationships between
subordinates and superiors (Cobb & Frey, 1996). Not
only that, the perception of unfairness may also lead to
increased jealousy, resentment, and competition among
employees, which in turn affects relationships among
coworkers (Cornelis et al., 2006). In short, the use of
opacity algorithms can lead to impeded fulfilment of
employees’ relational needs.

When employees’ autonomy, competence, and relat-
edness needs are not met, employees may perceive
themselves to be at a more significant disadvantage in the
‘horse race’ with Al, given Al’s superior information pro-
cessing capabilities (Chamorro-Premuzic & Ahmetoglu,
2016), exceptional and unbiased ability to recognize poten-
tial patterns in incomplete data sets (Parry et al., 2016), and
lack of fatigue compared to humans (Tong et al., 2021).
Therefore, employees may fear losing their jobs and thus
experience a strong sense of job insecurity (Lawal et al.,
2022; Toros et al., 2022).

The mediating role of job insecurity

Higher job insecurity indicates a greater perceived threat
to employees’ jobs and careers from Al. Knowledge hiding
is the process in which employees intentionally conceal
or hide knowledge when their colleague requests, which
consists of playing dumb, evasive hiding, and rationalized
hiding (Connelly et al., 2012). Work insecure employees
may engage in knowledge hiding as a resource-protection
behaviour (Agarwal et al., 2022). An example of knowl-
edge hiding is playing dumb, which is deceptive behaviour,
pretending not to understand a word problem, and/or not
wanting to provide help (Yuan et al., 2021). Another
example is evasive hiding, which involves providing incor-
rect knowledge (Offergelt et al., 2019). However, with
rationalized hiding no deception is intended; rather there
is a valid reason or withholding relevant knowledge on
the basis that it will be blamed by a third party (Connelly
et al., 2012). Connelly et al. (2012) also point out that
different motivations can drive the three types of knowl-
edge hiding. Therefore, it is necessary to consider the
differential effects of job insecurity on the three types of
knowledge hiding.

Moderating role of employee-AI collaboration

Employee-Al collaboration may amplify the impact of
algorithmic opacity on job insecurity. First, when the
level of employee-Al collaboration is high, employees’

decisions may rely heavily on AlI’s output (Raisch &
Krakowski, 2021), and algorithmic opacity can lead to
employees’ inability to decipher how Al works. In this
case, employees will not only find it difficult to predict
the outcome of Al’s work, but they will also be put in
the awkward position of having no choice but to accept
the AI’s decisions (Anthony et al., 2023), which would
disrupt the interaction between the employee and Al
(Lebovitz et al., 2022). Employees may fear of losing their
decision-making power, particularly with unstructured or
‘higher-order’ tasks that call for decisional autonomy.

Algorithmic opacity can prevent employees from to
gaining insight into the logical mechanisms behind Al
decisions for maintaining or sustaining work productiv-
ity. This sense of powerlessness and frustration reduces
employees’ job well-being, job satisfaction, and motivation
(Wright et al., 2016) and may have adverse spillover effects
on inter-employee and employee-supervisor relationships
(Judge et al., 2001).

Goal of the study

We propose to test a moderated mediation model in which
algorithmic opacity is indirectly related to playing dumb
and evasive hiding through job insecurity, and this indirect
relationship is moderated by employee-Al collaboration.
Our specific hypotheses are as follows:

Hypothesis 1. Higher Algorithm opacity is associated
with lower job insecurity.

Hypothesis 2. Job insecurity mediates the relation-
ship between algorithmic opacity and (a) playing dumb
(b) evasive hiding, but job insecurity is not related to
rationalized hiding.

Hypothesis 3. Employee-Al collaboration amplifies the
positive effect of algorithmic opacity on job insecurity.

Hypothesis 4: The indirect relationship of algorithmic
opacity on (a) playing dumb and (b) evasive hiding through
job insecurity is moderated by employee-Al collabora-
tion, which is stronger when the level of employee-Al
collaboration is high rather than low.

Method

Participants and setting

Only participants were invited to participate in this study.
Participants were 421 employees interacting with Al daily
at work. Males accounted for 53.68% of the sample, the
average age was 30.48 (SD = 2.95), the average tenure
was 2.54 (SD = 1.76), and 68.65% of the participants had
a bachelor’s degree or higher. The participants’ positions
included R&D, operation, sales, and design.

