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Abstract   
The rapid expansion of India's gig economy has accelerated the adoption of algorithmic management (AM), where artificial intelligence 
increasingly performs functions traditionally carried out by human supervisors. Although recent labour reforms, including the Social 
Security Code (2025), have expanded welfare provisions for gig workers, these measures continue to rely largely on post-employment 
protection and offer limited safeguards against the psychological consequences of AI-enabled workplace monitoring. As digital labour 
platforms become more dependent on automated decision-making, concerns surrounding transparency, continuous surveillance, and 
unexplained account deactivations have become increasingly prominent. 
This study examines the Algorithmic Anxiety Trap, a condition in which opaque algorithmic systems and uncompensated digital labour 
contribute to sustained psychological distress among gig workers. Using a mixed-methods research design, the study investigates how 
platform governance influences worker well-being. The quantitative phase employs multiple linear regression analysis based on data 
collected from 100 respondents to examine the influence of Algorithmic Transparency and the Wage Gap Ratio, defined as the proportion 
of unpaid online waiting time relative to compensated working time. The qualitative phase complements these findings through Natural 
Language Processing (NLP)-based sentiment analysis of narrative responses from ten participants, enabling a deeper exploration of 
workers' emotional experiences and technology-related concerns. 
The regression model demonstrates strong explanatory power (R2=0.823, p<0.001). Algorithmic Transparency is negatively associated with 
anxiety (β1=-0.62), indicating that greater transparency reduces psychological distress. In contrast, the Wage Gap Ratio emerges as the 
strongest predictor of anxiety (β2=2.00), suggesting that uncompensated periods of platform availability impose a substantial emotional 
burden on workers. The sentiment analysis reinforces these quantitative findings, producing a mean polarity score of −0.45 and revealing 
persistent concerns regarding automated grievance mechanisms, limited human intervention, and the anticipated impact of warehouse 
automation on future employment. 
Taken together, the findings suggest that the psychological consequences of algorithmic management are shaped not only by technological 
opacity but also by the structural conditions under which platform work is organized. In particular, prolonged periods of unpaid availability 
appear to generate greater distress than algorithmic decision-making alone. The study therefore proposes a structural regulatory 
framework that incorporates availability pay into minimum wage calculations, establishes a legally enforceable right to human review of 
algorithmic decisions, and creates an Automation Transition Fund to support workers affected by technological displacement. These 
measures would strengthen labour protection while supporting a more equitable transition towards an AI-enabled economy. 
 
Keywords: Gig Workers; Artificial Intelligence; Algorithmic Management; Algorithmic Anxiety; Future of Work; Labour Policy; Mixed 
Methods; Sentiment Analysis. 

 

1.  Introduction   

India's labour market has undergone a rapid digital transformation over the past decade, with platform-based 
employment emerging as a major source of income for millions of workers. Digital platforms operating in food 
delivery, ride-hailing, logistics, and other on-demand services have expanded under the promise of greater 
flexibility and entrepreneurial opportunity. In practice, however, these platforms have redefined the traditional 
employer-employee relationship by replacing direct managerial supervision with algorithmic systems that allocate 
work, monitor performance, and evaluate workers through automated decision-making processes. 
This shift has drawn increasing attention to algorithmic management, where data-driven technologies regulate 
labour with limited human intervention (Jarrahi & Sutherland, 2019). Within such systems, workers often have 
little understanding of how assignments are generated, performance is assessed, or penalties are imposed. As a 
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result, algorithmic management extends beyond a technological innovation and becomes an organizational 
mechanism capable of shaping both working conditions and worker well-being. The resulting uncertainty has 
contributed to what this study conceptualizes as algorithmic anxiety, a condition arising from continuous digital 
surveillance, opaque decision-making processes, and limited opportunities to challenge automated outcomes. 
The broader literature has extensively examined issues of algorithmic opacity and information asymmetry in digital 
platforms (Pasquale, 2015). Nevertheless, much of this evidence is derived from advanced economies, leaving 
comparatively limited empirical attention to the experiences of workers in the Global South. This distinction is 
particularly important in India, where participation in the gig economy is frequently driven by economic necessity 
rather than occupational preference. Under these conditions, platform algorithms function as an ever-present but 
largely invisible form of managerial authority, shaping workers' daily decisions, income stability, and employment 
security (Wood et al., 2019). 
The present study argues that an important disconnect exists between existing labour regulations and the lived 
experiences of gig workers. Recent policy initiatives, including the Code on Social Security, 2020 and the e-Shram 
portal, have expanded access to welfare measures such as insurance and social protection. While these initiatives 
represent important policy advances, they primarily address risks that arise after work has been completed. 
Comparatively less attention has been given to the structural conditions experienced during active platform work, 
where workers remain logged into digital platforms for extended periods without guaranteed earnings. 
A central concern examined in this study is the notion of an Availability Tax, referring to uncompensated waiting 
time during which workers remain continuously available for task allocation. Although these periods generate no 
direct income, they often require sustained attention, physical readiness, and constant engagement with platform 
applications. Over time, this mismatch between availability and compensation may become a significant source of 
psychological stress, particularly when combined with uncertain algorithmic evaluations and fluctuating demand 
(Chen et al., 2019; NITI Aayog, 2022). 
Against this background, the study develops an integrated framework that combines quantitative regression 
analysis with qualitative sentiment analysis to examine the relationship between algorithmic management and 
worker well-being. By linking measurable indicators of platform governance with workers' lived experiences, the 
research seeks to identify whether current welfare policies adequately address the structural pressures embedded 
within India's platform economy. The findings are expected to contribute to the growing debate on digital labour 
governance by informing policy measures that recognize not only formal employment protections but also the 
largely invisible forms of labour associated with AI-enabled platform work. 
 

