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Abstract

Artificial intelligence (Al) and automation are reshaping work organization across Indian
industries, creating opportunities for enhanced productivity. It is also raising concerns
regarding job security, ethics and workforce preparedness. This study examines employees'
perceptions of Al and automation through four integrated dimensions: Al as a productivity
enabler, perceived threat to job security, ethical concern and opportunity for upskilling. A
quantitative cross-sectional survey was conducted among 406 employees from diverse
Indian organizations. data were analyzed using descriptive statistics, reliability and validity
assessments, Pearson correlation, multiple regression, independent-samples t-tests and
one-way ANOVA with post hoc analyses. findings reveal that perceived Al usefulness
significantly and positively predicts employee Al acceptance (3 = 0.412, p < 0.001), whereas
concerns related to job security and skill redundancy (8 = -0.281, p < 0.001) and privacy and
algorithmic bias (f = -0.213, p = 0.001) significantly reduce Al acceptance. In contrast,
organizational support for upskilling positively influences both employee Al acceptance (ff =
0.186, p = 0.001) and future-of-work readiness ( = 0.372, p < 0.001). Significant differences
in Al perceptions were observed across age groups and between employees in IT and non-
IT sectors. Collectively, four predictors explain 48.7% of variance in employee Al acceptance,
demonstrating substantial explanatory power. By integrating technological, psychological
and organizational dimensions within Indian context, this study advances future-of-work
literature and provides actionable insights for designing ethical, human-centered Al
adoption strategies that foster employee trust, workforce resilience and sustainable
organizational transformation.

Keywords: artificial intelligence, automation, employee perception, job security, future of
work, upskilling, algorithmic bias

I. INTRODUCTION

Automation and artificial intelligence (AI) are transforming workplace in contemporary
companies. In Indian businesses, Al-enabled products for HR, analytics, process automation
and decision assistance are becoming increasingly popular. It not only task execution that
changing. Employees job responsibilities are also undergoing a massive shift.

Two general perspectives on Al and automation in workplace are presented in literature.
According to one perspective, they can possibly enhance productivity, decision-making and
human-AI cooperation [1], [2]. An alternative perspective emphasizes work instability,
surveillance, automation anxiety, skill redundancy and loss of employee authority [3]- [5].
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This tension is especially important in India where the country is becoming more digitally
advanced while also having a labor market diversity, uneven access to formal training and
continuing employability concerns [6].

Digital infrastructure and Al- enabled changes are driving growth in technology and service
industries in India. Hammer and Karmakar [6] argue that Indias job structure, skills
ecosystem and labor market conditions form a unique backdrop for technological
development which makes global narratives insufficient to understand Al impact. According
to employee-level research by Brougham and Haar [7], workers expectations for the job in
future are impacted by smart technology, artificial intelligence, robotics and algorithms.
Naresh Babu et al. [8] and Ali and Jain [9] report concerns relating to privacy practices, job
security and algorithmic transparency in Indian workplaces.

How employees across Indian organizations simultaneously perceive Al as a productivity
tool, job-security threat, ethical concern and upskilling opportunity has not been sufficiently
examined in empirical work. studies often address these dimensions separately or focus on
specific sectors, regions or HR functions. This discrepancy is significant because effective Al
implementation is dependent not only on technological adoption but also on whether people
consider Al to be beneficial, fair, trustworthy and manageable for their jobs.

To addresses this gap, employee perceptions of Al and automation across Indian
organizations are examined in the present study. Three research questions guide the inquiry:
(RQ1) How do employees in Indian organisations perceive Al and automation at work?
(RQ2) Do employees view Al more as an opportunity or as a threat?

(RQ3) Are there significant differences in Al perception across age groups, IT versus non-IT
specializations and job levels?

In doing so, the study develops an India-specific understanding of employee Al perception
and offers practical implications for ethical and human-centered Al implementation.

II. LITERATURE REVIEW

A. Al, automation and changing nature of work

Al automates cognitive, analytical, decision support processes and physical functions. This
suggests that future of work will involve rethinking job roles, task structures and skill
requirements as well as job elimination. Felten et al. [10] found that exposure to Al varies by
industry, profession and geography which makes employee perception dependent on
context and experience.

Automation-augmentation conundrum suggests that Al may improve some tasks while
replacing others [11]. Al may create high-skilled roles while replacing routine or low-skilled
work which would make human-AI collaboration important [12]. Al can help with pattern
detection and computational speed, while individuals give judgment, contextual
interpretation and accountability in organizational decision-making [13]. Automation
should be evaluated through work-design factors such as task autonomy, skill use, control
and human oversight, which helps explain why employee perceptions of Al differ across
roles and routine work contexts [14].