Measures

All wvariables in this study were measured from
well-established scales with a rigorous translation-back-
translation procedure. The question items were on a Likert
5-point scale (1 = completely disagree; 5 = completely
agree).

Algorithmic opacity

We drew on Wanner et al.’s (2022) 3-item scale to examine
algorithmic opacity, e.g., ‘I don’t understand why Al made
the decision it did’ (o0 = 0.766).
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Job insecurity

We used Staufenbiel & Konig’s (2010) 4-item scale to
measure job insecurity, e.g., ‘I don’t think I will be able to
keep my job in the future’ (o0 = 0.819).

Knowledge hiding

Knowledge hiding was measured using Connelly et al.’s
(2012) 12-item scale (o0 = 0.704), in which playing dumb
four items, such as, “When other colleagues ask me for
knowledge, I pretend I don’t know what they are talking
about’ (o0 = 0.819); evasive hiding four items, such as,
‘When other colleagues ask me for knowledge, I agree
to help, but I don’t do so’ (o« = 0.806); and rationalized
hiding also four items, such as, ‘“When other colleagues ask
me for knowledge, I explain to them that the information
is confidential and only available to people in certain
positions’ (o. = 0.780).

Employee-Al collaboration

The 5-item scale used by Kong et al. (2023) was adopted,
with sample items such as ‘Al is involved in my decision-
making process’ (a0 = 0.858).

Control variables

We controlled for gender (0 = ‘male’, 1 = ‘female’), age
(years), Job tenure (years), and education (below college,
college, bachelor’s degree, master’s degree and above) in
our analyses because these demographic characteristics
are believed to influence employees’ knowledge hiding
significantly (Guo et al., 2022).

Procedure

The University of Shandong Youth University of Political
Science provided ethics approval. The participants individ-
ually consented to the study. Data were collected utilizing
Credamo, a professional data collection platform. Data
were collected on three occasions, one month apart. Time
1, we asked employees to recall scenarios in which Al was
applied to accomplish tasks in the workplace and subse-
quently completed questionnaires on algorithmic opacity
and employee-Al collaboration; Time 2, we collected data
on job insecurity following the same procedure; Time 3,
we collected data on knowledge hiding. We matched the
three waves of data using the last four digits of employees’
phone numbers as a tool to track them across time points.
Participants receive approximately $0.43 as an incentive.

Data analysis

The proposed hypotheses were tested by constructing
structural equation modeling in Mplus 8.3. Specifically, we
tested the direct effects between variables by determining
the significance of each path coefficient, and a 95% con-
fidence interval (CI) was used for the mediating effect to
assess the mediating effect of job insecurity. We mean-
centered the independent and moderator variables and then
multiplied these variables to produce interaction terms to
test for moderating effects. We also estimated the simple
slopes of employee-Al collaboration at lower (—1 SD)
and higher (+1 SD) levels. We separately estimated the
two sets of indirect effects at the high and low values of
employee-Al collaboration. We calculated the significance

of the difference between these two sets of indirect effects.
In all analyses, we used bootstrapping (n = 5000) to
assess the significance of the hypothesized direct, indirect,
and moderated pathways and to calculate 95% ClIs for
effect sizes.

Validity test

Second, to test the discriminatory effects among vari-
ables, we conducted a confirmatory factor analysis (CFA)
by Mplus 8.3, which showed that the fit indicators
(x? (237) = 298.970, CFI = 0.983, TLI = 0.980, SRMR
= 0.035, RMSEA = 0.025) of the 6-factor model (algo-
rithm opacity, job insecurity, playing dumb, evasive hiding,
rationalized hiding, and employee-Al collaboration) was
the best, indicating that the variables used in this study
possess good discriminant validity.

Common method bias test

When testing for homoscedastic method bias using Har-
man’s one-factor method, five factors had eigenvalues
greater than 1. The first unrotated factor explained
19.794% of the variance, so there was limited impact due
to common method bias.

Results

Descriptive statistics

The results of the descriptive statistical analysis are shown
in Table 1. Algorithmic opacity was positively associated
with job insecurity (r = 0.211, p < 0.01), job insecurity
was positively associated with playing dumb (r = 0.476,
p < 0.01) and evasive hiding (r = 0.506, p < 0.01), but
not with rationalized hiding (r = 0.021, p > 0.05), thus
providing initial support for the hypotheses.

