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Abstract 
This research paper investigates the impact of Artificial Intelligence (AI)-Powered Electronic Monitoring (E-
Monitoring) systems on employee accountability within Higher Education Institutions (HEIs). Rapid 
technological advancements have introduced sophisticated surveillance tools, moving beyond traditional 
physical oversight to digital scrutiny of administrative, academic, and support staff. While proponents argue 
that AI-E-Monitoring fosters transparency, efficiency, and measurable accountability, critics raise concerns 
regarding privacy erosion, psychological stress, and potential algorithmic bias. This study aims to empirically 
analyze the relationship between the perceived effectiveness of AI-E-Monitoring implementation and three 
key dimensions of employee accountability: Task Completion Adherence (TCA), Ethical Compliance Behavior 
(ECB), and Organizational Citizenship Behavior (OCB). Utilizing a quantitative approach, data was collected 
from a sample of 450 HEI employees across various functional roles. The data was analyzed using both SPSS 
(for descriptive statistics, reliability, and regression analysis) and Partial Least Squares Structural Equation 
Modeling (PLS-SEM) via SmartPLS (for testing the complex research model and hypotheses). The findings 
reveal a significant positive impact of perceived effective AI-E-Monitoring on both TCA and ECB. However, a 
significant negative correlation was observed between AI-E-Monitoring and OCB, suggesting a detrimental 
effect on discretionary, helpful workplace behaviors. The developed AI-E-Monitoring Accountability Model 
(AI-EAM), grounded in Agency Theory and Social Exchange Theory, provides valuable insights for HEI 
leadership seeking to maximize accountability benefits while mitigating negative consequences, emphasizing 
the critical need for transparent policies, fair application, and a focus on procedural justice. 
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1. Introduction 
1.1 Background  
The higher education landscape is navigating a period of significant transformation characterized by digital 
disruption, demands for institutional efficiency, and increased scrutiny regarding resource allocation 
(Altbach & de Wit, 2023). As higher education institutions (HEIs) adopt blended learning models and 
digitalized administration, the functions of faculty and staff have become increasingly distributed and data-
dependent. Consequently, traditional supervisory frameworks are being replaced by more advanced 
technological interventions (Bedenlier et al., 2022). 
The Shift from Traditional to Digital Supervision 
Standard supervisory methods, which traditionally relied on direct observation and periodic performance 
reviews, often fail to capture the non-linear workflows of the modern academic environment. To address 
these gaps, HEIs are implementing AI-powered e-monitoring. This involves the systematic collection and 
analysis of digital footprints generated across institutional platforms. 
Key applications of these systems include: 

 Engagement Analytics: Tracking time spent within Learning Management Systems (LMS). 
 Workflow Transparency: Monitoring document version histories and collaborative digital outputs. 
 Compliance Oversight: Utilizing Natural Language Processing (NLP) to screen communications for 

policy violations (Vataman et al., 2024). 
The Role of Artificial Intelligence in Accountability 
The integration of Artificial Intelligence (AI) represents a paradigm shift in employee oversight. Unlike 
manual tracking, AI-driven systems leverage predictive analytics and anomaly detection to evaluate 
performance in real-time. By processing vast datasets, these tools can identify markers of high productivity 
or potential misconduct, offering a more standardized—albeit controversial—approach to institutional 
accountability (Sarker et al., 2023) 
1.2 Problem Statement 
While the potential for AI-E-Monitoring to enhance accountability—the obligation of an individual to 
account for their activities, accept responsibility for them, and disclose the results in a transparent manner 
(Schlenker, 1997)—is theoretically sound, the practical implementation within the unique con of HEIs 
presents complex challenges. HEI employees, particularly academic staff, traditionally operate under 
paradigms of academic freedom and professional autonomy, which may clash directly with pervasive 
surveillance (Metcalfe, 2018). 
The core problem addressed by this research is the lack of empirical evidence detailing the specific, multi-
faceted impact of AI-E-Monitoring on employee accountability in HEIs. Current research is polarized: one 
perspective emphasizes efficiency gains and misconduct deterrence (e.g., Agency Theory perspective), while 
the opposing view highlights negative psychological, ethical, and behavioral consequences, potentially 
leading to resentment, reduced morale, and a decline in discretionary behaviors vital for institutional health 
(e.g., Social Exchange Theory perspective). Specifically, it is unclear whether increased surveillance, despite 
improving compliance with basic tasks, simultaneously stifles the crucial, voluntary contributions 
(Organizational Citizenship Behaviors) that define a high-functioning academic environment. 
1.3 Research Objectives 
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The primary objective of this study is to analyze the relationship between the perceived effectiveness of AI-
Powered E-Monitoring systems and various dimensions of employee accountability within Higher Education 
Institutions. 
The specific objectives are: 

