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ABSTRACT 

AI is changing both what tasks are performed by machines as well as their measurement methods and understanding levels. The article is about two changes 

happening at present time such as integrating artificial intelligence technologies for thinking "Mind"s and also an increase on Artificial Intelligence based metrics 

system called Metrics. With more companies using artificial intelligence technologies such as recruitment management systems, employee performance monitoring 

software, brainstorming sessions and data analytics platforms for solving problems creatively or making business decisions; there are concerns regarding how this 

affects people skills like creativity and independence among employees within an organization. 

From an interdisciplinary perspective including organizational psychology, data ethics and human computer interaction research, we study how artificial intelligence 

enhances (and at times replaces) humans' decision-making abilities by producing vast amounts of behavior statistics. The paper discusses how AI can be used for 

"mind extension" to enhance humans' capabilities while also being an instrument of monitoring through measurement or evaluation of workers’ productivity 

(“metrics extraction”). The key topics are algorithms for managing people’s work lives, decline/development towards loss of worker independence from their jobs; 

human-AI relationship trust levels; ethics issues related to constant surveillance by employers on employees’ productivity. 

This article states that companies should not just focus on numbers when adopting artificial intelligence; they need more balanced models of success which include 

worker satisfaction, mental health protection, autonomy for people rather than machines. Our proposal is to establish some guidelines on how we should integrate 

artificial intelligence responsibly by treating people like thinkers instead of just numbers or statistics; also, using them as means towards empowering individuals 

rather than controlling them through measurement. 

In conclusion, this paper is part of an ongoing discussion about humans' relationship with artificial intelligence where it focuses upon asking 'how can we make 

sure our minds are not just numbers?'. 

Keywords: AI Technology, Business Analysis of People to Machines Interaction, Human Machine Integration System, KPI Measurement Tool for 

Employees Healthiness Algorithmic Control Mechanism Ethics Problem Solving Processes Productivity Organization Psychology Cognitive Skills 

Information Based Society. 

Introduction 

Modern workplaces are being transformed rapidly due to advancements in artificial intelligence technology. Originally an automation software to perform 

routine work now it is used by companies today for analyzing employees' productivity levels forecasting future labor needs hiring managers making job 

offers evaluating mental health status among others. With increasing reliance upon artificial intelligence for improving performance and output there is 

an important issue that needs answering; what are ways in which we can combine data analytics capabilities provided by machines while preserving 

unique qualities such as creativity, compassion, wisdom and flexibility among people. 

The concept of "Mind and Data" is an example that represents this dichotomy between mindsets and metrics within modern companies' operations. From 

another perspective, they provide quantifiable information based on statistics which are objective consistent and scalable for making decisions. Dashboard 

performance metrics algorithms for recruitment software are used by organizations today to measure tasks which had been done through subjective means 

beforehand. However, humans are still responsible for creativity, morality and relationships which can't be measured by statistics or codes alone. Over-

indexing to metrics may lead to a loss of employee trust, autonomy, and psychological security due to an opaque, biased or dehumanizing perception by 

artificial intelligence system. 

The increasing dependence of organizations upon artificial intelligence technology is sparking debates among various fields such as organizational 

psychology, HRM, computer science and ethics regarding its integration while preserving humanity in job performance tasks. Algorithmic bias, employee 

monitoring, data security issues and loss of managerial compassion are some problems that need attention despite being beneficial for productivity 
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improvement through better management practices by humans like prediction accuracy or customer satisfaction rates due to machine learning algorithms' 

effectiveness on these matters. 

The understanding of how humans think about computer science matters is important both to business growth and societal progress towards a better work 

environment. The purpose of this study is to investigate ways in which artificial intelligence may improve decision making efficiency without 

compromising on people-centered principles such as trustworthiness, involvement levels and creativity. Through analyzing "Mind-Metrics", our research 

aims at proposing an equilibrium between artificial intelligence being used by humans instead of replacing them so that it shapes organizations which 

have both intellect and humanity. 