2. Literature review   

2.1 Understanding the Gig Economy and a movement toward A.I. Management   
The gig economy has emerged as a technology-enabled labour market that connects workers, digital platforms, and 
clients through algorithm-driven systems, creating a two-sided marketplace where labour supply and demand are 
matched in real time (Răzvan Hoinaru, 2025). Its rapid expansion has positioned it as one of the fastest-growing 
sectors globally, with the market projected to increase from USD 556.7 billion in 2024 to USD 1,847 billion by 2032, 
accounting for approximately 12.5% of the global workforce or nearly 435 million workers (Alauddin et al., 2024; 
2022). 
A defining feature of this transformation is algorithmic management, where artificial intelligence increasingly 
performs managerial functions such as worker recruitment, task allocation, performance monitoring, 
compensation decisions, and disciplinary actions (C. Bunzel et al., 2022). Unlike traditional management, which 
relies on human judgement and supervision, algorithmic management operates through continuous data collection 
and predictive models that influence worker behaviour and organisational efficiency (Jialiang Pei, Shanshi Liu, Xun 
Cui et al., 2023). 
Digital labour platforms, including Uber, TaskRabbit, and Upwork, further reinforce algorithmic control by 
integrating customer ratings into automated evaluation systems that determine worker visibility, incentive 
eligibility, and future work opportunities (Leung, 2014; Pallais, 2014; Maffie, 2020). Consequently, decisions 
relating to task allocation, performance assessment, and disciplinary measures are increasingly governed by 
algorithms rather than direct managerial oversight (Atieh Razavi Yekta, 2024). While these systems improve 
operational efficiency, they also raise important concerns regarding transparency, accountability, and worker 
autonomy. 
 
2.2 The “Human Sensor” Phenomenon   
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From a Marxian perspective, the increasing reliance on algorithmic systems extends the concepts of labour 
alienation and dehumanization into the digital economy. As managerial functions are delegated to algorithms, 
workers increasingly interact with automated systems rather than human supervisors, reducing opportunities for 
autonomy, communication, and meaningful workplace engagement (Cameron & Rahman, 2022; Jarrahi et al., 2021; 
Möhlmann & Zalmanson, 2017). This model of management reinforces precarious employment by treating labour 
as a flexible and on-demand resource that can be continuously adjusted to fluctuations in market demand (Chan, 
2022; Duggan et al., 2020; Schildt, 2022; Zanoni & Miszczyński, 2024). 
Within platform work, algorithmic management often prioritizes efficiency over worker well-being. Digital 
platforms monitor performance continuously, allocate tasks automatically, and may impose penalties or account 
deactivations with minimal human oversight (The Gig Trap, 2025). Such practices contribute to growing concerns 
regarding fairness, transparency, and psychological well-being, particularly when workers have limited 
opportunities to question automated decisions. 
These challenges are especially relevant in India, where approximately 40% of gig workers earn below ₹15,000 per 
month, while concerns about technological displacement through artificial intelligence (AI) and machine learning 
(ML) continue to grow (The Economic Survey, 2026). Workers frequently report uncertainty regarding changing 
incentive structures, customer ratings, and algorithmic penalties. One service provider described how customer 
ratings directly affected bonuses despite factors beyond the worker's control, highlighting the absence of effective 
grievance mechanisms (Virender Kumar Negi & Prachi Sharma, IJFMR, 2025). 
This study conceptualizes these experiences as algorithmic anxiety, a multidimensional form of distress arising 
from opaque platform governance, economic insecurity, and uncertainty about future employment (Dang & Liu, 
2025; Kinowska & Sienkiewicz, 2023; Soulami et al., 2024). Three interrelated dimensions emerge from the 
literature: unpaid digital labour, reflected in prolonged online availability without compensation; information 
asymmetry, resulting from opaque or "black-box" decision-making; and the "shadow boss" effect, where algorithms 
continuously monitor, evaluate, and discipline workers through automated ratings and performance metrics 
(Virender Kumar Negi & Prachi Sharma, IJFMR, 2025; Humans Right Watch, 2025). 
Together, these structural features suggest that algorithmic management extends beyond technological innovation. 
It reshapes employment relationships by increasing worker dependence on automated systems while 
simultaneously limiting transparency, accountability, and opportunities for meaningful human intervention. 
 
