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Abstract

This study aims to adapt Wang and Wang’ s Artificial Intelligence Anxiety Scale (2019) into the context of Indonesian
culture and language. The research involved 222 respondents, consisting of 89 males and 133 females, aged between 15
and over 35 years old. The adaptation process followed six stages: (1) initial translations by translators with different
backgrounds, (2) synthesis of the translations into a single version, (3) back-translation by native speakers of the source
language, (4) content validation by an expert committee, (5) testing the pre-final version on relevant subjects, and (6)
submission of documentation for evaluation. Reliability testing was conducted using Cronbach’s alpha, while logical
validity was assessed with Aiken’s V and construct validity using confirmatory factor analysis (CFA). The results indicated
that the adapted scale had high reliability, with a Cronbach’ s alpha value of 0.916, and adequate validity, with an Aiken’s
V value greater than 0.50. The confirmatory factor analysis demonstrated a good model fit, with an RMSEA value of 0.066,
CFI of 0.938, and TLI of 0.927. The Indonesian version of the Artificial Intelligence Anxiety Scale is deemed valid and

reliable, making it suitable for use in Indonesia
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INTRODUCTION

In an era of rapid digital transformation, artificial
intelligence (Al) has significantly changed the landscape of
work. Al is the ability of a computer or robot to perform
tasks normally associated with intelligent beings, as
defined by Copeland (Encyclopedia Britannica, 1998). As
technology develops, Al covers a wide range of tasks and
applications and is used by companies to improve
efficiency and performance (Kuzey, Uyar, & Delen, 2014;
PwC, 2019).

Huang and Rust’ s (2018) research shows that artificial
intelligence (Al) can replace human tasks by replicating
various levels of intelligence. The application of Al spans
various sectors, such as tourism (Ravi & Ravi, 2015; Davahli
et al., 2020; Ivanov et al., 2019), finance (Robertson, 2014),
health (Gleichgerrcht et al., 2021), retail (Kumar et al.,
2019), and law (Gupta et al., 2019). Governments are also
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applying Al to support intelligent transportation systems
(Singh et al.,, 2020), smart cities (Mishra & Chakraborty,
2020), aerospace design (Visintin et al., 2014), and 6G-
based quantum communication infrastructure (Manzalini,
2020). Fernandez (2018) found that Al can assist with the
analytical task of selecting qualified employees, a process
usually performed by the human resources department.
However, there are economic risks, especially job
losses due to automation, creating uncertainty and deep
economic inequality (Frey & Osborne, 2017; Acemoglu &
Restrepo, 2017). It also raises ethical and social issues, such
as human rights violations and discriminatory bias
(Gillespie, Lockey, & Curtis, 2021; Organisation for
Economic Co-operation and Development, 2019). Research
by Kim et al. (2023) suggests that Al may replace jobs,
triggering anxiety about the future of work. This was
highlighted by a language teacher in Turkey who expressed
concern about her job being replaced by Al (Eyiip &
Kayhan, 2023). According to the American Psychological
Association (2023), four in ten workers (38%) are
concerned about their jobs being replaced by artificial
intelligence. Furthermore, workers who express concern
about artificial intelligence tend to report poor mental
health (American Psychological Association, 2023).
Advances in Al technology raise major concerns
regarding job replacement by machines (Graham et al,,
2019). Data from Cox (2023) shows that many workers are
worried about the impact of Al on their jobs. While these
concerns are legitimate, experts suggest that the focus
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should not be on fear, but rather on investing in training
and education to work alongside technology (Cox, 2023;
PwC, 2019).

According to Johnson and Verdicchio (2017), artificial
intelligence anxiety is a social phenomenon that reflects
the fear of job replacement by technology. Graham et al.
(2019) stated that this concern is not only economic but
also impacts mental well-being. Nam (2019) added that the
perception of robotic automation creates complexity in
people’ s attitudes towards technology. Lemay, Basnet, and
Doleck (2020) observed that although artificial intelligence
brings progress, feelings of anxiety about the future of
work pose psychological challenges.