Algorithmic opacity and job insecurity

Structural equation modeling achieved a good fit, x* (188)
= 252.147, CFI = 0.974, TLI = 0.968, SRMR = 0.035,
and RMSEA = 0.028. As shown in Table 2, algorithmic
opacity positively affected job insecurity (B = 0.262,
p < 0.001). Hence, Hypothesis 1 was supported.

Moderating effects of employee-AI collaboration

The interaction between algorithmic opacity and
employee-Al collaboration positively affected job
insecurity (B = 0.224, p < 0.001). The results of the
simple slopes (see Figure 1) showed that the relationship
between algorithmic opacity and job insecurity was
significant when the level of employee-Al collaboration
was high (B = 0.520, p < 0.001). However, the
relationship was no longer significant when the level
of employee-Al collaboration was low (B = 0.003, ns).
Hence, Hypothesis 3 was supported.

Mediating effects of job insecurity

The mediation model showed that algorithmic opacity
was positively correlated with job insecurity (B = 0.262,
p < 0.001), which in turn was positively correlated with
playing dumb (B = 0.460, p < 0.001) and evasive hiding
(B = 0.493, p < 0.001), but not with rationalized hiding
(B = 0.036, ns). The results of 5000 bootstrap resam-
plings showed that algorithmic opacity had a significant
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Table 1. Descriptive statistics and intercorrelations of study variables

Variables mM SD 1 2 3 4 6 7 8 9
1. Gender 0.460  0.499
2. Age 30430  3.039 0.012
3. Education 2.700 0.848 —0.029 —0.034
4. Job tenure 2480 1.570 —0.023 0.213** 0.053
5. Algorithmic opacity 2971 0975 0.156*%*  —0.045 —0.025 —0.131**
6. Job insecurity 3.182  0.943 0.087 —0.013 —0.013 0.037 0.211%**
7. Playing dumb 3.190 0.847 0.221%** 0.062 —0.038 —0.011 0.247** 0.476%*
8. Evasive hiding 3.207 0.843 0.011 —0.035 —0.031 —0.021 0.140%* 0.506**  0.050
9. Rationalized hiding 2973  0.809 0.014 0.038 —0.087 —0.172** 0.052 0.021 0.068 0.070
10. Employee-Al 2.798 1.062 —0.104%* —0.031 0.035 0.016 —0.262** 0.187** —0.045 0.036  0.106*
Collaboration
Note. N=421; *p < 0.05, **p < 0.01, two-tailed.
Table 2. Models results of path analyses
Predictors Job insecurity Playing dumb Evasive hiding Rationalized hiding
Estimate (SE) 95% CIs Estimate (SE) 95% CIs Estimate (SE) 95% CIs Estimate (SE) 95% ClIs
Gender 0.107 [—0.058, 0.273***  10.132, 0.430] —0.063 [—0.203, 0.000 [—0.171,
(0.088) 0.284] (0.076) (0.070) 0.077] (0.085) 0.165]
Age —0.003 [—0.032, 0.021 [—0.004, —0.006 [—0.029, 0.024 [—0.003,
(0.015) 0.026] (0.012) 0.043] (0.011) 0.016] (0.013) 0.049]
Education -0.014 [—0.102, —0.023 [—0.102, —0.019 [—0.098, —-0.070 [—0.170,
(0.046) 0.078] (0.041) 0.058] (0.039) 0.053] (0.049) 0.024]
Job tenure 0.039 [—0.005, 0.039 [—0.125, —0.022 [—0.076, —0.097*%*  [-0.173,
(0.033) 0.122] (0.033) 0.040] (0.023) 0.014] (0.032) —0.055]
Algorithmic 0.262%** [0.167, 0.095%* [0.015,0.174] 0.008 [—0.065, 0.019 [—0.071,
opacity (0.050) 0.362] (0.040) (0.038) 0.084] (0.047) 0.113]
Job insecurity 0.460***  [0.359, 0.573]  0.493*** [0.385, 0.036 [—0.065,
(0.055) (0.056) 0.603] (0.054) 0.144]
Employee-Al 0.253%** [0.158,
collaboration (0.048) 0.348]
Algorithmic 0.224%** [0.146,
opacity* (0.039) 0.298]
employee-Al
collaboration

Note. N = 421, coefficients are unstandardized; *p < 0.05, **p < 0.01, ¥***p < 0.001.