2.3 The policy evaluation for the Gig Workers in India   
India's gig workforce is projected to reach 23.5 million workers by 2029–30, highlighting the growing importance 
of platform labour within the country's employment landscape (NITI Aayog Report, 2022). Recognizing this shift, 
recent policy initiatives have sought to extend social protection to gig and platform workers. The Code on Social 
Security, 2020 formally recognizes this workforce and provides for benefits such as life and disability insurance, 
health and maternity benefits, pensions, accident insurance, crèche facilities, and the creation of a Social Security 
Fund financed by aggregators. The e-Shram portal further facilitates the delivery of these benefits through Aadhaar-
linked worker registration (Press Information Bureau, 2026). In addition, platform workers have been included 
under the Minimum Wage framework, while states such as Rajasthan and Karnataka have introduced dedicated 
legislation to strengthen welfare provisions through the Rajasthan Platform-Based Gig Workers (Registration and 
Welfare) Act, 2023 and the Karnataka Platform-based Gig Workers (Social Security and Welfare) Bill, 2024. 
Despite these policy developments, important gaps remain between legislative intent and the everyday experiences 
of gig workers. The PAIGAM & IFAT Report (2024), Prisoners on Wheels: Working and Living Conditions of App-
based Workers in India, reports that 80% of workers spend more than ten hours online each day, over 99% 
experience physical or mental health concerns, more than half report workplace violence or harassment, and 
average monthly earnings remain close to ₹10,000 for delivery workers and ₹15,000 for cab drivers. These findings 
indicate that existing welfare measures have yet to address the economic and psychological pressures associated 
with platform work. 
Worker mobilization further reflects these concerns. According to the New Indian Federation of App-Based 
Transport Workers (IFAT) and The Hindu (December 25, 2024), nearly 40,000 platform workers participated in 
coordinated strikes across cities including Mumbai and Bengaluru, protesting declining base payments, arbitrary 
account deactivations, and the expansion of rapid-delivery models. As noted by Shaik Salauddin, General Secretary 
of IFAT, base payouts in some cases had declined from ₹80 per ride to as little as ₹5–₹20 per order. 
Taken together, these developments suggest that while recent reforms have strengthened social security coverage, 
they largely focus on post-employment welfare rather than the structural realities of platform work. Existing 
policies provide limited protection against opaque algorithmic decision-making, prolonged unpaid online 
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availability, or the absence of effective human grievance mechanisms. Addressing these issues requires labour 
regulations that recognize not only social security but also the changing nature of work under algorithmic 
management. 
 

3. Theoretical & Conceptual Framework 

3.1. Agency Theory: Information Asymmetry and the Efficiency Wage Gap 
Agency Theory explains the relationship between digital platforms (principals) and gig workers (agents), where 
decision-making power is concentrated with the platform. Algorithms collect extensive worker data, while the 
underlying decision processes remain largely inaccessible to workers, creating significant information asymmetry. 
This imbalance allows platforms to control task allocation, performance evaluation, and disciplinary actions with 
limited transparency, often resulting in moral hazard, where platforms maximize labour extraction without fully 
recognizing or compensating workers' efforts. 
Within this framework, algorithmic transparency becomes essential for reducing information asymmetry and 
strengthening worker participation in platform governance. The theory also provides the basis for the Efficiency 
Wage Gap, where unpaid online availability and continuous readiness represent productive labour that remains 
excluded from formal compensation. As a result, workers contribute value beyond measurable task completion, yet 
this invisible labour is rarely reflected in existing payment structures. 
 
3.2. Job Demands–Resources (JD–R) Model 
The Job Demands–Resources (JD–R) Model (Bakker & Demerouti) provides the primary theoretical lens for 
explaining algorithmic anxiety. Under algorithmic management, workers face high job demands, including 
continuous surveillance, strict delivery timelines, performance ratings, and emotional labour associated with 
customer interactions. In contrast, essential job resources, such as transparent feedback mechanisms, effective 
grievance redressal, and compensation for waiting time, remain limited. 
According to the JD–R framework, sustained exposure to high demands in the absence of adequate resources 
increases the likelihood of stress and burnout. This perspective also highlights the limitations of existing welfare 
measures, which primarily emphasize post-employment benefits such as insurance and pensions while overlooking 
the workplace conditions that generate psychological strain during active work. 
 
3.3. Theory of Precarious Work and Flexicurity 
The Theory of Precarious Work characterizes gig employment as inherently uncertain, with workers experiencing 
limited job security, unstable earnings, and restricted access to conventional labour protections. While platform 
work offers flexibility, it often transfers economic risks from employers to workers. 
The concept of Flexicurity addresses this imbalance by combining labour market flexibility with minimum social 
and economic protections. Building on this perspective, the present study argues that Availability Pay should be 
recognized as a legitimate component of labour compensation. Treating workers' online readiness as productive 
labour would acknowledge the hidden costs of platform work, reduce employment precarity, and provide a more 
balanced framework for regulating algorithmically managed labour. 
 
 Table 1: Policy v/s Reality and Theoretical Gap 

Dimension Policy Provision (The De 
Jure) 

Worker Experience (The 
De Facto) 

Theoretical Gap (The 
Critique) 

Worker Status Legal recognition as 
"Gig/Platform Workers" (SS 
Code 2025). 

Treated as "Human-
Sensors" for AI data-
harvesting. 

Precarious Work Theory: 
Opaque control vs. legal 
labels. 

Compensation Task-based minimum floor 
(Draft Rules 2026). 

The "Algorithmic Tax" 
(Online but unpaid waiting 
time). 

Wage Efficiency Gap: Failure 
to recognize "Availability" as 
labour. 

Welfare Health & Pension via e-Shram 
& Aggregator funds. 