B. Al and automation in the Indian work context

Indian work scenario is unusual because of Digital transformation, labor-market diversity,
uneven training access and employability concerns in the country. Recent Indian studies
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show that employees perceive Al both positively and cautiously. Naresh Babu et al. [8]
identified mixed employee perceptions of Al in Indian workplaces, including both perceived
benefits and concerns. Ali and Jain [9] found that Al adoption in Delhi-NCR multinational
corporations influences quality of life at work, work life balance and employee engagement
while raising problems about job security, fairness and algorithmic transparency. This
suggests that Al acceptance in India is linked not only with productivity but also with jobs,
ethics and skill development.

C. Employee perceptions: opportunity and threat dimensions

A crucial determinant of Al acceptance is employee perception. Weng and Nanda [15] found
that Al-driven HR tools enhance operational efficiency and employee experience when
applied to recruitment, onboarding, performance management and predictive analytics.
Generative Al has been associated with improved speed and quality in knowledge work in
productivity-oriented settings [16], [17]. Dell'Acqua et al. [18] further demonstrate that
these effects depend on task type, skill level and fit between tool and work process. These
findings suggest that perceived usefulness strongly predicts employee Al acceptance.
Perceived usefulness should positively influence employee Al acceptance.

Employees may also see Al as a threat. Resistance can occur when Al is connected with job
insecurity, skill redundancy, surveillance or less human control. Distrust becomes stronger
when workers view Al as replacing them rather than helping them [19]. For this reason,
transparency, reliability and alignment with human values are important for building trust
in workplace Al [20].

D. Job security, skill redundancy, ethics and upskilling

Job security and skill redundancy remain important concerns in workplace Al adoption.
Employees may feel that Al systems can reduce their existing knowledge value, change job
roles or make their future employability less certain. Employee readiness and upskilling is
important for acceptance as Al awareness can also influence career competency and job-
related strain [21]. How employees feel about Al systems that are used for hiring,
monitoring, performance reviews and predicting performance is affected by ethical
problems like privacy, bias, explainability and accountability. Majrashi [22] found that
workers are more likely to accept Al-based performance predictors that are directly related
to their job. On the other hand, workers may not like predictors that are not clear or that are
based on demographics. Binns [23] links machine-learning fairness to broader questions of
equality and justice. Algorithmic management may further raise concerns about
surveillance, managerial control and limited employee ability to challenge automated
decisions [24], [25]. Responsible Al implementation requires transparency, human
oversight, fairness safeguards, grievance mechanisms and continuous upskilling support.

E. Synthesis and research gap

Reviewed literature has examined Al and automation from several angles: labor-market
disruption, HR automation, quality of work life, employee engagement, job security,
upskilling, work design, algorithmic management and Al fairness. However, these themes
are rarely integrated within a single India focused employee-perception study. Hammer and
Karmakar [6] provide a macro-level Indian perspective, while Weng and Nanda [15] focus
on HR operations. Naresh Babu et al. [8] study benefit-risk perceptions and Ali and Jain [9]
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examine quality of work life in MNC settings. Essandoh et al. [12] identified skill mismatch
as a major challenge in workforce transformation driven by Al Parker and Grote [14]
similarly argue that digital automation affects outcomes of an employee through changes in
work design, autonomy and control. People may need Al literacy digital collaboration and
human Al coordination as Al tools become prevalent in non-technical professions.

III. THEORETICAL FRAMEWORK AND HYPOTHESES

following theories were investigated: H1: Employee adoption of Al is positively and
significantly impacted by perceived Al usefulness. H2: Employee acceptance of Al is
negatively and significantly impacted by worries about job security and skill redundancy.
H3: Employee acceptance of Al is negatively and significantly impacted by privacy and
algorithmic bias issues. H4a: Employee acceptance of Al is positively and significantly
impacted by upskilling support. H4b: Future-work preparedness is positively and
significantly impacted by upskilling help.

Three complementary theoretical frameworks are used in research. Technology adoption is
driven by perceived utility, according to Davis [26] Technology Acceptance Model (TAM).
Employees that value Al are more likely to use it but those who see risk, unfairness or lack
of control may reject it. Venkatesh et al. [27] developed Unified Theory of Acceptance and
Use of Technology (UTAUT) which adds enabling variables, social impact and performance
expectations to TAM. Peer norms, training infrastructure and management communication
all affect employee receptivity which in turn affects corporate Al implementation.
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Job Security & Skill Employee Al
Redundancy Concerns (JSC) Acceptance (EAA)

Privacy & Algorithmic
Bias Concerns (PAB)

Upskilling Future-Work
Support (US) Readiness (FWR)

Figure 1 Tested conceptual regression model with standardized coefficients

Figure 1 shows conceptual regression model examined. It shows standardized regression
coefficients that match Tables IV and V. PAU positively predicts EAA while JSC and PAB
negatively predict it. US forecasts EAA and FWR positively.
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Brougham and Haars STARA framework cover the threat dimension [21]. STARA concerns
stem from employee’s awareness of possible role restructuring or replacement with
intelligent technologies which are influenced by occupational type, education and
organizational support. Together, TAM, UTAUT and STARA offer an integrated theoretical
basis for examining Al acceptance, resistance and readiness in Indian organizational context.
Conceptual model positions Perceived Al Usefulness (PAU), Job Security and Skill
Redundancy Concerns (JSC), Privacy and Algorithmic Bias Concerns (PAB) and Upskilling
Support (US) as predictors of Employee Al Acceptance (EAA) and Future-Work Readiness
(FWR), with group characteristics as comparison variables.