Artificial intelligence anxiety includes various
dimensions that influence individuals in dealing with
technological developments. Wang and Wang (2019)
identified the main dimensions as learning, job
replacement, sociotechnical blindness, and artificial
intelligence configuration. Learning reflects individuals’
anxiety about their ability to understand complex Al
technologies. Job replacement includes the fear of being
replaced by Al. Sociotechnical blindness describes the lack
of social and ethical understanding related to Al Artificial
intelligence configuration includes concerns about
regulating and supervising Al Each of these dimensions
contributes to different levels of anxiety, depending on the
characteristics of the individual and their situation.

The development of automation and artificial
intelligence (Al) technology has sparked mixed views on its
impact on the workforce. According to the Pew Research
Center (2019), only 22% of adults in the United States feel
that these advancements benefit workers, while 48% think
otherwise. Differences exist based on age, with 55% of
people aged 50 and above perceiving a negative impact.
The majority of respondents believe that in the next 30
years, robots and computers will take over many human
jobs, and most consider these changes detrimental to the
country. Additionally, research by McKinsey & Company
(2019) estimates that automation could replace up to 23
million jobs in Indonesia by 2030. These findings suggest
that while technology offers efficiency, concerns over its
negative impact remain significant.

This research focuses on workers’ anxieties regarding
the potential replacement of jobs by artificial intelligence
technology. In Indonesia, the utilization of artificial
intelligence has expanded to sectors such as education,
healthcare, manufacturing, services, and products
(Chaudhuri, Krishnan, & Poorani, 2022; Tuomi, 2018). The
government is also adopting artificial intelligence to
improve the effectiveness and productivity of government
agencies, accelerate decision-making, and create greater
efficiency and innovative public services (Direktorat
Jenderal Kekayaan Negara, Kementerian Keuangan RI,
2023).

Key challenges include labor reduction and high
investment in technology (Fallis, Nasution, in Ririh, Laili,
Wicaksono, & Tsurayya, 2020). Recent research suggests
that the psychological impact of job replacement by Al is
more complex than expected (Kim et al., 2023; Makmur &
Alijoyo, 2023). Al anxiety can reduce job satisfaction, create
instability in the work environment, and damage social
relationships in the workplace (Rhee & Jin, 2021).

Based on the previous explanation, research on the
adaptation of artificial intelligence anxiety scales is very
important in the field of psychology, especially industrial
and organizational psychology, given the increasing
anxiety among workers related to job replacement by Al
technology. The adaptation of this scale is crucial because it
provides a valid and reliable tool to measure the level of

anxiety experienced by workers, enabling more targeted
interventions. Industrial and organizational psychology
theories, such as job stress theory and motivation theory,
are relevant in this context. Job stress theory explains that
uncertainty and concern about job loss due to Al can cause
significant stress, affect workers’ mental well-being, and
reduce job satisfaction and commitment (Lazarus &
Folkman, 1984). Meanwhile, motivation theories, such as
expectancy theory, suggest that workers’ beliefs about
their ability to adapt to new technologies affect their
motivation to learn and develop (Vroom, 1964).

This research focuses on the adaptation of the Artificial
Intelligence Anxiety Scale (AIAS) developed by Wang and
Wang (2019) in Taiwan and later adapted by Terzi (2020)
in Turkey. The AIAS consists of 21 items covering
dimensions of Al anxiety, such as learning, job
replacement, socio-technical blindness, and Al
configuration. The choice to adapt the AIAS for Indonesia is
motivated by the growing interest in understanding the
impact of Al on workers in Indonesia, particularly in light
of the increasing integration of Al into various sectors.
While much of the existing data on Al anxiety pertains to
Western populations, such as those in the United States,
there is a lack of research specifically addressing Al-related
anxieties within the Indonesian workforce. This research
aims to fill this gap by producing a valid and reliable
measurement tool that captures Al anxiety within the
cultural and linguistic context of Indonesia. In doing so, it
will contribute to a better understanding of how
Indonesian workers perceive Al and how these perceptions
may affect their engagement with Al technologies in the
workplace.