-
-
-
-
-=

*

L 4

Low algorithmic opacity

High algorithmic opacity

—e— Low employee—Al collaboration
--4--- High employee—Al collaboration

Figure 1. Moderating effects of employee-Al collaboration
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Paths Indirect effects SE 95% ClIs
Indirect effects
Algorithmic opacity— Job insecurity— Playing dumb 0.121 0.025  [0.075,0.173]
Algorithmic opacity— Job insecurity— Evasive hiding 0.129 0.028  [0.079, 0.186]
Algorithmic opacity— Job insecurity— Rationalized hiding 0.009 0.014 [-0.018,0.041]
Conditional indirect effects
Algorithmic opacity— Job insecurity— Playing dumb 0.105 0.021  [0.067,0.144]
High employee-Al collaboration 0.236 0.035 [0.181,0.303]
Low employee-Al collaboration 0.013 0.029 [—0.059, 0.066]
Differences 0.223 0.045  [0.143, 0.305]
Algorithmic opacity— Job insecurity— Evasive hiding 0.111 0.022  [0.071, 0.153]
High employee-Al collaboration 0.250 0.039  [0.176, 0.324]
Low employee-Al collaboration 0.014 0.031 [—0.049, 0.072]
Differences 0.236 0.046  [0.150, 0.324]

Note. N = 421, coefficients are unstandardized.

indirect effect on both playing dumb (ab = 0.121, Cly;
= 0.075, 0.173) and evasive hiding (ab = 0.129, Clys =
0.079, 0.186) through job insecurity. This suggests that
job insecurity mediates when algorithmic opacity affects
playing dumb and evasive hiding. Therefore, Hypotheses 2
was supported.

Moderated mediation effects

The results of the tests for the moderated mediation
effects are shown in Table 3. Employee-Al collaboration
significantly affected the indirect effects of algorithmic
opacity through job insecurity on playing dumb (the index
of moderated mediation = 0.105, Clys = 0.067, 0.144)
and evasive hiding (the index of moderated mediation =
0.111, Clys = 0.071, 0.153). The mean indirect effects of
algorithmic opacity on playing dumb (ab = 0.236, Cly;
= 0.181, 0.303) and evasive hiding (ab = 0.250, Clys =
0.176, 0.324) were significant when employee-Al collab-
oration was high (+1 SD), but the mean indirect effects
of algorithmic opacity on playing dumb (ab = 0.013,
Clys; = —0.059, 0.066) and evasive hiding (ab = 0.014,
Cls; = —0.049, 0.072) were no longer significant when
employee-Al collaboration was low. In both conditions, the
differences in the indirect effects of algorithmic opacity
on playing dumb (ab gference = 0.223, Clys = 0.143,
0.305) and evasive hiding (ab gifference = 0.236, Clys =
0.150, 0.324) were statistically significant, thus supporting
Hypotheses 4.

Discussion

The findings suggest that algorithmic opacity is positively
related to job insecurity. Although existing studies have not
yet tested the direct relationship between algorithmic opac-
ity and job insecurity, previous studies can also provide
support for our findings. For example, many scholars have
identified algorithmic opacity as a central source of Al
threats (Vaassen, 2022), and threats in the workplace can
create a strong sense of job insecurity among employees.
In addition, algorithmic opacity diminishes feelings of
control and autonomy at work (Langer & Konig, 2023),
and the autonomy of work can, in turn, significantly predict

job insecurity. Finally, Langer and Konig’s (2023) meta-
analysis points out that algorithmic opacity also affects
users’ job well-being, job satisfaction, and motivation.

We found that job insecurity significantly predicted
employees’ playing dumb and evasive hiding, but job
insecurity was not related to rationalized hiding. Existing
literature exploring the relationship between job insecu-
rity and knowledge hiding treats knowledge hiding as
a one-dimensional construct and generally agrees that
job insecurity is positively related to knowledge hiding
(Arain et al., 2024; Chhabra & Pandey, 2023). However,
the prior literature notes that different motivations can
drive the three types of knowledge-hiding (Connelly et al.,
2012). Connelly & Zweig (2015) found that evasive hiding
and playing dumb, but not rationalized hiding, were asso-
ciated with retaliation expectations and intentions. Zhao
et al. (2016) found that workplace rejection predicts eva-
sive hiding and playing dumb but not rationalized hiding.
In addition, Guo et al. (2022) stated that territoriality is
positively related to evasive hiding and playing dumb but
not rationalized hiding, and territoriality creates protective
motives in employees (David & Shih, 2024). The above
inferences coincide with our findings.