IV. RESEARCH METHODOLOGY

A.Research design

This study used a quantitative, cross-sectional research approach to thoroughly examine
employees' attitudes on artificial intelligence (AI) and automation in Indian enterprises.
design was appropriate because this study measured structured perception responses and
tested relationships among theoretically derived constructs. Cross-sectional methodology
was appropriate because Al usage in India is growing and a glimpse of current perceptions
provides a foundation for longitudinal study.

B. Population, sample and data collection

Employees in Indian companies using Al-enabled tools, automation systems, digital
platforms or intelligent workplace technologies were targeting population for this study.
final sample included 406 IT and non-IT specialists, supervisors and non-supervisors of
various professional experience levels. Our regression-based survey sample size exceeded
specified standards and generated enough cases for number of predictors examined. Online
surveys were conducted throughout data collecting before statistical analysis. Purposive and
snowball sampling were used. Purposive sampling assured that respondents were
employed, at least 18 and aware of Al or digital workplace technologies, snowball sampling
reached beyond Indian organizational and professional networks. Unemployed participants,
incomplete surveys and duplicates were removed. Structured questionnaires were sent
Using Google Forms, email, LinkedIn and professional WhatsApp groups. Sectoral location
and state-wise geographic coverage were not stratification variables, therefore, findings are
regarded as multi-sector employee attitudes across Indian organizations.

online questionnaire was distributed to 463 potential respondents through Google Forms,
email, LinkedIn and professional WhatsApp groups. Total 421 replies were received, yielding
initial response rate of 90.9%. During screening, 9 incomplete questionnaires and 6
duplicate submissions were eliminated from sample. total acceptable sample had 406
respondents., representing a usable response rate of 87.7%. Only respondents who were
employed, at least 18 years of age and had basic awareness of Al-enabled or digital
workplace technologies were retained for analysis and rest were removed from sample.
demographic profile is presented in Table I. Percentages were recalculated from respondent
counts to remove rounding inconsistencies and ensure that every demographic category
totals 406.

A priori power-analysis reasoning for multiple regression was used to check if sample size
was right. There should be at least 129 responders for a model with four predictors, a
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medium effect size of f2 =.15, a =.05 and statistical power of .95. final sample of 406
respondents substantially exceeded this requirement and was also well above 10-times
predictor rule commonly applied in regression-based survey research.

Table I Profile of the participants

Demographic category Sub-category n Percentage (%)
Gender Male 284 70.0
Female 122 30.0
Age 21-29 years 96 23.6
30-39 years 210 51.7
40-49 years 57 14.0
50-59 years 26 6.4
>60 years 17 4.2
Educational qualification | High school or equivalent 28 6.9
Bachelor degree 207 51.0
Master degree 63 15.5
Doctoral degree 40 9.9
Diploma 68 16.7
Specialization IT-related 105 25.9
Non-IT-related 301 74.1
Job type Supervisory role 151 37.2
Non-supervisory role 255 62.8
Years of experience Less than 2 years 40 9.9
2-4 years 122 30.0
5-9 years 112 27.6
>=10 years 132 32.5

Note: N = 406. Percentages may total 100.0 + 0.1 due to rounding to one decimal place.

C. Research instrument

This questionnaire had 2 sections. First collected demographic and occupational
information, while second measured employee perceptions through structured Five-point
Likert scales, where 1 means "strongly disagree" and 5 means "strongly agree." list of items
was taken from scales that measure acceptance of technology, UTAUT and STARA and it was
then changed to fit Al-enabled working systems. This study measured five main constructs.
Perceived Al Usefulness (PAU) covered productivity, efficiency, accuracy, decision-making
and routine task completion. Job Security and Skill Redundancy Concerns (JSC) included job
replacement, role uncertainty and skill obsolescence. Privacy and Algorithmic Bias Concerns
(PAB) covered Al-based monitoring, unfair decisions and data transparency. Upskilling
Support (US) included training, managerial support and learning resources. Employee Al
Acceptance (EAA) referred to the overall adoption of Al-enabled technologies by employees.
Worklife Balance and Engagement (WLBE) and Future-Work Readiness (FWR) were
additionally measured as supplementary outcome constructs. WLBE was retained only for
descriptive and correlational interpretation and was not included in primary hypothesis-
testing mode.
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D. Data screening and analysis strategy