1. To conceptualize and measure the construct of AI-Powered E-Monitoring effectiveness within the 
HEI con, focusing on its features like transparency, fairness, and perceived utility. 

2. To empirically assess the impact of perceived effective AI-E-Monitoring on employee Task 
Completion Adherence (TCA). 

3. To empirically assess the impact of perceived effective AI-E-Monitoring on employee Ethical 
Compliance Behavior (ECB). 

4. To empirically assess the impact of perceived effective AI-E-Monitoring on Organizational 
Citizenship Behavior (OCB). 

5. To develop and validate a comprehensive structural model—the AI-E-Monitoring Accountability 
Model (AI-EAM)—that explains the interplay between these constructs. 

6. To provide evidence-based recommendations for HEI leaders and policymakers on designing and 
implementing AI-E-Monitoring systems ethically and effectively. 

1.4 Research Questions 
The study seeks to answer the following research questions: 

1. What are the perceptions of HEI employees regarding the effectiveness of AI-Powered E-Monitoring 
systems currently in place? 

2. To what extent does the perceived effectiveness of AI-E-Monitoring systems influence employee 
Task Completion Adherence (TCA)? 

3. How does the perceived effectiveness of AI-E-Monitoring systems influence employee Ethical 
Compliance Behavior (ECB)? 

4. Is there a significant relationship (positive or negative) between the perceived effectiveness of AI-E-
Monitoring systems and Organizational Citizenship Behavior (OCB)? 

1.5 Significance of the Study 
This research contributes significantly to both theoretical understanding and practical management within 
the HE sector: 

 Theoretical Contribution: By integrating Agency Theory (focusing on accountability and performance 
alignment) and Social Exchange Theory (focusing on reciprocal relationships and discretionary 
behavior), the study offers a nuanced model that accounts for both the disciplinary and the relational 
consequences of surveillance technology. The proposed AI-EAM model helps reconcile conflicting 
theoretical predictions regarding monitoring effects. 

 Empirical Contribution: This is one of the first large-scale quantitative studies specifically focusing 
on the advanced, AI-driven form of e-monitoring within the sensitive con of HEIs, providing robust, 
statistical evidence using advanced PLS-SEM techniques. 

 Practical Contribution: The findings offer HEI administrators concrete data on which accountability 
dimensions are enhanced (TCA, ECB) and which are potentially jeopardized (OCB) by AI-E-
Monitoring. This information is crucial for formulating balanced monitoring policies that preserve 
employee morale and intrinsic motivation while ensuring institutional compliance and efficiency, 
aligning with best practices advocated by HEC and international research bodies. 

1.6 Structure of the Paper 



 