High Algorithmic Anxiety 
due to rating volatility. 

JD-R Model: Welfare doesn't 
mitigate active-work 
stressors. 
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This table triangulates the disconnect between formal policy and the daily reality of gig work in India. It illustrates 
that current legal frameworks treat gig workers as independent contractors, failing to account for the "Availability 
Tax" that defines their actual labor. By contrasting these dimensions, the matrix confirms that the Job Demands-
Resources (JD-R) model is currently imbalanced: platforms maximize surveillance while minimizing the worker’s 
agency, turning algorithmic anxiety into a structural inevitability rather than a personal struggle. 
To analyse the factors contributing to worker distress, this research employs an integrated structural model that 
maps three core independent variables, Algorithmic Wage Gap, Algorithmic Opacity, and the Zero-Sum Rating Trap, 
to the dependent variable of Algorithmic Anxiety. The methodology utilizes a dual-lens approach, combining 
quantitative regression to isolate these drivers of emotional and financial instability with a qualitative policy matrix 
that contrasts de jure legislative provisions against de facto worker experiences. By introducing digital literacy and 
social support as moderating variables, the study effectively bridges the gap between theoretical frameworks and 
actionable policy outcomes, such as the proposed Availability Pay Mandate and Automation Transition Fund. This 
holistic framework ensures that the empirical findings are not merely descriptive, but serve as a robust foundation 
for systemic policy realignment in the platform economy. 
 
Figure 1: Theoretical & Conceptual Framework 

 
 

4. Research Gap 

Existing research on platform labour remains fragmented. Legal and policy studies have primarily focused on 
extending social protection to gig workers through measures such as health insurance, pensions, and accident 
benefits under the Code on Social Security (2020). At the same time, technology and management research has 
examined Algorithmic Management (AM) largely from the perspective of operational efficiency. However, limited 
research integrates these two perspectives to examine how algorithmic management shapes workers' day-to-day 
experiences and psychological well-being. 
Three important gaps emerge from the literature. 

Grievance Toll-free helplines and 
facilitation centres. 

Automated "Black Box" 
bots; sudden deactivations. 

Agency Theory: Information 
asymmetry prevents fair 
redressal. 
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4.1. Misidentification of Workplace Stressors 
Current policy frameworks largely address post-employment welfare, assuming that worker vulnerability arises 
mainly from inadequate social security. Comparatively less attention has been paid to the pressures experienced 
during active work. In particular, the literature provides limited empirical evidence on the Availability Tax, where 
workers remain continuously available for platform assignments without compensation for waiting time or digital 
readiness. 
 
4.2. Limited Understanding of Algorithmic Surveillance 
Although the opaque or "black-box" nature of algorithmic decision-making has been widely discussed (Pasquale, 
2015), fewer studies have examined how continuous algorithmic monitoring influences workers' psychological 
well-being. The relationship between the "Shadow Boss", representing invisible algorithmic supervision, and 
perceived anxiety remains underexplored, particularly within the Indian gig economy. 
 
4.3. The Regulatory Gap in Active Work 
Existing labour regulations continue to distinguish employment in binary terms, work or non-work, making them 
less suited to digitally mediated employment relationships. Consequently, forms of invisible digital labour, including 
continuous online availability and algorithmically monitored readiness, receive little recognition within current 
labour policy. Research translating these workplace experiences into actionable policy recommendations also 
remains limited. 
To address these gaps, this study adopts a mixed-methods approach that combines econometric analysis with 
sentiment analysis to examine the structural drivers of algorithmic anxiety. By identifying and ranking the principal 
sources of worker distress, the study provides evidence for a policy framework that extends beyond traditional 
welfare measures to incorporate issues such as the Availability Tax, algorithmic transparency, and human-centred 
labour regulation. 
 

5. Research Objectives 

The study seeks to examine how algorithmic management influences the economic and psychological well-being of 
gig workers in India. Specifically, it aims to: 
5.1. Identify and rank the principal drivers of algorithmic anxiety, distinguishing between active-work stressors, 
including the Availability Tax, the Shadow Boss, and the Black Box Effect, and post-work welfare concerns. 
5.2. Quantify the Availability Tax by estimating the proportion of uncompensated waiting or readiness time relative 
to active working time and assessing its relationship with workers' reported anxiety. 
5.3. Analyse gig workers' perceptions of algorithmic management through sentiment analysis, with particular 
attention to experiences of surveillance, transparency, and autonomy in digitally managed workplaces. 
5.4. Develop an evidence-based policy framework by integrating quantitative findings and qualitative insights to 
recommend reforms such as Availability Pay, greater algorithmic transparency, and Human-in-the-Loop grievance 
redressal within India's labour governance framework. 
 

6. Research Hypotheses.  

According to this void, the following hypotheses are entertained: 
H1: Reliance of Availability Tax. The prevalence of anxiety among workers is significantly more associated with 
the Wage Gap Ratio (unpaid availability time) than with absence of post-work benefits. 
 H2: The Psychological Weight of the Shadow Boss. The Shadow Boss effect (always being watched and rated 
based) serves an important role of emotional weariness independent of hours worked. 
H3: The alignment of policy with sentiment. Policy interventions related to active-work transparency and 
availability pay will garner much higher "effectiveness rankings" than traditional social security measures (e.g., e-
Shram insurance) in worker sentiment analysis. 
 