Responses were screened for completeness and internal consistency before hypothesis
testing. Cronbach alpha was used to assess construct reliability, as well as composite
reliability. Convergent validity was determined using average variance extracted (AVE) and
discriminant validity was determined using HTMT ratios. All maintained item loadings
exceeded 0.70, demonstrating indicator dependability. Prior to regression analysis, the
variance inflation factor (VIF) values were used to examine multicollinearity. Both
procedural and statistical checks were used to look into common method bias. Controls for
procedure included collecting responses anonymously using neutral language, separating
build blocks and letting people know that there were no right or wrong answers. Study used
self-reported cross-sectional poll data, so Harman single-factor test was used for statistics.
There were several types of tests used for the analysis: one-way ANOVA with Tukey HSD
post hoc comparisons, multiple regression, descriptive statistics and Pearson correlation.
Effect sizes were reported using R-squared, eta-squared and Cohen d where applicable.
Regression assumptions relating to multicollinearity, linearity, residual independence and
normality of residuals were examined before interpreting the models.

SmartPLS version 4 and IBM SPSS Statistics version 29 were used to look at the data. The
following statistical tests were used on data: independent-samples t-tests, one-way ANOVA,
Tukey HSD post hoc comparisons, Cronbach alpha, Pearson correlation, multiple linear
regression, regression diagnostics and one-way ANOVA. Reflective measurement model was
tested with SmartPLS 4. It measured standardized item loadings, composite reliability,
average variance removed, HTMT ratios and full collinearity VIF values. five-point Likert
scale was used to rate each construct and each construct was treated as thoughtful. After
reliability and validity checks, composite scores were made and used to test hypotheses.
Cronbach alpha and composite reliability were used to evaluate construct dependability.
Average variance extraction was used to evaluate convergent validity, with AVE values
above.50 is regarded as appropriate. Standardized item loadings were used to evaluate
indicator reliability, with all retained items loaded above.70. The heterotrait-monotrait ratio
was used to evaluate discriminant validity, HTMT values less than.85 indicated sufficient
construct distinctiveness. These tests verified that the measurement model was appropriate
for further regression-based hypothesis testing.

Since data in this study came from a self-reported cross-sectional poll, method bias was
taken into account through statistical and procedural fixes. Procedures included keeping
people identities secret, letting them choose to participate, creating parts on the
questionnaire and using neutral language to lower fear of being judged and answer
consistency bias. Harman single-factor test showed that the first unrotated factor only
explains 31.8% of the variation, which is less than 50%. We also checked the full collinearity
VIF values and all of them were below safe level of 3.3. This meant that common method bias
probably would not change results.

Multiple regression was done using z-standardized construct scores. Standardized
regression coefficients ( values, standard errors and confidence intervals) are presented.
Two-tailed 95% confidence intervals were determined for each standardized coefficient.
Regression assumptions were checked before interpretation. Multicollinearity was
investigated by VIF and tolerance. Residual scatterplots assessed linearity and
homoscedasticity, while normal probability plots and standardized residuals assessed
residual normality. To determine residual independence, Durbin-Watson was used while
64 | Vikas Sharma The Future Of Work: Employee Perceptions Of Artificial
Intelligence And Automation In Indian Organizations



Cook distance values were used to identify influential observations. No significant regression
assumptions were violated.

E. Ethical considerations

Guidelines set forth for ethics in relation to anonymous, low-risk surveys conducted with
adult subjects have been strictly adhered to. The first document read by every participant
was an informed consent form outlining the academic purpose of the study, that it was
completely voluntary, and gave the opportunity for each respondent to withdraw before
submitting their answers. There was no collection of sensitive personal data or any data that
could be tied back to any individual during data collection or following data collection (that
is all reports are done at the aggregate level). No report identified individual respondents,
nor did they identify organizations. Since this study consisted of anonymous, non-invasive,
low-risk survey research with adult respondents, formal ethical review from an institutional
source was not required. However, informed consent and confidentiality procedures have
been established, and maintained throughout all aspects of the data collection process.

V. RESULTS

A. Descriptive statistics and reliability analysis

Table I shows that sample was mostly male (70.0%) and primarily between ages of 30-39
(51.7%), indicating an early-to-mid-career workforce. Bachelor degree holders comprised
largest educational category (51.0%). majority of respondents (74.1%) were not in IT and
held non-supervisory positions (62.8%). experience distribution included all categories,
with largest group reporting 10 years or more of service (32.5%).

Table Il gives descriptive statistics and Cronbach alpha values for all constructs. All reliability
estimates above 0.70 criterion, indicating sufficient internal consistency. Perceived Al
Usefulness recorded highest mean score (M = 3.82, SD = 0.74), showing that respondents
generally recognized Al productivity value. Privacy and Algorithmic Bias Concerns also
showed a relatively high mean (M = 3.57, SD = 0.79), indicating that ethical issues remain
important. Upskilling Support had lowest mean (M = 3.29, SD = 0.86), suggesting limited
organizational training support for Al skills. Employee Al Acceptance was moderately
positive (M = 3.71, SD = 0.75) but remained conditional on usefulness, trust and support.