MATERIALS AND METHODS
Research Instrument

The instrument used in this study is the Artificial
Intelligence Anxiety Scale (AIAS) developed by Wang and
Wang (2019), consisting of 21 items, as shown in the
Appendix. AIAS comprises four dimensions: learning,
which reflects individuals’ anxiety about their ability to
understand and use Al applications at work; job
replacement, which measures concerns about job loss due
to Al automation that can replace human roles;
sociotechnical blindness, which reflects anxiety related to a
lack of understanding that Al functions through
collaboration between technology, human interaction, and
social institutions; and Al configuration, which pertains to
concerns about Al having a human-like appearance,
evoking a fear of uncanny technology due to its visual
resemblance to humans. The scale uses a seven-point
Likert scale with response options ranging from “1 =
Strongly Disagree” to “7 = Strongly Agree,” allowing
respondents to indicate their level of agreement with each
item.

Research Subjects

This study involved 222 respondents with specific
characteristics, including individuals of male or female
gender; ages ranging from 15 to 61 years (late adolescence
to late adulthood); educational backgrounds of Junior High
School, Senior High School, bachelor’s degree, master’s
degree. Doctorate or higher; fields of work such as
manufacturing, services, science and technology,
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education/research, medicine, and students; as well as
experiences such as using or developing Al products or
interacting with humanoid Al products (Al-based robots
resembling humans).

Table 1. Subject Demographic Data (N=222)

Number Percentage

Gender

Male 89 40,9%

Female 133 59,91%
Age

15-18 years 25 11,26%

19-22 years 81 36,49%

23-26 years 95 42,79%

27-30 years 19 8,56%

31-34 years 1 0,45%

35> years 1 0,45%
Last Education

JHS/Equivalent 3 1,35%

SHS/Equivalent 83 37,39%

Associate’ s degree/Bachelor's 115 51,80%

Degree

Master's Degree 18 8,11%

Doctorate Degree 3 1,35%
Field of Work/Activity

Services 64 28,83%

Student/College Student 91 41,0%

Manufacturing 3 1,35%

Medical 2 0,9%

Education/Research 13 5,86%

Science and Technology 43 19,37%

Art 4 1,80%

Retail 2 0,9%
Work Content/Material that Can Be Replaced by Al

Yes 112 50,45%

No 110 49,55%
Ever Used Al Products

Yes 175 78,83%

No 47 21,17%
Ever Developed Al Products

Yes 50 22,52%

No 172 77,48%
Ever Interacted with Humanoid Al Products

Yes 15 6,76%

No 207 93,24%

Research Procedures
The adaptation process of the measurement

instrument followed the six systematic stages proposed by
Beaton, Bombardier, Guillemin, and Ferraz (2000). The first
stage involved translation by two experts: one with
content expertise and the other a psychological scientist.
The second stage, synthesis, entailed reviewing both
translations to identify similarities and discrepancies,
leading to a consensus version. In the back-translation
stage, the synthesized version was translated back into the
original language (English) by a native speaker unfamiliar
with the questionnaire’s concepts. Subsequently, content
validity was assessed by an expert committee consisting of
eight professionals with a master’s degree in psychology
or professional psychology. The evaluation results were
analyzed using Aiken’s V technique (Azwar, 2018), which

yielded coefficients ranging from 0.81 to 0.97. Based on
Aiken (1985), a coefficient of >0.71 is acceptable for eight
raters at a significance level of p 0.05. These results
indicate that all items on the Artificial Intelligence Anxiety
adaptation scale were valid. Azwar (2018) further asserts
that an Aiken’s V greater than 0.50 reflects a high
coefficient. Following expert feedback, adjustments were
made to the structure and wording of several items,
resulting in a pre-final version.

To assess clarity and comprehensibility, a pre-final
version test was conducted with participants who met the
criteria of the instrument. Qualitative evaluation involving
six participants indicated that the items were generally
well understood. Minor revisions were made to wording
based on participant feedback without altering item
meanings. Finally, all documentation and outcomes were
submitted to the instrument’ s original adapters for further
evaluation.