Research gap 

Current research tends to study employee performance of AI separately - by means of psychological/emotional impact, productivity and organizational 

efficiency, or mental health-productivity-economy linkage. The majority of research is based on small sample sizes, self-reports/secondary literature 

synthesis instead of direct observations from industries themselves. Limited long-term studies of artificial intelligence induced emotions such as counter-

intuitive ones like stress leading to increased productivity are available for different industries and populations. There are few papers that integrate 

objective productivity measures together with emotional and organizational effectiveness measurements within an experimental design. It creates an 

opportunity to study how artificial intelligence affects emotions of people and their work performance through better methods like mixed quantitative 

qualitative studies on large samples from various organizations. 

Conceptual frame work: - 

 

Research Objectives: - 

For evaluating how artificial intelligence technologies like predictive scheduling, performance analysis models are affecting employees' efficiency levels 

and satisfaction rates based upon data collected before and after implementation. 

For studying employees' attitudes towards artificial intelligence based assessment tools such as biases, fears about losing jobs due to them, and perception 

of equity among workers. 

For identifying opportunities of artificial intelligence for human resources department and managerial roles like better data analysis speedier cycle time 

prediction about employee turnover rate or stress level. 

For investigating issues like data privacy problems of artificial intelligence implementation at workplaces such as algorithms' biases, integration 

difficulties between systems and employees' reluctance towards them. 
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For investigating a moderating effect on productivity and engagement results due to organization-related variables such as departments, digital skills 

level, management systems, and initial involvement rates. 

For analyzing how quantitative measures of performance interact with creativity, emotional intelligence, and autonomy to affect organization efficiency. 

Research Hypothesis 

AI-based scheduling/tools for employee productivity. 

Null hypothesis that there is no difference between pre- and post-AI driven predictive scheduling / tools for employees' performance levels. 

AI driven predictive scheduling / tools have led to an increase in employee productivity (H1). 

AI-based scheduling tools / employee engagement. 

Null hypothesis that there was no difference between pre- and post-AI driven predictive scheduling / tools for employees' engagement levels. 

AI driven predictive scheduling / tools lead to higher levels of employees' involvement rate. 

Departmental Differences to AI Effectiveness. 

Null hypothesis that there is no significant effect from artificial intelligence based scheduling to productivity and employee satisfaction among Sales, IT, 

and Human Resources employees. 

AI driven scheduling has an effect on productivity and employee satisfaction levels among Sales Department, IT department and Human Resources team 

members respectively H1. 

Initial engagement level is an indicator of predicting H4. 

Null hypothesis that initial levels of employee engagement do not have a significant effect on changes after AI implementation. 

Initial employee engagement levels are an important predictor for changes after AI implementation H1. 

H5: AI Adoption 

Null hypothesis H0 states that there is no correlation of any kind among machine learning, natural language processing and predictive analytics to 

organizational performance. 

AI has an important impact on organizational efficiency according to H1. 

H 6 Employee Bias Fear And AI Usage. 

Null hypothesis H0 states that there is no correlation between the rate at which an organization uses artificial intelligence technology and employee 

prejudice or fear regarding employment loss due to automation. 

H1: There is an important correlation between the usage rate of artificial intelligence by workers to their biases/concerns about losing jobs. 

Review of literature: - 

Impact of AI-driven predictive scheduling on employee engagement and productivity 2023. 

For studying how artificial intelligence based forecasting affects employees' attitude behavior engagement productivity. 

Future of Work: AI Adoption, Employee Productivity, and Organizational Effectiveness - 2026. 

For studying how AI usage affects employees' performance levels and company efficiency today. 

AI Application Effect on Employee Productivity MBA Post Graduate Dissertation 2024. 

For analyzing present-day usage rates for artificial intelligence by workers as well as impact upon efficiency levels; skills enhancement rate and decision 

making process; degree to which there is prejudice towards it from an individual’s perspective. 

Impact of Intelligent Personal Assistant on Work Practices 2021. 

For investigating changes in working habits of knowledge workers due to collaboration with intelligent personal assistant systems (IPA); also for 

understanding their interpretation and response towards new IPAs interaction patterns. 

Impact Of Generative AI On Workforce Productivity And Creative Problem Solving 2015. 