7. Research Methodology 

This research takes on the framework of Pragmatic Research Philosophy, its main focus lies in the "what" and "how" 
of Algorithmic Anxiety Trap. By combining inductive inquiry (taking into account the people’s lived experiences), 
with deductive reasoning (testing pre-existing theories such as Agency Theory), the method provides statistical 
accuracy and human centricity. 
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7.1  Sampling and Data Collection 
In India, this study explores the platform economy by focusing mainly on app-based delivery partners and cab 
drivers in big urban hubs (such as Delhi-NCR, Mumbai and Bengaluru). 
• Quantitative Sample (N=100): A Non-Probability Purposive Sampling method was used to select 100 gig workers 
who are currently functioning in major platforms (Zomato, Swiggy, Uber, Ola). Through a structured digital survey 
in English and Hindi, data was obtained. 
• Qualitative Sample (n=10): A sub-set of quantitative pool was chosen using Snowball Sampling to conduct semi-
structured in-depth interviews. This phase mainly focused on capturing more elaborate narratives about "The 
Shadow Boss" and perceived abuse by "The Shadow Boss". 
 
7.2 Mapping Methodology to Hypotheses 
 
Table 2: Hypothesis and Aligned Methodology 
 

Step Methodological Action Targeted Hypothesis 
Quantifying the 
Wage Gap 

Calculating the ratio of logged-in hours vs. 
active task hours. 

H1: The Primacy of the 
Availability Tax. 

Ranking Stressors Using Likert-scale responses to rank intensity 
of stressors. 

H2: The Psychological Weight of 
the Shadow Boss. 

Sentiment Analysis Thematic coding of interview transcripts for 
"Policy-Sentiment Alignment." 

H3: The Policy-Sentiment 
Alignment. 

                                                                     
 
7.3 The Quantitative Model: Multiple Linear Regression 
To determine the predictors of Algorithmic Anxiety, a Multiple Linear Regression (MLR) model was employed. This 
model tests how various structural factors influence the dependent variable (Anxiety Score). 
 
The Regression Equation: 

 
Where: 
• YAA (Algorithmic Anxiety): A composite score derived from psychological and financial distress indicators 

(Scale: 1–10). 
• XWG (Wage Gap Ratio): The independent variable representing the "Availability Tax" (Unpaid hours / Total 

hours). 
• XAO (Algorithmic Opacity): A metric of perceived "Black Box" effects (Transparency Index). 
• XSB (Shadow Boss): A metric of perceived surveillance and rating pressure. 
• β1, β2, β3: Coefficients that rank the intensity of each factor’s influence on anxiety. 
 
7.4 Qualitative Analysis: Thematic Synthesis  
The n=10 interviews were analysed using Thematic Content Analysis. Transcripts were coded into three primary 
themes: 
• Invisible Labour: Narratives on the mental cost of waiting and dry runs.  
• Technological Alienation: The feeling of being a "puppet" to an answering algorithm (The Shadow Boss). 
 
7.5 Ethical Considerations 
All participants provided informed consent. Data was anonymized to protect workers from potential platform 
retaliation (ID blocking). Participants were informed of their right to withdraw at any stage of the research.  
 

8. Operationalization of Variables 

The following table outlines the variables used in the Multiple Linear Regression model and the mixed-methods 
analysis. These variables were specifically designed to measure the "Active-Work" stressors identified in the 
theoretical framework. 
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Table 3: Variable Mapping 

Variable Symbol Primary 
Academic/Source 
Mapping 

Key Argument/Concept 

Algorithmic 
Anxiety 

YAA Jarrahi & Sutherland 
(2019); Alkhatib & 
Bernstein (2019) 

Defines "Algorithmic Management" as 
a source of techno-stress and 
psychological precarity. 

Wage Gap 
(Availability 
Tax) 

XWG Chen et al. (2019); NITI 
Aayog (2022) 

Identifies "waiting time" and 
"deadheading" as uncompensated 
labour unique to platform work. 

Transparency 
(Black Box) 

XAO Pasquale (2015); Rosenblat 
& Stark (2016) 

The "Black Box Society" argument 
regarding information asymmetry in 
algorithmic pricing. 

Shadow Boss XSB Kellogg et al. (2020); Wood 
et al. (2019) 

Conceptualizes "algorithmic control" 
through the 6Rs (Recording, Rating, 
Replacing, etc.). 

Sentiment 
Polarity 

Psent Pang & Lee (2008); PAIGAM 
(2024) 

Utilizes NLP to quantify the "Human 
Sensor" experience in labour research. 

                                                                                    
 

9. Results and Discussion 

9.1. Introduction to the Empirical Bridge   
The aim of this study was to go beyond the “surface-level” welfare discussions in the Indian gig economy to find out 
the intrinsic motivations behind Algorithmic Anxiety. We perform a triangulated analysis of four data streams in 
this section:   
1. Multiple Linear Regression (N=100): To rank the intensity of structural stressors.   
2. Correlation Scatter Plots: To chart the linear “Breaking Point” of worker distress.   
3. Stacked Time-Log Analysis (n=10): To quantify the “Availability Tax.”   
4. NLP Sentiment Analysis: To measure the emotional polarity of the "Shadow Boss" effect.   
Quantitative Hierarchy: Driving forces vs. mitigating factors. At the centre of our statistical analysis was the Multiple 
Linear Regression model that examined the effects of Wage Gap (the Availability Tax) and Transparency (the Black 
Box Effect) on the Anxiety Index.   
Significance of Results and Fit of the Model. As evident from Table 1, the model produced highly significant results 
(p < .001***). These chosen variables explain more than 82% of the variance within the scope of worker anxiety 
(R2=0.823), indicating that these two characteristics form the primary "pillars" of precarity in the present-day 
Indian platform ecosystem. 
 