Table II Descriptive Statistics and Internal Consistency

Construct Items | M SD Cronbach
alpha
3.82 0.74 0.873
3.41 1.07 0.856
3.57 0.79 0.841
3.29 0.86 0.862
3.48 0.77 0.834
3.63 0.72 0.851
3.71 0.75 0.868

Perceived Al Usefulness (PAU)
Job Security & Skill Redundancy Concerns (JSC)
Privacy & Algorithmic Bias Concerns (PAB)
Upskilling Support (US)
Work-Life Balance & Engagement (WLBE)
Future-Work Readiness (FWR)
Employee Al Acceptance (EAA)

Note: M = mean, SD = standard deviation, N = 406.
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B. Measurement quality, common method bias and multicollinearity checks
Measurement diagnostics confirmed that constructs were adequate for regression analysis.
Convergent validity was supported by composite reliability values exceeding suggested 0.70
threshold and AVE values over 0.50. All of the preserved indicators' standardized item
loadings were more than 0.70. constructs discriminant validity was deemed acceptable
when highest HTMT ratio was less than 0.85. first unrotated factor explained 31.8% of
overall variance, which is less than traditional 50% worry level, according to Harman single-
factor test. VIF results showed that multicollinearity was not a significant issue, ranging from
1.29to 1.72.

Table III shows measurement quality and diagnostic evaluations to confirm construct
adequacy before hypothesis testing. Composite reliability and AVE values assessed
reliability and convergent validity, whereas VIF values checked multicollinearity. Results
showed statistical reliability, validity and no major multicollinearity issues.

Table IIIl Measurement quality and diagnostic checks

Construct Alpha CR AVE VIF

PAU 0.873 0.901 0.646 1.43

JSC 0.856 0.889 0.616 1.37

PAB 0.841 0.887 0.663 1.29

US 0.862 0.905 0.704 1.62

WLBE 0.834 0.883 0.654 1.72

FWR 0.851 0.895 0.681 1.68

EAA 0.868 0.902 0.649 Dependent variable

C. Correlation analysis

Pearson correlation matrix is shown in Fig. 2. PAU had a positive correlation with US (r =
0.48,p <0.01), FWR (r=0.44, p < 0.01) and EAA (r = 0.52, p < 0.01). There were significant
negative associations between JSC and FWR (r=-0.38,p <0.01) and EAA (r=-0.41,p < 0.01).
PAB was positively connected with JSC (r = 0.42, p < 0.01) and negatively correlated with
EAA (r =-0.33, p < 0.01), suggesting that workers who view Al as unethical also frequently
experience higher job-security anxiety. US had significant positive relationships with WLBE
(r =0.56, p < 0.01) and FWR (r = 0.61, p < 0.01), indicating that organizational training
support is a key facilitator of employee readiness.
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Figure 2 Pearson correlation matrix (** p < 0.01. pau = Perceived Al Usefulness, jsc =
Job Security and Skill Redundancy Concerns, pab = Privacy and Algorithmic Bias
Concerns, US = Upskilling Support, wlbe= Work Life Balance and Engagement, fwr =
Future Work Readiness, eaa= Employee Al Acceptance. n = 406.)

D. Hypothesis testing: predictors of employee Al acceptance

A multiple regression study performed using Employee Al Acceptance as dependent variable
and PAU, JSC, PAB and US as predictors. Total model explained 48.7% of the variance in
employee Al acceptance (R* =.487, Adjusted R-squared = 0.482) and was significant (F (4,
401) = 95.37, p<.001). H1 had support: best positive predictor of EAA was PAU (3 = 0.412,
95% CI[0.289, 0.535], p<.001). HZ was validated: EAA was adversely predicted by JSC (3 = -
0.281, 95% CI [-0.395, -0.167], p<.001). H3 was validated: EAA was adversely predicted by
PAB (B =-0.213, 95% CI [-0.333, -0.093], p =.001). US positively predicted EAA (3 = 0.186,
95% CI[0.078, 0.294], p =.001), supporting H4a.

Table IV shows multiple regression results for predictors of Employee Al Acceptance. results
reveal that perceived utility and upskilling support increase Al adoption but job security and
ethical concerns decrease it.

Table IV Multiple regression analysis: Predictors of employee Al acceptance

Predictor Std. g SE(B) | 95%cifor |t p
B
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Perceived Al Usefulness (PAU) 0.412* | 0.063 | [0.289, 6.54 | <0.001
0.535]

Job Security & Skill Redundancy - 0.058 | [-0.395, - - <0.001

Concerns (JSC) 0.2871%** 0.167] 4.84

Privacy & Algorithmic Bias Concerns -0.213** | 0.061 | [-0.333, - - 0.001

(PAB) 0.093] 3.49

Upskilling Support (US) 0.186™* | 0.055 | [0.078, 3.38 | 0.001
0.294]

Note: Dependent variable = Employee Al Acceptance (EAA). R? =.487, Adjusted R-squared =
0.482, F (4, 401) = 95.37, p<.001. ci = confidence interval for standardized beta. ** p < 0.01,
4 p<.001.