Psychometric evaluation involved reliability testing
using Cronbach’s Alpha to assess internal consistency.
According to Azwar (2020), a Cronbach’ s Alpha above 0.70
indicates satisfactory reliability. Construct validity was
tested using Confirmatory Factor Analysis (CFA) to assess
model fit with empirical data. Model evaluation employed
several fit indices. RMSEA values below 0.05 indicate a very
good fit, and values between 0.05 and 0.08 are considered
acceptable (Browne & Cudeck, 1993). CFI values above 0.90
indicate good fit, with values exceeding 0.95 considered
excellent (Bentler, 1990). TLI values should exceed 0.90
(Tucker & Lewis, 1973), SRMR should be less than 0.08 (Hu
& Bentler, 1999), and a X2/df ratio below 3 indicates a good
fit (Wheaton et al., 1977). Additionally, a p-value greater
than 0.05 suggests no significant discrepancy between the
model and the observed data (Bollen, 1989). All reliability
and CFA analyses were conducted using Jamovi version
2.4.38.

RESULTS OF STUDY
CFA Reliability and Validity Test

As shown in Table 2, the Al-related anxiety scale
demonstrated a high level of reliability (Cronbach’s o =
0.916), indicating excellent internal consistency in
measuring Al-related anxiety. The item-total correlation
coefficients, ranging from 0.294 to 0.700, suggest good
variability in item contributions to the overall scale,
although item S15 in the sociotechnical blindness
dimension has a slightly lower correlation coefficient,
falling just below 0.30. The reliability coefficients for each
dimension are also presented in Table 2. The dimensions of
the Al-related anxiety scale exhibited adequate to good
reliability: learning (o = 0.894), job replacement (o =
0.874), Al configuration (o« = 0.856), and sociotechnical
blindness (o« = 0.761).

The results of the CFA analysis produced an initial
model (before adjustment), as listed in Table 3. Based on
the results, several indicators of model fit were not met,
namely RMSEA of 0.090, CFI of 0.880, TLI of 0.862, SRMR of
0.063, and X2/df of 2.825 (p < 0.001). As listed in Table 4,
some factor loadings were also low, with values below 0.5,
indicating indicators that did not strongly measure the
hypothesized latent constructs.

To improve the model fit, the researcher identified
pairs of items with high modification indices to correct the
correlation error terms. The error term correlations added
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were between items ]9 and J10, L6 and L7, J11 and J12, and
L1 and C20, as these pairs had high modification indices.
Modification indices are used in Confirmatory Factor
Analysis (CFA) to identify potential areas where the model
might not fully represent the relationships between
observed variables. High modification indices suggest that
adding correlations between error terms could improve the
model’s fit. This adjustment is based on statistical
evidence derived from the existing data and does not
involve collecting new data. This is a common procedure in
CFA to improve model fit without altering the underlying
theoretical structure (Brown, 2015).

Table 2. Scale Reliability Test

the accuracy and validity of the hypothesized latent
construct measurements.

Correlating error terms in CFA is typically performed to
account for residual variances that are shared between
measurement items, which might be due to conceptual
overlap, similar content, or wording. This does not imply
that the items themselves are erroneous but rather that
they share unmodeled variance not captured by the initial
model. Such modifications are based on modification
indices, which are indicators that suggest how to improve
the model fit. These adjustments are made to better
represent the underlying construct and enhance the overall
model accuracy (Brown, 2015).