Vol. 05 No. 01. Jan-March 2026  Advance Social Science Archive Journal 

1246 | P a g e  
 

The remainder of this paper is structured as follows: Section 2 reviews the relevant literature, conceptualizes 
the key constructs, and develops the research hypotheses. Section 3 details the methodology, including the 
research design, sample selection, data collection, and statistical analysis techniques (SPSS and PLS-SEM). 
Section 4 presents the results of the data analysis, including descriptive statistics, measurement model 
assessment, and structural model testing. Section 5 discusses the findings in relation to existing theory and 
practice. Finally, Section 6 concludes the study, outlines limitations, and suggests directions for future 
research. 
2. Literature Review and Hypotheses Development 
2.1 Theoretical Foundations 
2.1.1 Agency Theory and Accountability 
Agency Theory posits a relationship between a principal (e.g., HEI administration) and an agent (e.g., an 
employee), where the agent acts on behalf of the principal (Jensen & Meckling, 1976). A central problem is 
'information asymmetry' and 'moral hazard,' where the agent may prioritize self-interest over the principal’s 
goals. Monitoring is a key mechanism for the principal to align the agent's behavior with organizational 
objectives, thus ensuring accountability. AI-E-Monitoring systems are the modern, technologically advanced 
tools for reducing information asymmetry, directly measuring the agent's effort (TCA) and discouraging 
opportunistic behavior (ECB). 
2.1.2 Social Exchange Theory (SET) and Discretionary Behavior 
In contrast, SET focuses on the reciprocal relationship between an organization and its employees (Blau, 
1964). Fair treatment, trust, and perceived organizational support (POS) lead to positive reciprocal 
behaviors, such as increased effort and Organizational Citizenship Behavior (OCB). Overly intrusive or unfair 
monitoring can be perceived as a violation of the social contract, signaling a lack of trust. This breach can 
negatively impact POS, leading to psychological contract violations and a reduction in discretionary 
behaviors, as employees restrict their efforts strictly to required tasks. 
This study uses both theories to predict a mixed effect: AI-E-Monitoring may satisfy the principal’s need for 
accountability (Agency Theory) but simultaneously damage the employee-employer relationship, inhibiting 
OCB (SET). 
2.2 Conceptualizing Key Constructs 
2.2.1 AI-Powered E-Monitoring Effectiveness (AI-EME) 
AI-E-Monitoring is defined as the real-time, automated collection and algorithmic analysis of employee 
digital data to measure performance, compliance, and time utilization. Its effectiveness (AI-EME) is not 
measured by mere presence, but by employee perception of its functionality. Key sub-dimensions of 
perceived effectiveness include: 

 System Transparency: The clarity and openness regarding what data is collected and how it is used. 
 Perceived Fairness: The belief that monitoring is applied uniformly and results are used justly 

(procedural justice). 
 Perceived Utility: The extent to which employees believe the system helps them or the organization 

improve performance and efficiency. 
2.2.2 Employee Accountability 
In the HEI con, accountability is multidimensional (Mulgan, 2000). This study focuses on three critical 
behavioral outputs: 
a) Task Completion Adherence (TCA): The degree to which employees consistently meet their mandated 
job requirements, timelines, and quantitative output metrics (e.g., submission deadlines, teaching hours 
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logged, administrative case closures). This aligns primarily with the instrumental outcomes sought by agency 
theory. 
b) Ethical Compliance Behavior (ECB): The adherence to organizational, professional, and legal ethical 
standards, including anti-plagiarism, data privacy protocols, conflict of interest avoidance, and responsible 
resource use. AI-E-Monitoring is particularly effective at detecting and deterring non-compliant digital 
footprints. 
c) Organizational Citizenship Behavior (OCB): Voluntary, discretionary behaviors that are not formally part 
of the employee's job description but promote the effective functioning of the organization (Organ, 1988). 
Examples include helping colleagues, attending voluntary events, and offering constructive suggestions. This 
behavior is highly sensitive to the social exchange quality. 
2.3 Hypotheses Development 
2.3.1 AI-EME and Task Completion Adherence (TCA) 
According to Agency Theory, monitoring reduces information asymmetry and incentivizes effort. AI-E-
Monitoring, with its continuous tracking and instant reporting capabilities, makes shirking difficult. 
Employees aware of being constantly measured are more likely to prioritize and adhere strictly to defined 
tasks to avoid immediate detection of non-adherence. 

 Hypothesis 1 (H1): Perceived effective AI-Powered E-Monitoring (AI-EME) has a significant positive 
impact on employee Task Completion Adherence (TCA). 

2.3.2 AI-EME and Ethical Compliance Behavior (ECB) 
AI monitoring systems are often explicitly designed to flag suspicious activities indicative of misconduct, such 
as unauthorized data access, unusual file transfers, or inappropriate communications (e.g., using NLP). The 
deterrence effect is powerful: the perceived risk of being caught by an objective, omnipresent AI system 
encourages adherence to ethical and compliance protocols. 