E. Supplementary regression: predictors of future-work readiness

Supplementary regression was performed using Future-Work Readiness as the dependent
variable to evaluate H4b and examine whether same opportunity-threat-ethics-readiness
framework explains employee preparedness for Al enabled work. The model was significant,
F (4,401) =82.94, p <.001 and explained 45.3% of the variance in future-work readiness, R2
=.453, Adjusted R? = .447. Upskilling Support was the strongest predictor of FWR ( =0.372,
95% CI[0.284, 0.460], p<.001), confirming H4b. JSC and PAB were negative predictors while
PAU was positively associated with FWR

Table V shows Future-Work Readiness extra regression analysis. This investigation
investigates whether same determinants explain employees Al-enabled work readiness.
Upskilling support is strongest positive predictor of future-work readiness, while job-
security concerns and privacy or algorithmic bias concerns decrease it.

Table V Multiple regression analysis: predictors of future-work readiness

Predictor Std. g SE(B) | 95% CIfor |t p
B

Perceived Al Usefulness (PAU) 0.242** 1 0.050 | [0.144, 484 | <0.001
0.340]

Job Security & Skill Redundancy - 0.046 | [-0.285, - -4.24 | <0.001

Concerns (JSC) 0.195%** 0.105]

Privacy & Algorithmic Bias Concerns | -0.146** | 0.049 | [-0.242, - -2.98 | 0.003

(PAB) 0.050]

Upskilling Support (US) 0.372* 1 0.045 | [0.284, 8.27 | <0.001
0.460]

Note: Dependent variable = Future-Work Readiness (FWR). R* = .453, Adjusted R* = .447, F
(4, 401) = 82.94, p < .001. B = standardized regression coefficient estimated using z-
standardized construct scores, SE([3) = standard error of standardized coefficient, CI = two-
tailed 95% confidence interval for . ** p <.01, *** p <.001.

Standardized regression coefficients for Employee Al Acceptance and Future-Work
Readiness are shown in Figure 3. Perceived Al usefulness is largest positive predictor of
Employee Al Acceptance, while upskilling support predicts Future-Work Readiness. Job
security and privacy/algorithmic bias concerns hurt both outcomes.
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Figure 3. Standardized Regression Coefficients for Employee Al Acceptance and
Future-Work Readiness

One-way ANOVA was used to see if people of different ages had different ideas about Al. All
four of models shown in Table VII showed significant differences. Tukey HSD post hoc
comparisons showed that people aged 21 to 29 had significantly higher PAU than people
aged 50 to 59 (p = 0.003) and 40 to 49 (p = 0.016), but significantly lower JSC than people
aged 40 to 49 (p = 0.011) and 50 to 59 (p = 0.007). There were no significant differences
between age groups that were close to each other after fact, which suggests that trend was
mostly generational rather than incremental.

For chosen Al perception constructs, Table VI shows age-group mean scores and one-way
ANOVA findings. Whether Al usefulness, job-security concerns, ethical issues and future-
work preparation varied considerably across age categories was examined. There are
statistically significant age-based disparities, demonstrating generational issues influence
how employees view Al and automation at work.

Table VI Age-group mean scores and one-way ANOVA results

Construct Age-group means: 21-29 | 30- F df p Eta-
39]40-49 | 50-59 | 260 squared

Perceived Al 4.0313.83|3.63|3.51|3.71 4.21 | 4, 0.002 | 0.040

Usefulness (PAU) 401

Job Security & 3.15|3.39|3.67|3.86|3.53 6.38 | 4, <0.001 | 0.060

Skill Redundancy 401

Concerns (JSC)

Privacy & 3.41|3.53|3.7313.99|3.77 3.87 | 4, 0.004 | 0.037

Algorithmic Bias 401

Concerns (PAB)

Future-Work 3.85|3.64|3.43]3.28| 3.50 5.14 | 4, <0.001 | 0.049

Readiness (FWR) 401

Note: Mean values are reported on a five-point scale. Tukey HSD post hoc comparisons
indicated significant pairwise differences for PAU: 21-29 vs. 50-59 (p = 0.003), 21-29 vs. 40-
49 (p =0.016) and JSC: 21-29 vs. 50-59 (p = 0.007), 21-29 vs. 40-49 (p = 0.011).

69 | Vikas Sharma The Future Of Work: Employee Perceptions Of Artificial
Intelligence And Automation In Indian Organizations



Independent-samples t-tests showed notable disparities between IT and non-IT
specializations. IT-background respondents had higher PAU and lower JSC than non-IT-
background respondents. Supervisory and non-supervisory individuals had similar PAU
ratings, whereas non-supervisory had somewhat higher PAB scores. Small to moderate
impacts of technology exposure and occupational role on Al perception were found.

Table VII shows independent-samples t-tests of Al perceptions by specialization and
employment type. IT and non-IT respondents, as well as supervisory and non-supervisory
staff, are compared. IT-background respondents regard Al usefulness as higher and job-
security concerns as lower, whereas job-type disparities are smaller.