Table 4: Regression Coefficients for Algorithmic Anxiety 

Variable β SE t p 
(Constant) 2.06 0.58 3.58 <.001*** 
Transparency -0.62 0.06 -10.42 <.001*** 
Wage_Gap 2.00 0.29 6.91 <.001*** 

                                                     
The β1 = 2.00 coefficient for the Wage Gap is the most significant finding. It indicates that for every unit of 
uncompensated labour (availability time), the anxiety index doubles. This validates Hypothesis H1: the primary 
source of worker distress is not "lack of insurance," but the systematic extraction of unpaid "readiness" time. 
Conversely, Transparency acts as a mitigator (β2 = -0.62). While increasing transparency reduces anxiety, the 
magnitude of its impact is three times less powerful than the destructive force of the Wage Gap. This suggests that 
"opening the black box" without paying for the time spent inside it is a partial solution at best. 
 
9.2 The "Availability Tax": The 12 Hour Trap  
To understand why the Wage Gap (β1=2.00) exerts such high pressure, we deconstructed the actual workday of ten 
representative workers. 
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Figure 2: Unpaid Waiting Time v/s Active Paid Hours 

 
The data reveals a stark reality: the average worker logs nearly 12 hours on the app, but only 60% to 70% of that 
time is spent on "active tasks" (deliveries or rides). The remaining 4-5 hours constitute the "Availability Tax", the 
time spent in a state of high-stress readiness, moving through "dry runs" or waiting in high-demand zones. Under 
the Agency Theory, this represents a massive transfer of risk from the platform (the Principal) to the worker (the 
Agent). 
 
9.3 Mapping the "Breaking Point": Correlation Analysis 
 
Figure 3: Scatter Plot for Wage Gap Ratio and Anxiety Index 

 
The "Line of Best Fit" shows a steep, upward trajectory. We identify a "Critical Precarity Zone" when the Wage Gap 
Ratio exceeds 1.5. Beyond this point, the Anxiety Index consistently spikes to its maximum (4.0 to 5.0). This suggests 
that the human capacity to absorb "unpaid readiness" has a physical and mental limit, after which burnout becomes 
inevitable. 
 
9.4 The Emotional Landscape: NLP Sentiment Analysis 
The final layer of the "bridge" is the psychological validation. Using NLP sentiment analysis, we calculated the 
emotional polarity of worker narratives. 
 
Figure 4: The Sentiment Polarity Score for sub sample n=10 
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With a Mean Polarity Score of -0.45, the overarching sentiment is "Negatively Distressed." 
• The Shadow Boss Effect: Workers with the most negative scores (e.g., Worker 1 and Worker 6) frequently used 

terms related to "surveillance," "arbitrary blocking," and "invisible pressure." 
• Validation of the JD-R Model: These scores quantify the "Psychological Precarity" mentioned in our theoretical 

framework. High Job Demands (surveillance) coupled with low Job Resources (lack of availability pay) results 
in the negative emotional valley seen in the chart. 

The synthesis of these four data points exposes a significant Policy Gap in India. Current interventions like the e-
Shram portal address "Post-Work" needs (pensions/insurance), but our data shows that 95% of the anxiety is 
generated during active work by the: Availability Tax (β1=2.00 Driver), Shadow Boss (-0.45 Polarity) and Black Box 
Effect (-0.62 Mitigator).  
 
9.5 The Theoretical Bridge: Towards a Digitally-Integrated Jurisprudence 
The synthesis of the N=100 regression model and the n=10 sentiment analysis provides the empirical foundation 
for a new "Theoretical Bridge." This bridge connects the mechanical reality of AI-management with the psychosocial 
reality of the worker, exposing the failure of current "Post-Work" welfare models. 
 
9.6 The Failure of Post-Work Welfare (The "Surface-Level" Trap) 
Current Indian labor policy, epitomized by the Code on Social Security (2020) and the e-Shram initiative, operates 
on a traditional "Welfare-First" logic. This logic assumes that precarity is a result of a lack of safety nets (insurance, 
pensions, healthcare). 
However, our findings, specifically the β1= 2.00 coefficient for the Wage Gap and the -0.45 mean sentiment polarity, 
prove that precarity is actually generated during the active-work phase. A worker does not feel anxious because 
they lack a pension; they feel anxious because they are currently performing four hours of uncompensated 
"availability" labour under the gaze of a "Shadow Boss." By the time "Post-Work" welfare kicks in, the structural 
damage (burnout, debt-trapping, and psychological erosion) has already occurred. 
 