Table 4. Factor Loadings before and after Adjustment

Scale Scale Reliability Statistics
Cronbach's « std Est
0.916 Factor Indicator
Learning 0.894 Before After
Job Replacement 0.874 .
Sociotechnical Blindness 0.761 Learning L1 0.809 0.820
Al Configuration 0.856 L2 0918 0.919
L3 0.894 0.893
Table 3. Model Fit Before & After Modification L4 0.800 0.803
Vodel Fit Before After L5 0.748 0.746
Result Note Result Note L6 0.548 0.528
RMSEA 0,090 Not fit 0,066 Fit L7 0.665 0.652
CFI 0,880 Not fit 0,938 Fit
TLI 0,862 Not fit 0,927 Fit L8 0413 0422
SRMR 0,063 Fit 0,057 Fit Job Replacement ]9 0.628 0.613
X2//df 2,825 Fit 1,966 Fit
p <,001 Not fit <,001 Not fit J10 0.599 0.587
J11 0.821 0.761
Description of expert requirements for model fit:
12 0.869 0.829
1. RMSEA < 0.05: very good; 0.05-0.08: good (Browne & J
2. CFI>0.90: good; > 0.95: better (Bentler, 1990). 114 0.782 0.807
3. TLI>0.90 (Tucker & Lewis, 1973).
4. SRMR <0.08 (Hu & Bentler, 1999). Sociotechnical 15 0.454 0.456
5. X2/df <3 (Wheaton et al., 1977). Blindness
6. p>0.05 (Bollen, 1989). 516 0.713 0.712
S17 0.763 0.765
After the adjustments were made, the fit indices in 518 0.765 0.764
Table 3 showed significant improvement. RMSEA . .
: . Al Conf t C19 0.783 0.781
decreased to 0.066, CFI increased to 0.938, TLI increased to onfigiration
0.927, SRMR decreased to 0.057, and X2/df improved to C20 0.826 0.827
1.966 (p < 0.001). According to the recommendations of 21 0.840 0.840

several researchers, such as Wheaton et al. (1977), an X?/df
below 3 indicates a good fit. In addition, Bentler (1990) and
Hu & Bentler (1999) recommend a CFI above 0.90 as an
indication of good fit, with higher values above 0.95
indicating an excellent fit. Tucker & Lewis (1973) and Hu &
Bentler (1999) suggest a TLI above 0.90 as a sign of good fit,
and Hu & Bentler (1999) recommend an SRMR below 0.08
for good fit. In terms of RMSEA, Steiger (1990) and Browne
& Cudeck (1993) suggest values below 0.05 for an excellent
fit and between 0.05 and 0.08 for a good fit.

Based on Table 3, adjusting the model by adding the
correlation between the error terms successfully improved
the significance of the model fit. Although the Chi-square
test showed a p-value < 0.001, other fit indices confirmed
that the adjusted model had a good fit with the data. This
indicates that the adjustments made successfully improved

According to the information in Table 4, the CFA
analysis also showed factor loading values ranging from
0.422 to 0.919 with statistical significance (p < 0.001),
confirming that all loading values were significantly
connected to the measured latent factors. Most of the
items showed factor loading values above 0.50, indicating
moderate to strong correlations with the latent factors,
which strengthens the overall construct validity (Hair et al.,
2019). There were two items with lower factor loadings,
namely items L8 (0.422) and S15 (0.456), which fell within
the range of 0.40 to 0.50. Although these values are
considered marginal, they were retained as they covered
important aspects of the construct that were not addressed
by the other items.
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As for the covariance results between factors in this
analysis, Table 5 shows significant relationships across all
factor pairs, with p-values < 0.001 for all covariances
involved. This indicates that all the factors are significantly
related to each other. The strength of these relationships
can be categorized as weak (below 0.30), moderate (0.30-
0.50), and strong (above 0.50), based on the guidelines by
Hair et al. (2019).

Looking specifically at the covariance values: The
covariance between the Ilearning factor and job
replacement is 0.441, which is in the moderate range,
indicating a moderate relationship between perceptions of
learning and job replacement. Similarly, the covariance
between learning and sociotechnical blindness is 0.500,
suggesting a moderate to strong relationship, and the
covariance between learning and Al configuration is 0.480,
also indicating a moderate correlation.

Table 5. Factor Covariances

Est Std Est

Learning L 1.000¢
JR 0.441 0.441
SB 0.500 0.500
Al Conf 0.480 0.480

Job Replacement JR 1.000-
SB 0.832 0.832
Al Conf 0.508 0.508

Sociotechnical Blindness SB 1.000-
Al Conf 0.633 0.633

Al Configuration Al Conf 1.000-

In contrast, the covariance between job replacement
and sociotechnical blindness is 0.832, which falls into the
strong category, signifying a very strong relationship
between the perception of job replacement and
sociotechnical blindness. Additionally, the covariance
between job replacement and Al configuration is 0.508,
showing a strong relationship, while the covariance
between sociotechnical blindness and Al configuration is
0.633, also a strong correlation. These varying levels of
correlation do not imply that the relationships between
dimensions are poor, but rather suggest that some
dimensions (e.g., job replacement and sociotechnical
blindness) are more closely related than others, reflecting
their specific conceptual linkages.