For investigating ways that GANs and transformer-based machine learning algorithms affect employee efficiency through automation of processes to 

improve decision making process improvement creativity enhancement. 
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Overall 

Adoption of AI at work has been shown to increase employees' productivity levels, engagement rates as well as overall effectiveness within an 

organization while predicting potential issues like burn-out or turnover among staff members through these technologies. While at the same time, workers 

have expressed genuine worries about privacy issues, algorithms' biases, and fears regarding employment loss indicating a lack of confidence between 

technology advancement and human trustworthiness. These metrics are usually considered individual components of performance data and human trust, 

emotion, and fairness perceptions instead being an integrated whole. There is a difference between existing research as it varies from being based upon 

theoretical models to having limited sample sizes such as small ones or those of just one country which limits its applicability. In general it shows there 

is an urgent requirement of balancing between analytics based decisions on humans' psychology and ethics instead of studying these separately from each 

other. 

Research Methodology 

This research is based on an empirical approach through surveys to describe it quantitatively as well as cross-sectionally. The primary information was 

gathered by means of an organized web survey among participants which included details about their age group, usage patterns for artificial intelligence 

technologies as well as opinions regarding how AI affects productivity levels at workplace performance standards employee satisfaction rates due to 

technological advancement anxiety related issues such as unemployment rate organizational efficiency etcetera. The study uses a cross sectional approach 

for its purpose as an exploration question about people’s attitudes towards artificial intelligence and their use habits at that moment. 

Data screening and sample 

There were 85 entries in this document. Inspection found 68 of them to be exact duplicates, same timestamp and same answer for all 25 items, from 17 

different records. Duplicates were removed to ensure that each respondent was counted only once resulting in an available sample size of N=17. All of 

them are from those 17 people who responded to this question. Since there are few samples available for this study, it would be better to interpret these 

results as exploratory instead of confirming them. 

The respondents were predominantly young and student-based: 10 of 17 (58.8%) were aged 18-25, 11 (64.7%) were students, and 10 (58.8%) had less 

than one year of experience. The table 1 provides a complete profile. 

Table 1. Profile of respondents (N = 17) 

Variable Category n % 

Age group Below 18 2 11.8 

 18–25 10 58.8 

 26–35 3 17.6 

 46–55 2 11.8 

Gender Male 9 52.9 

 Female 7 41.2 

 Prefer not to say 1 5.9 

Occupation Student 11 64.7 

 Part-time employee 2 11.8 

 Full-time employee 1 5.9 

 Freelancer 2 11.8 

 Self-employed 1 5.9 

Work experience Less than 1 year 10 58.8 

 1–3 years 3 17.6 

 4–6 years 3 17.6 

 7–10 years 1 5.9 

AI use frequency Rarely 3 17.6 
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Variable Category n % 

 Sometimes 6 35.3 

 Often 6 35.3 

 Very frequently 2 11.8 

 

Measures 

Perceptions were measured by means of a five point scale (1 = strongly disagree to 5 = strongly agree) and an ordinal change scale, 1 = significantly 

reduced, decreased to 5 = significantly improved, increased. The AI usage rate is measured by means of a four-point scale (1=rarely to 4=very often). 

The table 2 is a list of variables used here. The Productivity composite is a mean value for three factors, belief about how much better AI makes people 

productive, changes to job performance levels, and improvements to output level, which had good reliability (Cronbach's alpha = 0.79, n=15). 

Table 2. Variables used in the analysis 

Variable Description Scale 

AI competency Self-rated competency with AI tools 1–5 

AI use frequency How often AI tools are used 1–4 

Productivity composite 
Mean of Q13 (AI improves my productivity), Q14 (effect on work quality), Q15 (change 

in productivity/output) 
1–5 

Time saved per day Time saved by using AI 1–4 

Stress reduction Effect of AI on work stress (no effect = 0; reduces = 1; significantly reduces = 2) 0–2 

Concern about bias/job loss Agreement with the item on bias and fear of job displacement 1–5 

Organisational effectiveness Agreement that AI improves organisational effectiveness 1–5 

 

Hypotheses as tested 

The data come from a single cross-sectional survey and contain no pre- and post-implementation measures and no departmental identifier. The hypotheses 

stated earlier were therefore operationalised as shown in Table 3. 