 Hypothesis 2 (H2): Perceived effective AI-Powered E-Monitoring (AI-EME) has a significant positive 
impact on employee Ethical Compliance Behavior (ECB). 

2.3.3 AI-EME and Organizational Citizenship Behavior (OCB) 
The relationship between monitoring and OCB is generally predicted to be negative, particularly under SET. 
When employees perceive monitoring as intrusive, unfair, or indicative of a lack of trust, it damages the 
psychological contract. This often leads to a defensive posture ("work-to-rule"), where employees strictly 
limit their activities to those that are monitored and required, withdrawing discretionary OCBs. The highly 
intrusive nature of AI-E-Monitoring, even if perceived as transparent, may still erode the sense of autonomy 
necessary for voluntary, citizenship behaviors. 

 Hypothesis 3 (H3): Perceived effective AI-Powered E-Monitoring (AI-EME) has a significant negative 
impact on Organizational Citizenship Behavior (OCB). 
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2.4 Research Model 
The proposed research model (AI-EAM) visually integrates the hypothesized relationships. 
 

 
3. Methodology 
3.1 Research Design 
This study employed a quantitative, cross-sectional survey design. The quantitative approach was chosen to 
establish statistical relationships and test causal hypotheses using structural equation modeling. A survey 
method was appropriate for gathering perceptual data from a large and geographically dispersed population 
(HEI employees). 
3.2 Population and Sampling 
3.2.1 Population 
The target population consisted of full-time administrative, academic, and support staff employed in both 
public and private Higher Education Institutions (HEIs) recognized by the Higher Education Commission 
(HEC) of Pakistan, where formal AI-E-Monitoring systems (including advanced LMS tracking, automated 
email/communication analysis, and remote desktop surveillance) are known to be implemented. 
3.2.2 Sample Size and Procedure 
A non-probability sampling technique, specifically stratified purposive sampling, was used to ensure 
representation across different HEI types and employee categories (Faculty, Administration, Support Staff). 
Based on recommendations for PLS-SEM (Hair et al., 2017), a minimum sample size was calculated, targeting 

Perceived Effective AI Powered E-
Monitoring 



 

Vol. 05 No. 01. Jan-March 2026  Advance Social Science Archive Journal 

1249 | P a g e  
 

a medium effect size (f² = 0.15) with a statistical power of 0.80 and five predictors, yielding a required 
minimum of approximately 146 responses. 
To ensure high statistical power and account for non-response bias, a target of 600 surveys was distributed. 
A total of 512 responses were received, resulting in an 85.3% response rate. After screening for incomplete 
or straight-lined responses, the final effective sample size was N = 450. 
3.3 Data Collection Instrument 
A self-administered, structured questionnaire was developed using established, validated scales, adapted to 
the HEI con and the specifics of AI-E-Monitoring. All items were measured on a 7-point Likert scale (1 = 
Strongly Disagree to 7 = Strongly Agree). 
3.3.1 Measurement Scales 

Construct Source/Adaptation Number 
of Items 

Sample Item 

AI-EME Adapted from Rynes et al. (2012) and 
Daugherty & Wilson (2018) for monitoring 
transparency, fairness, and utility. 

8 "The AI monitoring system clearly 
informs me about what data is 
being collected." 

TCA Adapted from performance adherence 
metrics (e.g., Williams & Anderson, 1991). 

5 "I consistently meet deadlines set 
for my responsibilities." 

ECB Adapted from ethical climate scales and 
compliance behavior literature (e.g., Treviño 
et al., 1998). 

6 "I strictly follow institutional 
policies regarding data privacy 
and resource use." 

OCB Adapted from Organ (1988) and Podsakoff et 
al. (1990) OCB-I and OCB-O scales. 

8 "I voluntarily assist my colleagues 
with heavy workloads even when 
not asked." 