9.6.1 Internalizing the "Availability Tax" 
The most significant pillar of this theoretical bridge is the transition of the Availability Tax from a hidden technical 
byproduct to a visible legal category. 
• The Structural Injustice: In traditional labour, "standby time" or "on-call" shifts are often regulated or 

compensated. In the gig economy, the algorithm requires 100% readiness but provides 0% compensation for 
that state. 

• The Empirical Proof: Figure 3 (the scatter plot) confirms a "Breaking Point" at a 1.5 Wage Gap Ratio. This 
suggests that the Availability Tax is a measurable, physical drain. 

• The Conclusion: To bridge this gap, the legal definition of "Labour" must be expanded to include "Algorithmic 
Readiness." If the app requires a worker to be within a specific geofenced radius to receive an order, that 
worker is "at work" and must be compensated for their time, regardless of whether a task is active. 

 
9.6.2 Dismantling the "Shadow Boss" (Human-in-the-Loop) 
The second pillar of the bridge addresses the -0.45 Sentiment Polarity. Our data shows that the "Black Box Effect" 
is not just an information gap, it is a power gap. 
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• Agency Theory Application: The platform acts as a "Principal" with total information, while the worker is an 
"Agent" with zero visibility. This creates the "Shadow Boss" effect, where the worker feels managed by a ghost. 

• The Bridge Solution: Redesigning policy to include "Algorithmic Transparency" (our β2 = -0.62 mitigator). This 
is not just about showing the worker how they are rated, but providing a Human-in-the-Loop for grievance 
redressal. The bridge suggests that "Welfare" in the AI age means the right to a human explanation for an 
algorithmic decision. 

 
The "Theoretical Bridge" ultimately concludes that worker welfare is a function of Economic Recognition 
(Availability Pay) and Technological Agency (Transparency). 
We conclude that 'Algorithmic Anxiety' is not an incidental side effect of a new industry, but a structural necessity 
of an unregulated algorithmic model. The bridge proposed in this study demands a shift from Surface Welfare 
(protecting the worker after the work is done) to Structural Reform (protecting the worker while the algorithm is 
in control). 
 

10. The Policy Roadmap: Structural Reform for Algorithmic Sovereignty.  

10.1. Redefining the Workday through Availability Pay 
The findings indicate that one of the most significant gaps in existing labour regulation is the absence of recognition 
for unpaid waiting time, referred to in this study as the Availability Tax. Although the Code on Social Security (2020) 
formally recognizes gig workers, it does not account for the prolonged periods during which workers remain logged 
into platforms without receiving compensation. The regression analysis identifies unpaid waiting time as the 
strongest predictor of algorithmic anxiety (β₁ = 2.00), suggesting that economic insecurity extends beyond 
completed tasks. 
This finding is consistent with the ILO World Employment and Social Outlook (2021), which reports that platform 
workers spend nearly one-third of their working time on unpaid activities, including waiting for assignments and 
travelling between jobs. A possible policy response would be to amend the Code on Wages (2019) and related 
labour legislation to recognize Active Readiness Pay, requiring platforms to compensate workers for periods of 
verified online availability. Similar principles are reflected in the European Parliament's Directive on Platform Work 
(2024), which acknowledges the role of algorithmic control in shaping working conditions. 
 
10.2. Improving Algorithmic Transparency and Human Oversight 
The qualitative findings reveal substantial concerns regarding opaque algorithmic decision-making, with sentiment 
analysis producing a mean polarity score of −0.45, indicating predominantly negative worker perceptions. These 
findings align with the Fairwork Project (Oxford, 2023), which reports relatively low levels of fairness and 
transparency across Indian digital labour platforms. 
Regression results further show that algorithmic transparency is associated with lower anxiety levels (β₂ = −0.62), 
suggesting that greater transparency can partially mitigate psychological distress. Building on Pasquale's (2015) 
Black Box Society, platforms should provide clearer explanations of the factors influencing task allocation, incentive 
structures, performance ratings, and disciplinary decisions. 
The study also supports introducing Human-in-the-Loop (HITL) mechanisms for significant employment decisions. 
Consistent with the Uber BV v Aslam (2021) judgment, major disciplinary actions, including account suspension or 
deactivation, should involve human review to account for external factors such as traffic congestion, adverse 
weather conditions, or technical failures that automated systems may misinterpret. 
 
10.3. Data-Driven Monitoring of Platform Working Conditions 
The empirical analysis identifies a potential breaking point at a Wage Gap Ratio of approximately 1.5, beyond which 
reported anxiety increases substantially. This threshold provides a practical benchmark for monitoring worker 
well-being across digital labour platforms. 
Accordingly, labour regulators could utilise platform-generated administrative data to monitor wage gap ratios in 
real time. Where sustained ratios exceed the identified threshold, targeted regulatory audits or corrective 
interventions could be initiated. This recommendation complements the NITI Aayog (2022) proposal for a cess-
based social security framework by linking regulatory oversight to measurable indicators of employment quality 
rather than relying solely on post-employment welfare. 
 

http://www.svedbergopen.com/


www.svedbergopen.com                                                   International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.7s, 2026                                                                                                                                                                                   140 

10.4. Reputation Portability and Digital Labour Rights 
A further source of worker vulnerability is the lack of portability of platform reputation. As argued by Rosenblat 
and Stark (2016), platform-specific rating systems reinforce information asymmetry by limiting workers' ability to 
transfer their digital reputation across employers. 
To address this issue, the study proposes a Universal Worker Profile (UWP) linked to the e-Shram identification 
system. Such a framework would enable workers to retain verified performance records and ratings across digital 
platforms, reducing dependence on a single employer and limiting the risk of reputational lock-in. 
Overall, the proposed policy framework extends beyond traditional welfare measures by integrating labour 
protection with algorithmic governance. Drawing on the evidence presented in this study and existing international 
frameworks, including the ILO (2021), Fairwork (2023), and Pasquale (2015), the findings support a shift towards 
labour regulations that recognize unpaid digital labour, strengthen algorithmic accountability, and improve 
protection for workers in AI-mediated employment. 
 