Table 3. Operationalisation of the hypotheses 

Hypothesis Concept Test used 

H1 Productivity increase One-sample t-test of perceived productivity against the neutral midpoint (3) 

H2 Engagement increase Not tested: no separable engagement measure in the dataset 

H3 Variation across departments 
One-way ANOVA across occupation groups (Student, Employed, 

Independent) used as a proxy for department 

H4 Initial engagement predicts change 
Reframed: simple linear regression of productivity on self-rated AI 

competency 

H5 
AI adoption and organisational 

effectiveness 

Linear regression of organisational-effectiveness agreement on AI use 

frequency; extended framework model 

H6 Use frequency and bias/fear Chi-square test of independence and linear regression 

 

Statistical techniques 

The analysis is done by using formulas for MS Excel software while verifying it through Python programming languages like SciPy and Stats Models; 

similar to Crosstabs, One Way ANOVA and Linear regression from SPSS package. The methods are: (i) descriptive statistics; (ii) Pearson chi-square 

tests of independence with Cramér's V for effect size and Fisher's exact test on 2x2 tables or a Monte Carlo permutation test due to low expected counts; 
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(iii) one-way ANOVA with Levene's test, eta squared, Tukey HSD post hoc analysis, and Kruskal-Wallis test as an alternative non parametric method; 

and (iv) ordinary least squares multiple linear regression with standardized coefficients, variance inflation factor, Durbin-Watson statistic, and Shapiro-

Wilk test of residuals. The significance level was α = .05 throughout. 

Data Analysis and Results 

Descriptive statistics 

Table 4. Descriptive statistics of the study variables 

Variable N Mean SD Min Max 

AI competency (1-5) 17 3.76 1.03 1 5 

AI use frequency (1-4) 17 2.41 0.94 1 4 

Q13 AI improves productivity (1-5) 17 4.00 1.00 2 5 

Q14 Quality of work (1-5) 16 3.50 1.15 1 5 

Q15 Productivity change (1-5) 16 3.56 1.15 2 5 

Time saved per day (1-4) 17 2.18 1.07 1 4 

Stress reduction (0-2) 17 0.94 0.66 0 2 

Concern bias/job loss (1-5) 17 3.18 0.95 1 4 

Org. effectiveness agreement (1-5) 17 3.88 0.86 2 5 

Productivity composite (1-5) 17 3.68 0.90 1.67 5 

Respondents rated AI favourably on productivity (composite M = 3.68, SD = 0.90) and agreed, on average, that AI improves their productivity (M = 

4.00). The agreement between AI improving organizational efficiency is also very high (M = 3.88). Concern about bias and job displacement was close 

to the scale midpoint (M = 3.18), and the average reported stress effect was modest (M = 0.94 on a 0-2 scale). 

Perceived productivity H1: One-Sample T Test. 

The productivity composite was significantly above the neutral midpoint of 3, t(16) = 3.09, p = .007, Cohen's d = 0.75 (a medium-to-large effect); the 

Wilcoxon signed-rank test agreed (p = .013). The single item on whether AI improves productivity was also clearly above neutral, t(16) = 4.12, p < .001, 

whereas the reported change in output, taken alone, did not differ significantly from neutral, t(15) = 1.95, p = .070. Therefore H1 is supported by perceived 

productivity, but it depends on self-report rather than objective measures of pre- and post performance. 

Chi-square tests of independence 

Table 5. Chi-square tests of independence 

Test N χ² df p Exact p V Cells E<5 

AI use frequency × Concern about bias/job 

loss (H6) 
17 0.05 1 .819 1.000 0.06 100% 

Occupational status × AI use frequency 17 0.70 1 .402 0.620 0.20 50% 

Gender × Perceived productivity change 15 0.71 1 .398 0.608 0.22 100% 

Occupation group × AI use frequency 17 0.70 2 .704 1.000 (MC) 0.20 67% 

Exact p = Fisher's exact test for 2 × 2 tables; MC = Monte-Carlo permutation p-value (10,000 permutations). V = Cramér's V. 