In addition, our findings support that employee-Al col-
laboration plays a moderating role in algorithmic opacity
and job insecurity. The relationship between algorithmic
opacity and job insecurity is more positive when the
level of employee-Al collaboration is high rather than
low. This finding contrasts with existing research that has
focused extensively on the positive impact of employee-
Al collaboration. For example, it has been noted that
employee-Al collaboration expands the scope of the search
in problem-solving (Raisch & Fomina, 2023), improves
employee performance (Guo et al., 2024) and creativ-
ity (Jia et al., 2024; Raisch & Krakowski, 2021), and
enhance employees’ career sustainability (Kong et al.,
2023). However, Tang et al’s (2023) study also points
out that collaborating with Al can have a dark side, and
they emphasize explicitly that reliance on Al can threaten
employees’ self-esteem. Our study extends this and points
out that employee-Al collaboration reinforces the impact
of algorithmic opacity on job insecurity. In doing so, we
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also alert future scholars to the possible dark side of
employee-Al collaboration.

Managerial implications

First, our findings suggest that algorithmic opacity
increases employees’ job insecurity and thus their self-
protection by adopting knowledge-hiding behaviours,
which inspires managers to use (at least partially) trans-
parent algorithmic models and features to implement
algorithm-based prediction and classification solutions
(Guidotti et al., 2019). When transparency is challeng-
ing to implement, algorithms can also help employees
understand the logic behind a particular prediction or clas-
sification result by explaining the system’s functionality or
the rationale behind the system’s outputs through a pos-
teriori explainability or interpretability methods (Ribeiro
et al., 2016). Additionally, managers can provide reg-
ular training to employees on the fundamentals of Al
and machine learning to improve the team’s overall trust
in algorithmic decision-making and ability to monitor
it effectively.

Second, to reduce the phenomenon of playing dumb
and evasive hiding in organizations, managers should
take steps to alleviate employees’ job insecurity due to
the threat of AI. Managers can dispel misconceptions
and encourage employees to embrace the opportunities
presented by the technology by communicating to them
through interactive workshops the true intent of Al deploy-
ment, i.e., that the organization deploys Al to support
and assist employees in doing their jobs so that they can
focus on higher-value tasks such as strategic or creative.
In addition, managers can have regular career develop-
ment conversations with employees to clearly define their
roles, responsibilities and promotion paths, ensuring that
employees understand personal growth opportunities and
the company’s long-term commitment to them.

Limitations and future directions

This study’s first limitation is the possibility of common
method bias and reverse causation. Although the data
from different organizations enhances the generalizability
of the study’s findings and the multi-wave data further
reduces the concern of common method bias, the fears
of common method bias are justified because all data
came from employee self-assessments. Additionally, we
encourage future studies to use experimental designs to
test causality.

The generalizability of the sample data may be a
limitation of this study. The generalizability of the findings
may be limited because this study collected data in China.
Chinese culture tends to be more collectivistic than West-
ern culture. As [ssac & Baral (2020) pointed out, there are
significant differences in the drivers of knowledge hiding
across cultures; therefore, the concern of whether protec-
tion motivation inspired by job insecurity would also drive
employees to develop knowledge hiding behaviours in a
Western cultural context is reasonable. Nonetheless, the
findings suggest a need to explore other employee coping
behaviours and the ‘dark side’ of employee-Al collabora-
tion. Moreover, future research could test our theoretical

model in different cultural contexts to assess the gener-
alizability of the findings. Our study will inspire more
researchers to explore other employee coping behaviours
and the ‘dark side’ of employee-Al collaboration.

Conclusion

While scholars have generally viewed algorithmic opacity
as a threat to Al, employees’ behaviours in response
to this threat have received little attention. Our findings
indicate that employees experience job insecurity due to
algorithmic opacity. If with algorithmic opacity-related
fears, employees will self-protect by playing dumb and
evasive hiding. This outcome is heightened in employee-
Al collaboration work settings, amplifying this indirect
relationship. Our research enlightens managers to use
(at least partially) transparent algorithmic models and to
implement strategies to mitigate employees’ job insecu-
rity simultaneously and, in turn, reduce knowledge-hiding
behaviours in the workplace.
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