3.3.3 Pilot Testing and Reliability 
A pilot study was conducted with 30 HEI employees to assess clarity and comprehensibility. Minor linguistic 
adjustments were made. The initial reliability analysis (Cronbach's Alpha) confirmed the internal consistency 
of all scales (all initial Alphas > 0.80). 
3.4 Data Analysis Techniques 
The data analysis proceeded in two stages using advanced statistical software, following best practices for 
high-quality research: 
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3.4.1 Stage 1: Descriptive and Preliminary Analysis (SPSS) 
The Statistical Package for the Social Sciences (SPSS, Version 26) was used for: 

1. Data cleaning and screening. 
2. Descriptive statistics (means, standard deviations) for demographic variables and constructs. 
3. Assessment of non-response bias and common method variance (CMV) using Harman's single-factor 

test. 
4. Initial reliability testing (Cronbach's Alpha). 

3.4.2 Stage 2: Structural Equation Modeling (PLS-SEM via SmartPLS) 
Partial Least Squares Structural Equation Modeling (PLS-SEM) using SmartPLS (Version 4) was employed to 
test the proposed AI-EAM model. PLS-SEM is highly suitable for complex models in social sciences, 
particularly when the goal is prediction and theory development, and it handles non-normal data well (Hair 
et al., 2017). The analysis followed a two-step approach: 

1. Assessment of the Measurement Model (Outer Model): Evaluating reliability (Composite Reliability 
- CR, Cronbach's Alpha) and validity (Convergent Validity - Average Variance Extracted, AVE; 
Discriminant Validity - Fornell-Larcker Criterion and Heterotrait-Monotrait Ratio, HTMT). 

2. Assessment of the Structural Model (Inner Model): Testing the hypothesized paths (H1, H2, H3) 
using R-square (\{R}^2), path coefficients (Beta \beta), t-statistics, and p-values generated through 
bootstrapping (5,000 resamples). Evaluation of predictive relevance (Q^2). 

4. Results and Data Analysis 
4.1 Demographic Profile 
The final sample (N=450) was broadly representative of the HEI employee population. 
Table 4.1: Demographic Profile of Respondents (N=450) 

Characteristic Category Frequency (n) Percentage (%) 

Gender Male 240 53.3 

 Female 210 46.7 

Role Academic Faculty 195 43.3 

 Administrative Staff 170 37.8 

 Support/Technical Staff 85 18.9 

Institution Type Public University 260 57.8 

 Private University 190 42.2 

Experience (Years) < 5 115 25.6 

 5 to 10 210 46.7 

 > 10 125 27.8 

4.2 Descriptive Statistics and Initial Reliability (SPSS Analysis) 
Table 4.2 presents the descriptive statistics and initial reliability measures for the study constructs. 
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Table 4.2: Descriptive Statistics and Cronbach's Alpha 
 

Construct Mean (M) Std. Deviation (SD) Skewness Kurtosis Cronbach's Alpha (\alpha) 

AI-EME 4.85 1.15 -0.32 -0.45 0.887 

TCA 5.61 0.98 -0.91 0.52 0.852 

ECB 5.40 1.05 -0.78 0.35 0.901 

OCB 4.12 1.30 0.15 -0.68 0.865 

 
Interpretation: 
The high Cronbach's Alpha values (all > 0.85) confirm excellent internal consistency reliability. The mean 
scores suggest that employees perceive the AI-E-Monitoring system as moderately effective (AI-EME 
M=4.85). Accountability dimensions show relatively high scores for mandated behaviors (TCA M=5.61; ECB 
M=5.40), but notably lower scores for discretionary behavior (OCB M=4.12), hinting at the predicted mixed 
impact. 
4.3 Common Method Variance (CMV) 
Harman’s single-factor test was performed on the unrotated factor analysis. The results showed that the 
first factor accounted for only 28.5% of the total variance, which is below the threshold of 50%. This suggests 
that Common Method Variance is not a severe issue in this study. 
4.4 Measurement Model Assessment (PLS-SEM) 
The reliability and validity of the measurement model were assessed using SmartPLS. 
4.4.1 Convergent Validity and Reliability 
Table 4.3: Reliability and Convergent Validity Assessment 
 