None of the four associations was statistically significant. For H6, 4 of 8 high-frequency users and 4 of 9 low-frequency users agreed that they were 

concerned about bias or job displacement, χ²(1, N = 17) = 0.05, p = .819 (Fisher's exact p = 1.000), V = 0.06. Concern was therefore similar regardless 

of how often respondents used AI. Students and working respondents did not differ in usage frequency, nor did men and women in perceived productivity 

change. The expected-count condition was violated in every test (50–100% of cells had expected counts below 5), so the exact tests are the more 

trustworthy; they lead to the same conclusion. 
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One-way ANOVA 

Table 6. One-way ANOVA results 

Comparison df F p η² Levene p K–W p 

Productivity by occupation group (H3) (2, 14) 0.32 .730 0.04 .620 .511 

Productivity by AI use frequency (3, 13) 0.84 .496 0.16 .960 .528 

Productivity by age group (3, 13) 0.69 .574 0.14 .398 .306 

Stress reduction by occupation group (H3) (2, 14) 0.29 .754 0.04 .658 .735 

K–W = Kruskal–Wallis test. 

For H3, the productivity composite did not differ significantly across occupation groups, F(2, 14) = 0.32, p = .730, η² = 0.04; group means were Student 

M = 3.80 (n = 11), Independent M = 3.56 (n = 3), Employed M = 3.33 (n = 3). Stress reduction also did not differ by occupation group (p = .754). 

Productivity did not vary significantly by AI use frequency (p = .496, η² = 0.16) or by age group (p = .574, η² = 0.14). Levene's test showed no violation 

of homogeneity of variance, the Kruskal–Wallis tests gave the same conclusions, and no Tukey post-hoc pair was significant. Although the frequency 

and age comparisons show medium-sized η² values, groups of two to three respondents give very little power, so these differences cannot be confirmed 

or ruled out. 

Multiple linear regression 

Table 7. Overall regression models (n = 17) 

Model Specification R² Adj. R² F p 

Model 1 
Productivity composite ~ AI competency + AI use frequency + 

time saved 
.08 -.13 0.37 .776 

Model 4 Productivity composite ~ AI competency .01 -.06 0.10 .758 

Model 2 Org. effectiveness ~ AI use frequency .05 -.02 0.76 .398 

Model 3 Concern ~ AI use frequency .09 .03 1.44 .248 

Model 5 
Org. effectiveness ~ AI use frequency + stress reduction + 

productivity composite 
.32 .16 2.05 .156 

 

Table 8. Coefficients of the framework model (Model 5): organisational effectiveness 

Predictor B SE β t p 95% CI VIF 

Constant 3.27 1.00 — 3.27 .006 1.11 to 5.43 — 

AI use frequency 0.14 0.21 0.15 0.65 .525 -0.32 to 0.59 1.03 

Stress reduction 0.66 0.30 0.51 2.17 .050 0.00 to 1.31 1.04 

Productivity composite -0.09 0.22 -0.10 -0.42 .684 -0.57 to 0.38 1.02 

 

There were no significant results for all models. Productivity was not predicted jointly by AI competency, use frequency and time saved, R² = .08, F(3, 

13) = 0.37, p = .776, nor by AI competency alone (reframed H4), R² = .01, p = .758. H5, AI usage frequency is not a significant predictor of organizational 

effectiveness, B=0.20, p=.398, r2=.05. For H6, higher use frequency was associated with slightly lower concern (B = -0.30, β = -0.30), but the relationship 

was not significant, p = .248. 

The framework model, which is based on an empirical study that measures usage frequency, stress reduction and productivity composite as a whole to 

explain 0.32 of the variance between organizational effectiveness agreements while being insignificant overall (F (3, 13)=2.05, p=.156). Within it, stress 

reduction was the only predictor approaching significance (B = 0.66, β = 0.51, p = 0.050, 95% CI [0.00, 1.31]); because the interval barely excludes zero, 

the overall model is not significant, and several tests were run on 17 cases, this is treated as a lead for future testing and not as a finding. All variance 

inflation factors are less than 1.5; the Durbin-Watson statistic ranged from 1.28 to 2.27 while the Shapiro-Wilk test had a value greater than.38 for all 

samples indicating no significant violation of regression assumptions. 
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Summary of hypothesis tests 

Table 9. Summary of hypotheses 

Hypothesis Content Statistic p Decision 

H1 Perceived productivity above neutral t(16) = 3.09 .007 Supported 

H2 Engagement increase — — Not tested 

H3 Productivity differs by occupation group F(2, 14) = 0.32 .730 Not supported 

H4* AI competency predicts productivity F(1, 15) = 0.10 .758 Not supported 

H5 AI use predicts organisational effectiveness F(1, 15) = 0.76 .398 Not supported 

H6 Use frequency related to bias/fear χ²(1) = 0.05 .819 Not supported 

* Reframed as described in Table 3. "Not supported" means the null hypothesis could not be rejected in this small sample, not that no effect exists. 