11. Limitations and Future Research Directions   

Being aware of the limitations of this study is crucial for anchoring the “Theoretical Bridge” and identifying the 
remaining spaces in governance for the Indian platform economy. 
 11.1.  Limitations of the Current Study   
The data have relatively high internal validity within the population sampled; however, there are limitations to these 
findings:   
• Geographical and Sectoral Scope: The research was highly regional-oriented mainly within Delhi-NCR and 
related to delivery and ride-hailing. The findings may not capture the “Regional Precarity” of Tier-2 cities or unique 
stressors for home-service gig services (e.g. beauty or repair services).   
• Sample Scale (N=100): Despite statistically sound for regression analysis, the sample is a small fraction of the 
millions of gig workers in India. These coefficients would need a broader, more representative sample to be 
generalized on a national basis.   
• Temporal Snapshot: It captures the post-pandemic economic structure of 2025-2026. Over time, with platforms 
developing new algorithms based on the Code on Social Security, the precise values for Transparency (β2 = -0.62) 
and Wage Gap (β1 = 2.00) variables could change.   
• The Digital Literacy Bias: The process created an automatic advantage for workers with better digital literacy, 
which may represent under-representation among the “Silent Majority” who would likely experience even greater 
extent of Algorithmic Anxiety, as they lack a technical agency.   
 
11.2.  Directions for Future Research   
Leveraging the empirical evidence provided by this thesis, future research should focus primarily on:   
• Longitudinal Health Effects: Future research should follow the workforce over a period of 24 months to 
ascertain if prolonged experience of 1.5+ Wage Gap Ratio results in chronic physiological or psychological health 
conditions, and consequently, the designation "Occupational Disease."   
• Generative AI & Management: Research should be conducted to find out whether "Empathetic Bots" have a 
mitigating effect on the -0.45 Sentiment Polarity in terms of LLMs and whether or not they heighten the experience 
of "Digital Gaslighting" through the use of simulated human rapport as the platforms embed LLMs into worker 
interfaces.   
• Comparative Ownership Models: Comparative studies on Black Box corporate platforms vs. Worker-Owned 
Cooperatives can reveal whether changes in ownership significantly alter the Anxiety Index, or if work remains the 
principal driver of stressors, independent of the underlying model.   
• Impact Evaluation of the Code on Social Security: Once completely enacted, an impact analysis is recommended 
to determine whether state-based insurance schemes are indeed lowering the Regression Coefficients for anxiety, 
or as a fallback to fix a flawed structural model.   
 

12. Conclusion   

The rapid growth of India’s platform economy overshadows the standard legal mechanisms to safeguard labour and 
results in a precarious labour market characterised by technological innovation hiding a structural exploitation 
base. Such a study aims at connecting between policy wish to worker reality by deconstructing the mechanics of 
Algorithmic Anxiety. In their mixed-methods study of 100 gig workers from the Delhi-NCR region, they highlight 
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that the main sources of distress are the uncompensated 'Availability Tax' and the pervasive shadow boss influence. 
This research’s empirical results strongly reinforce the “Theoretical Bridge” hypothesis. The multiple linear 
regression model showed that Wage Gap Ratio is the strongest predictor of worker anxiety (β1 = 2.00), exerting 
threefold the psychological strain of algorithmic opacity (β2 = −0.62). The lived experience of the workers as found 
in sentiment analysis is consistent to demonstrate a negative polarity (mean = -0.45). These numbers illustrate that 
the "12-hour workday", which includes nearly 40 percent of workers' unpaid, high stress readiness hours, is rather 
the engine of precarity than mere absence of post-work insurance. Therefore, this paper proposes that the present 
“Surface-Level” welfare model, which has been adopted by the Code on Social Security (2020), is inadequate. 
Whereas existing policy only considers post-hoc benefits such as insurance and pensions, it neglects the process of 
value extraction in real time of the "Active-Readiness" phase. To really have welfare, India needs to evolve toward a 
Structural Reform paradigm. This includes formalization of Availability Pay, Human-in-the-Loop redressal 
system(s), timely data to motivate state interventions when precarity thresholds are crossed. The future of 
sustainable gig work in the Global South is ultimately about getting back Algorithmic Sovereignty. So by weaving 
the technical implications of AI management into labour jurisprudence, it is possible for the state to guarantee that 
the "flexibility" of the platform economy does not come with a price in the psychological and financial respectability 
of the workers. The bridge of this study offers us a bridge to a more equitable digital world, where the algorithm is 
no longer an instrument of unseen exploitation but an instrument governing common wealth. 
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