Construct Items Outer Loadings (\lambda) CR AVE 

AI-EME 8 0.751 – 0.889 0.925 0.644 

TCA 5 0.772 – 0.901 0.904 0.655 

ECB 6 0.795 – 0.892 0.929 0.686 

OCB 8 0.788 – 0.875 0.931 0.638 

Interpretation: 
All outer loadings (\lambda) are above the recommended threshold of 0.70. Composite Reliability (CR) 
values (all > 0.90) indicate high internal consistency reliability. Average Variance Extracted (AVE) values (all 
> 0.50) confirm adequate convergent validity, meaning that the measures accurately capture the variance 
of the intended constructs. 
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4.4.2 Discriminant Validity 
Discriminant validity ensures that a construct is empirically distinct from other constructs in the model. Both 
the Fornell-Larcker Criterion and the Heterotrait-Monotrait Ratio (HTMT) were examined. 
 
Table 4.4: Discriminant Validity (Fornell-Larcker Criterion) 

Construct AI-EME TCA ECB OCB 

AI-EME 0.802    

TCA 0.589 0.809   

ECB 0.654 0.681 0.828  

OCB -0.412 -0.325 -0.380 0.799 

Note: Bold diagonal values are the square root of AVE. 
Interpretation: 
In Table 4.4, the square root of the AVE (diagonal) for each construct is greater than its correlation 
coefficients with all other constructs (off-diagonal values in the respective column/row). This confirms 
discriminant validity according to the Fornell-Larcker criterion. 
Additionally, the HTMT values were all below the conservative threshold of 0.85 (maximum HTMT was 0.793 
between TCA and ECB), further confirming the distinctiveness of the constructs. 
4.5 Structural Model Assessment and Hypotheses Testing (PLS-SEM) 
The structural model was assessed using the path coefficients beta, T-statistics, P-values from the 
bootstrapping procedure, and R^2 values to determine the explanatory power of the model. 
4.5.1 Coefficient of Determination R^2 and Predictive Relevance (Q^2) 
Table 4.5: R}^2 and Predictive Relevance (Q^2) 

Endogenous Construct R^2 R^2 Adjusted Q^2 

TCA 0.347 0.345 0.201 

ECB 0.428 0.426 0.257 

OCB 0.169 0.167 0.089 

Interpretation: 
The R^2 values indicate that AI-EME explains a substantial amount of variance in Ethical Compliance 
Behavior (42.8%) and Task Completion Adherence (34.7%). It explains a moderate amount of variance in 
Organizational Citizenship Behavior (16.9%). The Q^2 values are all positive (all > 0), confirming the model's 
acceptable predictive relevance. 
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4.5.2 Path Analysis and Hypotheses Testing 
Table 4.6: Structural Model Path Analysis and Hypotheses Testing 

Hypothesis Path Path Coefficient 
(beta) 

Standard Error 
(SE) 

T-
Statistic 

P-Value Decision 

H1 AI-EME –TCA 0.589 0.041 14.366 0.000*** Supported 

H2 AI-EME—
ECB 

0.654 0.038 17.210 0.000*** Supported 

H3 AI-EME—
OCB 

-0.412 0.057 7.228 0.000*** Supported 

Significance level: *** p < 0.001 
Interpretation: 
H1: Impact on Task Completion Adherence (TCA) 
Result: Supported The perceived effectiveness of AI-E-Monitoring exerts a strong, positive, and highly 
significant influence on TCA (). This finding aligns with Agency Theory, suggesting that AI monitoring 
successfully aligns employee effort with organizational goals by reducing shirking. 
H2: Impact on Ethical Compliance Behavior (ECB) 
Result: Supported Effectiveness in AI-E-Monitoring demonstrated its strongest positive impact on ECB (). 
This underscores the system’s critical role as a powerful deterrent and enforcement mechanism, ensuring 
employees adhere to ethical standards and organizational protocols. 
H3: Impact on Organizational Citizenship Behavior (OCB) 
Result: Supported Crucially, AI-E-Monitoring effectiveness has a significant negative impact on OCB (). This 
inverse relationship supports Social Exchange Theory; it suggests that while surveillance ensures "by-the-
book" performance, it simultaneously erodes the social bond and trust required for employees to engage in 
voluntary, "extra-mile" behaviors. 
4.6 Research Model Figure with Results 
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Figure 4.1: Final AI-E-Monitoring Accountability Model (AI-EAM) with PLS-SEM ResultsThe model 

illustrates the dual effect: 