Discussion 

One major result found out by this study was that people think artificial intelligence helps them to be more concise version of "the productivity composite 

score and beliefs about how much better it makes my work.". It is consistent with the general body of research on AI adoption, which shows that there 

are always improvements to productivity and efficiency due to its use and also supports the "mind-extension" theory where AI serves as an extension for 

humans' work. 

More ambiguous on this side of mind theory. Despite being frequent users of AI, four out of eight people said they are worried about bias or job loss; 

there is no correlation between their level of use and concern levels. Otherwise, knowledge of artificial intelligence does not eliminate worry; this aligns 

with a study finding outly, that trust hasn't caught up to technological advancements. Weakly negative correlation of usage rate to worry is not worth 

being read because it has no no no no significance. 

There were no results for any test of variability such as occupation groups, ages and frequencies;------, nor predictions like competencies levels, rates of 

use times saved. There are only 17 participants and groups of two or three, so this study has low statistical power; therefore, a non-significant result 

should be interpreted as "not detected," rather than "absent.". One exploratory finding showing a decrease in stress levels is an important predictor of 

agreement that AI enhances organizational efficiency, as it fits within our theoretical model where emotions lie between technology adoption and results 

to organizations' performance; also similar findings have been made by Singh et al. A bigger sample is needed for this claim to be valid. 

Implications for Practice 

In terms of ethics within a study like ours here, these results are relevant to 1. 

Employees are thought of like a partner to us. Productivity gains can be seen by involving users when choosing or setting up an AI tool selection should 

not include a monitoring system for them to use instead of having their own dashboard. 

Measure wellbeing alongside performance. Reduction of stress is an important aspect for organizational performance which should be considered 

considered avoidance fortunREADBYEuropeans' perception towards productivity measurement tools like artificial intelligence project evaluation criteria. 

Don't think usage decreases fear. There was concern of bias and job loss by frequent users; therefore we usus ) ))) Explain how an algorithm works to 

ensure accountability for decision-making processes where people may be affected negatively due to it being biased or leading them out of work through 

automation. 

Metrics of power rather than control. Share of performance reports to its staff members that describe them and use this information during discussions 

about improvement plans. 

Limitation of this paper; future research directions. 

This paper is limited by some factors. Firstly, there are few samples available (n=17) due to removing duplicates from this data set that reduces its 

statistical power; it also violates chi-square test and ANOVA assumptions while limiting generalization possibilities. Secondly, this data set consists 

mainly from young people who have less than one year of work experience for an entire career span. Thirdly, there was no objective pre/post productivity 

or engagement measurement for these studies so that H2 could not be tested while H1, H3 and H4 had to be operationalized indirectly. Fourthly, an 

occupational category is just another term used usedusedBYEuropeTHEHeySTEM. Fifth, the design is cross-sectional and cannot show causation. In 

conclusion, several studies were conducted without adjusting for Multiple Comparisons Correction. Future studies need to be conducted on a bigger and 

more representative sample size within certain industry sector; they must measure both before/after as well as over time for productivity levels and 
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employee satisfaction rates through an intervention study design while also testing mediational pathways between variables using structural equation 

modeling techniques such that departmental differences can be compared across nations. 

Conclusion 

The paper is about AI at work from an 'mind' perspective as well as a metric approach to it. While respondents saw some advantages to using or in, AI 

for improving efficiency at work but there was still concern over biases and job loss even though people were not very frequent users of them. There was 

no difference between occupations age level of use; however there are some trends among them but not much information about it so far on how to reduce 

stress effectively. While these findings may be, as as as well serve an explorative purpose; however, they support our main thesis which is about moving 

away from being solely metric-based towards focusing on employee satisfaction levels such as work-life balance issues among employees' health concerns 

like stress management programs for better mental wellness of workers through their job roles rather than just measuring output numbers without 

considering any other factors at all. 
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