Table VII Independent-samples T-tests by specialization and job type

Comparison Construct | M1 (SD) vs. M2 t df |p Cohen
(SD) d

IT vs. non-IT PAU 4.01 (0.72) vs.3.73 | 3.42 | 404 | 0.001 | 0.38
(0.72)

IT vs. non-IT JSC 3.18 (1.07) vs.3.52 | - 404 | 0.005 | 0.31
(1.07) 2.81

Supervisory vs. non- PAU 3.78(0.71) vs. 3.84 | - 404 | 0.414 | 0.08

supervisory (0.71) 0.82

Supervisory vs. non- PAB 3.47 (0.74) vs. 3.62 | - 404 | 0.049 | 0.19

supervisory (0.74) 1.97

Note: For IT vs. non-IT, M1 = IT-related and M2 = non-IT-related. For supervisory vs. non-
supervisory, M1 = supervisory and M2 = non-supervisory. SD values are reported with group
means, Cohen d values indicate small to moderate effects.

VI. DISCUSSION

Findings show that Indian workers views on Al and automation are formed by both
opportunity and threat. Employee Al Acceptance is not explained only by perceived
usefulness. It is also influenced by job-security concerns, ethical concerns, upskilling
support, age, specialization and employment level.

A. Acceptance is primarily driven by perceived usefulness

Perceived utility was determined to be most positive indication of employee acceptance of
Al. This result is consistent with Technology Acceptance Model [26], which considers
perceived usefulness to be a crucial factor in the adoption of technology. Additionally, prior
studies show that workers are more inclined to accept Al technologies when they witness
improvements in productivity, accuracy and decision-making [1], [15]. This implies that
rather than using generalizations about digital transformation, Indian firms should explain
Al adoption in terms of employees actual job tasks.

B. Employment-Security Barrier and Automation Anxiety

Acceptance of Al is still hampered by automation concerns. Workers may worry that Al will
decrease their job security, alter their responsibilities, or reduce value of their abilities.
Concerns about job security and skill redundancy were found to be negative predictors of Al
acceptance in this study. This result aligns with research on task-based automation which
indicates that Al should change work structure by transforming tasks within jobs and not
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simply eliminate whole occupations [4], [5]. If organizations do not communicate job
redesign, career continuity and reskilling pathways, these worries may grow as formal
upskilling is uneven in India.

C. Ethical Concerns as a Barrier to Acceptance

Privacy and Algorithmic Bias Concerns negatively impacted Employee Al Acceptance. This
suggests that staff is less inclined to accept Al if they see it as opaque, unjust or obtrusive.
These concerns are pertinent since Al is being more used in recruitment, performance
tracking and employee analytics. Glikson and Woolley [20] demonstrate that trust in Al is
contingent on transparency and trustworthiness. Positive association between algorithmic
bias worries and job-security concerns show that employees who see Al as ethically
problematic can feel less safe in their jobs. Algorithmic transparency, human oversight, data
minimization, grievance procedures and fairness audits need to be considered as essential
adoption requirements rather than optional governance techniques [25].

D. Support for Upskilling as a Readiness Enabler

Upskilling Support had low mean score which indicates that many Indian companies
currently do not have suitable Al-related training mechanisms in place. Upskilling Support
had a beneficial impact on Employee Al Acceptance and Future Work Readiness. Employees
are likely to respond to Al more confidently when they receive Al literacy support, mentoring
and role-specific learning opportunities. This is also consistent with the view that human-AI
collaboration requires not only technical skills, but also human and conceptual skills [19]. Al
implementation in HRM also depends on broader organisational capability, skill investment
and responsible governance [28].

E. Disparities in Specialization and Generation

group-difference results show that Al perception is not uniform across employees. Younger
respondents reported higher Perceived Al Usefulness and lower Job Security Concerns
because of greater exposure to digital tools and lower anxiety toward automation. A similar
pattern was found among IT professionals, who were more likely to see Al as a productivity-
supporting tool rather than a replacement risk. These differences suggest that automation-
related concerns in India are shaped by both generational and occupational background. The
findings also connect with UTAUT, as training access, digital familiarity and organisational
support appear to influence Al acceptance along with perceived usefulness [27]. Taken
together, the results support an integrated TAM, UTAUT and STARA-based understanding of
employee Al perception in Indian workplaces.

VII. IMPLICATIONS

This study adds to future-of-work literature by combining opportunity, threat, ethics and
readiness into a single employee-perception model. By combining TAM, UTAUT and STARA
in Indian organizational context, the study shows that employees' acceptance of Al is not
shaped by apparent utility only employees’ acceptance of Al technologies also depends on
their level of concern about job security, privacy, algorithmic bias and support for developing
new skills through upskilling opportunities. In addition, the empirical results indicate policy
and management implications in terms of developing Al usage guidelines for safe use,
creating sector specific reskilling initiatives for workers displaced by automation, providing
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Al literacy programs to increase understanding of the scope and limitations of Al
applications, and implementing responsible operational practices when deploying Al
systems. When implementing an Al system, organizations should not view the
implementation process simply as a mechanistic challenge to improve efficiency but as an
opportunity to implement significant changes to work processes that are founded on
principles of employee trust, training, transparency and ethical protections.