 

Caption for Figure 4.1: Structural Model Results of the AI-E-Monitoring Accountability Model (AI-EAM). Path 
coefficients (beta represent the strength of the relationship. {R}^2 values show the variance explained in the 
endogenous variables. All shown paths are significant at p < 0.001. 
5. Discussion 
5.1 Reconciliation of Theoretical Perspectives 
The results of this study offer a critical, empirically-validated reconciliation between Agency Theory and 
Social Exchange Theory in the con of AI-E-Monitoring within HEIs. 
5.1.1 The Enforcement and Deterrence Effect (Agency Theory) 
The robust positive relationships confirmed in H1 and H2 ( and , respectively) provide strong empirical 
support for agency theory. When HEI employees perceive the AI-E-Monitoring system as effective, fair, and 
transparent, the "agency gap" closes, leading to two distinct behavioral improvements: 
1. Enhanced Task Completion Adherence (TCA) 
Continuous and objective AI measurement effectively mitigates moral hazard by removing the opportunity 
for "shirking." In an HEI con, this translates to: 

 Higher rates of completion for administrative and pedagogical tasks. 
 Stricter adherence to quantifiable metrics, such as grading deadlines or responding to student 

inquiries. 
 Reduced variance in performance across departments due to standardized digital oversight. 

2. Strengthened Ethical Compliance Behavior (ECB) 
AI-E-Monitoring serves as a powerful deterrent against ethical breaches. By creating a transparent and 
inescapable "digital footprint," the system compels employees to maintain high standards of integrity. This 
is critical in HEIs for: 

 Academic Integrity: Ensuring faculty and staff adhere to research and teaching protocols. 
 Data Security: Protecting sensitive student data and intellectual property from unauthorized access 

or mishandling. 
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 Regulatory Compliance: Meeting the stringent legal and ethical requirements unique to the 
education sector. 

5.1.2 The Erosion of Discretionary Behavior (Social Exchange Theory) 
Theoretical Implications: Social Exchange Theory (SET) 
The significant negative relationship found in H3 () serves as a critical warning. It indicates that while AI 
monitoring drives efficiency, it simultaneously damages the psychological contract between the institution 
and its staff. 
The Erosion of Discretionary Effort 
According to Social Exchange Theory (SET), employees provide "extra-role" behaviors (OCBs) based on a 
sense of mutual trust and reciprocity. The introduction of pervasive AI surveillance—even when 
transparent—is often interpreted as a signal of institutional distrust. 
In the Higher Education (HEI) con, this leads to a withdrawal from vital, non-mandated activities: 

 Mentorship: Reduced willingness to invest time in developing junior colleagues. 
 Institutional Service: Declining participation in committees or university governance. 
 Pedagogical Innovation: A "play it safe" mentality where faculty stick to monitored rubrics rather 

than experimenting with new teaching methods. 
The "Crowding-Out" Effect 
The data suggests that a focus on measurable outputs (TCA and ECB) effectively "crowds out" the spirit of 
citizenship. This creates a shift from a relational workplace to a transactional one: 

 Fulfillment of the Letter: Employees meet all quantifiable KPIs to avoid AI-triggered flags. 
 Withdrawal of the Spirit: Employees cease "voluntary" contributions that aren't captured by the 

algorithm. 
5.2 Implications for Higher Education Institutions (HEIs) 
This research provides several evidence-based implications for HEI policy-makers, aligning with HEC's focus 
on quality assurance and governance: 

1. AI-E-Monitoring is an Effective Tool for Compliance: HEIs can confidently utilize AI-E-Monitoring to 
enforce mandatory tasks and ethical protocols. It is a powerful mechanism for improving institutional 
governance, resource management accountability, and data security compliance. 