Based on Figure 1, it can be explained that Factor 1
(learning) is a latent construct measured by items L1, L2,
L3, L4, L5, L6, L7, and L8. The unidirectional arrows from
Factor 1 (learning) to items L1, L2, L3, L4, L5, L6, L7, and L8
represent factor loadings. Factor 2 (job replacement) is a
latent construct measured by items ]9, J10, J11, J12, and
J14. The unidirectional arrows from Factor 2 (job
replacement) to items ]9, ]J10, J11, J12, and J14 represent
factor loadings. Factor 3 (sociotechnical blindness) is a
latent construct measured by items S15, S16, S17, and S18.
The unidirectional arrows from Factor 3 (sociotechnical
blindness) to items S15, S16, S17, and S18 represent factor
loadings. Factor 4 (Al configuration) is a latent construct
measured by items C19, C20, and C21. The unidirectional
arrows from Factor 4 (Al configuration) to items C19, C20,
and C21 represent factor loadings.

L1

L3

| L4

LS
L6

L7

O=0=0>0

c21

Figure 1. AIAS Model Diagram

Notes:

1. Circles represent latent variables/factors.

2. Squares represent observation variables.

3. One-way arrow lines connect latent variables to
observation variables, indicating factor loadings.

4, Two-way arrow lines between two latent variables show
covariance or correlation between factors.

The bidirectional arrows between: Factor 1 (learning)
and Factor 2 (job replacement), Factor 2 (job replacement)
and Factor 3 (sociotechnical blindness), Factor 3
(sociotechnical blindness) and Factor 4 (Al configuration),
Factor 1 (learning) and Factor 3 (sociotechnical blindness),
and Factor 2 (job replacement) and Factor 4 (Al
configuration), indicate covariance or relationships
between the factors.

Moreover, the adaptation of the Artificial Intelligence
Anxiety Scale (AIAS) in this study showed strong reliability,
with a Cronbach’ s alpha value of 0.916, slightly lower than
the results reported by Wang & Wang (2019) and Terzi
(2020). In addition to reliability, this scale is also
considered effective for use in various cultural contexts,
not only in Indonesia. Adequate content validity and CFA
test results showing model fit demonstrate the flexibility
of this scale in measuring Al anxiety in different
populations. The scale is also relevant for application in
cross-cultural research without requiring significant
modifications, making it a measurement tool with the
potential for use in various countries.

In addition, this scale can be related to various other
variables that contribute to the main variable itself,
including learning, Al configuration, job replacement, and
sociotechnical blindness (Johnson & Verdicchio, 2017). In
future research, this scale can also be used to study the
influence of Al anxiety based on factors such as gender, job
sector, age, and geographical location, thus providing a
more comprehensive understanding of the factors that
influence Al anxiety.

However, this study has some weaknesses that need to
be considered. The generalization of the results is limited
as the sample did not cover a wider population across
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different parts of Indonesia. In addition, data collected
through respondents’ self-assessments is prone to
subjective bias. For future research, it is recommended to
use a more representative sample and conduct further
development to explore potential cultural biases that may
not have been fully addressed in this study.

DISCUSSION

In this study, the researcher successfully adapted the
Artificial Intelligence Anxiety Scale, developed by Wang &
Wang (2019), into the Indonesian cultural and linguistic
context. This adaptation process involved a careful series of
steps, including evaluating the construct validity,
translation, and testing the psychometric characteristics of
the adapted scale. The results of this study show that the
adapted scale has a high level of reliability, with a
Cronbach’ s alpha value of 0.916, which is well above the
threshold set by Azwar (2020) at 0.70. This value indicates
excellent internal consistency of the adapted scale in
measuring anxiety related to artificial intelligence in
Indonesia.