VIII LIMITATIONS AND FUTURE RESEARCH

There are a few restrictions to be aware of. To begin, results of self-reported survey used in
this study may be skewed by social desirability, individual interpretation and common
methodology. Secondly, cross-sectional technique cannot demonstrate how Al adoption
alters perceptions or establishes causal relationships because it only records employee
perceptions at one point in time. Lastly, non-probability-based purposive and snowball
sampling may not fully reflect all Indian employees, industries, or regions which leads to
limiting generalizability.

Future study should examine employee attitudes of Al and automation over time using
longitudinal methods. More thorough structural equation modelling may examine direct,
mediating and moderating interactions in future investigations. Cross-country comparisons
would show if Indian employee perceptions differ from those in emerging and developed
nations. More industry specific studies are needed due to differences in Al adoption across
IT, manufacturing, banking, education, healthcare and services. Experimental designs may
examine how training, transparency or communication interventions affect Al adoption and
future-work preparedness. Mixed-method research incorporating surveys and interviews
might clarify employee concerns.

IX. CONCLUSION

The purpose of this research was to understand how Indian workers perceive the use of
automation and Al in regards to productivity, concerns about their job security, ethical
dilemmas, and as opportunities for upskilling. A survey of 406 respondents was conducted
along with various statistical analyses to determine the ways that employees in India
perceive the transformation of their work due to the increasing use of Al. The findings
indicated that the positive evaluation of usefulness and support for upskilling had a positive
relationship with both employee adoption of Al and job security, while the negative
evaluation of skill redundancy, privacy, or algorithmic bias had negative relationships to
employee adoption of Al. These variables explain 48.7% of the variance in employee
adoption of Al suggesting the importance of both human factors and technical
implementation. Additionally, there were differences in opinion based on age and level of
specialization, indicating that individualization of the approach to Al adoption is necessary.
Lastly, companies in India must establish a technology foundation, establish employee trust,
build ethical governance mechanisms, and provide ongoing training resources in order to
successfully adopt AL
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APPENDIX A. SURVEY INSTRUMENT
All perception items were measured on a five-point Likert scale, where 1 = strongly disagree
and 5 = strongly agree.
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Construct Code | Questionnaire item

Perceived Al Usefulness |PAU1 |Al-enabled tools help me complete work tasks more
efficiently.

PAU2 | Al improves the accuracy of work-related decisions.

PAU3 | Al reduces repetitive or routine work in my job.

PAU4 | Al helps improve productivity in my organisation.

PAUS5 | Al makes work processes faster and more effective.

Job Security and Skill JSC1 |Iam concerned that Al may replace some human jobs
Redundancy Concerns in my field.
JSC2 | Al may reduce the value of some existing workplace
skills.
JSC3 |1 feel uncertain about how Al will affect my future job
role.

JSC4 |Automation may reduce the need for employees in
some functions.

JSC5 |Iworry that my current skills may become outdated
because of Al.

Privacy and Algorithmic |PAB1 |l am concerned about employee monitoring through

Bias Concerns Al-enabled systems.
PAB2 | Al-based decisions may be unfair if the algorithm is
biased.
PAB3 | Employees may not know how their workplace data are
used by Al systems.
PAB4 | Al decisions should be transparent and explainable to
employees.
Upskilling Support US1 |My organisation provides training to help employees

use Al-related tools.

US2 |Managers encourage employees to develop Al-related
skills.

US3 |Adequate learning resources are available for Al-
related skill development.

US4 |My organisation supports employees in adapting to Al-
enabled work.

Work-Life Balance and WLB |Al-enabled tools help me manage work more
Engagement E1l effectively.
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Construct Code | Questionnaire item

WLB | Al can reduce unnecessary workload pressure.
E2

WLB | Al-supported systems can improve employee
E3 engagement.

WLB | Al tools can support a better balance between work
E4 demands and personal time.

Future-Work Readiness |FWR |I feel prepared to work in an Al-enabled workplace.

FWR |I am willing to learn new skills required for future
2 work.

FWR |I believe I can adapt to changes created by Al and
3 automation.

FWR |l am confident about remaining employable in an Al-
4 influenced work environment.

Employee Al Acceptance |EAA1 |l am willing to use Al-enabled tools in my work.

EAAZ2 |1 would support the adoption of Al systems if they
improve work outcomes.

EAA3 |1 feel comfortable working with Al-supported systems.

EAA4 |1 believe Al can be beneficial when implemented
responsibly.

EAAS | Overall, I accept the use of Al and automation in the
workplace.
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