2. Mitigating the OCB Cost: To counter the negative impact on OCB, HEIs must implement monitoring 
policies that prioritize procedural justice and perceived organizational support (POS): 

o Transparency and Participation: Involve employees (especially faculty) in the design and 
auditing of AI monitoring metrics. Clearly define what is monitored and why. 

o Focus on Outcomes, Not Only Input: Shift the reporting focus from mere time spent (input 
monitoring) to value generated (outcome monitoring), particularly for academic roles, 
preserving professional autonomy. 

o Balancing Trust with Technology: Explicitly reinforce mechanisms of trust and recognition for 
OCBs that are not monitored, using non-digital, relational methods of support and reward. 

3. Policy Development: HEI policies must distinguish between different roles. Faculty roles, which 
require high levels of creativity and discretionary effort (OCB), need less intrusive monitoring than 
purely administrative or compliance roles. A one-size-fits-all approach is demonstrably detrimental 
to institutional citizenship. 

5.3 Comparison with Existing Literature 
The study aligns with existing management literature that finds a positive link between monitoring and 
objective task performance (Wood et al., 2018). However, it strongly supports the arguments of researchers 
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like Metcalfe (2018) who highlight the distinct negative psychological response to surveillance in 
professional settings, particularly the withdrawal of extra-role behaviors. By confirming that high perceived 
effectiveness of the system still correlates negatively with OCB, this research deepens the understanding 
that the act of surveillance itself, rather than just its poor implementation, fundamentally alters the 
employee-employer relationship. 
6. Conclusion, Limitations, and Future Research 
6.1 Conclusion 
This research successfully analyzed the multi-faceted impact of perceived effective AI-Powered E-
Monitoring on employee accountability within Higher Education Institutions, leading to the development 
and validation of the AI-E-Monitoring Accountability Model (AI-EAM). 
The findings confirm a dual effect: AI-E-Monitoring acts as a highly effective mechanism for strengthening 
Task Completion Adherence and Ethical Compliance Behavior (supporting Agency Theory). However, this 
benefit comes at a significant cost, manifesting as a substantial reduction in voluntary Organizational 
Citizenship Behavior (supporting Social Exchange Theory). 
For HEIs navigating the digital transformation, the challenge is not whether to monitor, but how to monitor. 
The research provides clear evidence that effective governance requires maximizing the accountability gains 
through transparent and fair AI systems, while simultaneously implementing human-centric policies to 
rebuild trust and foster the essential, discretionary OCBs that surveillance undermines. 
6.2 Limitations 

1. Cross-Sectional Design: The study utilized a cross-sectional design, which limits the ability to infer 
strict causality. A longitudinal study could track the changes in OCB before and after AI-E-Monitoring 
implementation. 

2. Self-Reported Data: Data for TCA, ECB, and OCB relies on employee self-reports, which may be 
subject to social desirability bias, despite the confidentiality assurances. Future research could 
incorporate objective measures of TCA and OCB (e.g., manager ratings). 

3. HEI Con Specificity: While strengthening the relevance for HEIs, the findings may not be fully 
generalizable to non-professional, industrial, or highly transactional work environments. 

6.3 Recommendations for Future Research 
1. Moderating Role of Trust and Justice: Future studies should investigate the moderating effects of 

perceived organizational justice (distributive and informational) and employee trust in management 
on the negative AI-EME \rightarrow OCB relationship. High justice might mitigate the negative effect. 

2. Longitudinal Study: Conduct a longitudinal study to observe the dynamic changes in accountability 
behaviors over time following the introduction of AI-E-Monitoring, assessing potential habituation 
or long-term fatigue effects. 

3. Qualitative Exploration: Employ qualitative methods (interviews/focus groups) to deeply explore the 
psychological mechanisms (e.g., feelings of stress, autonomy loss, or fairness) that underpin the 
negative correlation between monitoring and OCB, providing richer con to the quantitative findings. 

4. Mediating Role of Psychological Contract: Investigate if the relationship between AI-EME and OCB 
is mediated by psychological contract violation. 
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