Specifically, the reliability of the dimensions of
learning, job replacement, and Al configuration in the
adapted scale showed adequate Cronbach’s alpha values
of 0.894, 0.874, and 0.856, respectively. Although the
sociotechnical blindness dimension had a slightly lower
Cronbach’s alpha value of 0.761, this value is still
acceptable for research purposes, given the theoretical
relevance of the construct being measured. Compared to
the original scale developed by Wang & Wang (2019),
which showed a high reliability coefficient with a
Cronbach’s alpha of 0.986 for the entire scale, this
adaptation did show a slight decrease in reliability.
However, the obtained Cronbach’s alpha value still falls
within the very good and reliable category, reflecting
strong internal consistency. In comparison, the AIAS
adaptation by Terzi (2020) in Turkey also demonstrated
strong reliability results with a Cronbach’s alpha of 0.96
for the entire scale, indicating that this measure remains
consistent across various cultural contexts.

The differences in reliability values may be influenced
by cultural factors and the context in which the scale is
adapted. The AIAS adaptation in Indonesia shows good
alignment with the local context, although not as high as
the reliability reported by Terzi (2020) in Turkey or by
Wang & Wang (2019) in Taiwan. Cultural factors, such as
differences in perception and responses to technological
anxiety, may affect this reliability value. The adaptation of
the scale from Taiwan to Indonesia is considered more
appropriate compared to an adaptation from Turkey, given
the regional proximity and cultural similarities between
Indonesia and Taiwan, which can minimize significant
changes in the social context affecting the validity of the
scale. Therefore, despite the slight decrease in reliability,
this adaptation remains effective in measuring anxiety
related to artificial intelligence in Indonesia.

Content validity was also tested using the Aiken V
coefficient, and the results showed that all items in the
adapted scale were considered valid. Aiken V values higher
than 0.50 indicate good content validity, in line with the
guidelines provided by Aiken (1985). Confirmatory Factor
Analysis (CFA) was also conducted to test the model fit and
construct validity. In the initial model, some fit indices
indicated that the model did not fit the data well. However,
after adjustments were made by adding correlations

between error terms for some items, the fit indices showed
significant improvement. RMSEA decreased to 0.066, CFI
increased to 0.938, and TLI rose to 0.927, indicating that
the adjusted model has a good fit with the data.

The factor loadings for the 21 items ranged from 0.422
to 0.919, with most items showing values above 0.50,
indicating moderate to strong correlations with the latent
factors. Although two items, L8 and S15, had lower factor
loadings, these items were retained for theoretical reasons.
This suggests that although the contribution of these items
to construct validity is weaker, they remain important in
covering aspects of the construct not addressed by other
items. The covariances between factors showed significant
relationships, with p-values less than 0.001 for all factor
pairs, and covariance values ranging from moderate to
strong. This indicates that perceptions of learning, job
replacement, sociotechnical blindness, and Al configuration
are closely related in the context of Al use and its impact.

Overall, the results of this study indicate that the
adapted artificial intelligence anxiety scale has strong
reliability and validity, making it effective for measuring
anxiety related to artificial intelligence in Indonesia. These
findings address the research question by demonstrating
that the adaptation process can effectively influence the
understanding and measurement of anxiety towards the
use of artificial intelligence in Indonesia. The theoretical
implications of this study enrich the theoretical
understanding of individual responses to the development
of artificial intelligence technology in the Indonesian
cultural context. Practically, the findings provide a valid
and reliable tool that can be used by researchers and
practitioners in Indonesia to measure and manage the
psychological and social impacts of artificial intelligence
technology development in the country.

CONCLUSIONS AND RECOMMENDATIONS

The findings of this study indicate that the adaptation
of the Artificial Intelligence Anxiety Scale to the Indonesian
cultural and linguistic context was conducted successfully.
The scale has proven to be consistent and valid in
measuring anxiety towards artificial intelligence
technology in Indonesia. Despite some variations in the
reliability of certain dimensions, the overall scale provides
an effective measurement tool to analyze the psychological
and social impact of artificial intelligence in the local
context.
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APPENDIX

Final Version of the Artificial Intelligence Anxiety Adaptation Scale (Wang and Wang, 2019)

Item

Item Description

Dimensions Code No Original Version Adapted Version
Learning L1 1 Learning to understand all of the special Belajar memahami semua fungsi khusus
functions associated with an Al terkait dengan teknik/produk kecerdasan
technique/product makes me anxious buatan (Al) membuat saya cemas.

L2 2 Learning to use Al techniques/products makes Belajar menggunakan teknik/produk
me anxious kecerdasan buatan (Al) membuat saya

cemas.

L3 3 Learning to use specific functions of an Al Belajar menggunakan fungsi tertentu dari
technique/product makes me anxious suatu teknik/produk kecerdasan buatan (Al)

membuat saya cemas.

L4 4 Learning how an Al technique/product works Mempelajari cara Kkerja teknik/produk
makes me anxious kecerdasan buatan (Al) membuat saya

cemas.

L5 5 Learning to interact with an Al Belajar berinteraksi dengan teknik/produk
technique/product makes me anxious kecerdasan buatan (Al) membuat saya

cemas.

L6 6 Taking a class about the development of AI Mengikuti kelas tentang pengembangan
techniques/products makes me anxious teknik/produk  kecerdasan buatan (Al)

membuat saya cemas.

L7 7 Reading an Al technique/product manual Membaca panduan penggunaan
makes me anxious teknik/produk  kecerdasan buatan (Al)

membuat saya cemas.

L8 8 Being unable to keep up with the advances Ketidakmampuan mengikuti  kemajuan
associated with Al techniques/products teknik/produk kecerdasan buatan (Al)
makes me anxious membuat saya cemas.

Job n 9 [ am afraid that an Al technique/product may Saya khawatir teknik/produk kecerdasan
Replacement make us dependent buatan  (Al) dapat membuat  kita
ketergantungan.

]2 10 I am afraid that an Al technique/product may Saya khawatir teknik/produk kecerdasan
make us even lazier buatan (Al) dapat membuat kita semakin

malas.

]3 11 I am afraid that an Al technique/product may Saya khawatir teknik/produk kecerdasan
replace humans buatan (Al) dapat menggantikan manusia.

J4 12 I am afraid that widespread use of humanoid Saya khawatir meluasnya penggunaan robot
robots will take jobs away from people berbasis artificial intelligence (Al) yang

menyerupai manusia, akan mengambil alih
pekerjaan manusia.

J5 13 1 am afraid that if I begin to use AI Saya khawatir jika saya mulai menggunakan
techniques/products I will become dependent teknik/produk kecerdasan buatan (AI), saya
upon them and lose some of my reasoning akan Kketergantungan dan kehilangan
skills sebagian kemampuan penalaran saya.

J6 14 1 am afraid that Al techniques/products will Saya khawatir teknik/produk kecerdasan
replace someone’ s job buatan (Al) akan menggantikan pekerjaan

seseorang.
Sociotechnical  S1 15 I am afraid that an Al technique/product may Saya khawatir teknik/produk kecerdasan
Blindness be misused buatan (Al) akan disalahgunakan.

S2 16 I am afraid of various problems potentially Saya khawatir dengan berbagai masalah yang
associated with an Al technique/product mungkin muncul akibat teknik/produk

kecerdasan buatan (Al).

S3 17 1 am afraid that an Al technique/product may Saya khawatir teknik/produk kecerdasan
get out of control and malfunction buatan (AI) menjadi tidak terkendali dan

tidak berfungsi sebagaimana mestinya.

S4 18 I am afraid that an Al technique/product may Saya khawatir teknik/produk kecerdasan
lead to robot autonomy. buatan (Al) dapat mengarah pada munculnya

robot yang bekerja secara mandiri tanpa
campur tangan manusia.
Al C1 19 I find humanoid Al techniques/products (e.g. Menurut saya, teknik/produk artificial
Configuration humanoid robots) scary. intelligence (AI) berupa robot yang
menyerupai manusia, menakutkan.

c2 20 I find humanoid Al techniques/products (e.g. Saya menganggap teknik/produk artificial
humanoid robots) intimidating. intelligence (AI) berupa robot yang

menyerupai manusia, mengintimidasi.

c3 21 I don’t know why, but humanoid Al Saya tidak tahu mengapa, tetapi
techniques/products (e.g. humanoid robots) teknik/produk artificial intelligence (AI)

scare me.

berupa robot yang menyerupai manusia,
membuat saya takut.
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