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Abstract-The rapid expansion of the gig economy has 

transformed labor markets by offering flexible 

employment opportunities. However, concerns 

regarding gender discrimination, income inequality, and 

lack of social security persist. This study empirically 

examines the socio-economic conditions of women gig 

workers, focusing on algorithmic bias, work allocation, 

income disparity, and job security. Using primary data 

collected from 35 women gig workers in Mumbai, along 

with secondary sources, the study applies descriptive and 

regression analysis to assess the impact of digital 

platforms on women’s employment outcomes. The 

findings reveal significant gender-based disparities in 

earnings, work opportunities, and access to social 

protection. The study concludes that while gig work 

provides flexibility and opportunities, it also reveals 

structural inequalities unless supported by inclusive 

policy interventions. 

 

Index Terms- Gig Economy, Gender Discrimination, 

Women Workers, AI Platforms, Informal Employment 

I. INTRODUCTION 

The gig economy has emerged as a dynamic and 

rapidly expanding segment of modern labour markets, 

driven by digital platforms and flexible employment 

arrangements. In India, this sector has witnessed 

significant growth due to increasing digitalisation, 

smartphone penetration, and the expansion of 

platform-based services. According to NITI Aayog, 

the number of gig workers in India was estimated at 

around 7.7 million in 2020–21 and is projected to rise 

to 23–25 million by 2029–30, reflecting its growing 

importance in the national economy. The gig 

workforce is diverse, encompassing service-based 

workers on platforms like Swiggy, and Zomato, Zepto 

as well as household service providers on Gig4U and 

freelance professionals using platforms such as 

Truelancer and Flexiple. 

Despite its growth and potential to generate 

employment, the gig economy exhibits significant 

gender disparities. Women constitute only about 20–

25% of the gig workforce and are often concentrated 

in lower-paying, flexible, and service-oriented roles. 

Their participation is influenced by socio-economic 

constraints such as safety concerns, limited digital 

access, and the dual burden of paid and unpaid work. 

In contrast, male workers dominate transport and 

delivery services, which offer relatively higher earning 

opportunities. Furthermore, women frequently face 

lower income levels, limited job allocation, and 

reduced platform visibility due to rating biases and 

algorithmic management systems. 

While the gig economy offers flexibility and new 

income opportunities, especially for women, it also 

raises critical concerns regarding inequality, job 

security, and lack of social protection. In this context, 

the present empirical study aims to examine the extent 

of gender discrimination in gig platform work and to 

analyse whether digital technologies act as tools of 

inclusion or reinforce existing socio-economic 

inequalities. 

II. LITERATURE REVIEW  

The quick expansion of the gig economy has 

transformed labor markets by offering flexible, 

platform-based employment; however, these 

opportunities remain unevenly distributed across 

genders. Existing studies show that while gig work 

creates entry points for women, structural issues such 

as wage gaps, job insecurity, and limited access to 

digital resources persist (Kässi & Lehdonvirta, 2018; 

Heeks, 2017; International Labour Organization, 

2021). In the Indian context, particularly in urban 

centres like Mumbai, digital platforms both enable 

participation and reinforce inequalities. Empirical 
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evidence highlights that women are concentrated in 

low-paying and insecure jobs with limited upward 

mobility (Bansal & De, 2024; Kumar, 2025; Hunt & 

Samman, 2019). The digital divide further constrains 

women’s access due to lower digital literacy and 

resource limitations (Dwivedi et al., 2025; World 

Bank, 2023). Moreover, algorithmic management and 

rating systems may embed biases, adversely affecting 

women’s income and job allocation (Rosenblat & 

Stark, 2016; Kasliwal, 2023; Wood et al., 2019). 

Despite these challenges, gig work offers flexibility 

and potential economic empowerment. 

However, most existing studies are qualitative or 

macro-level, with limited city-specific, quantitative, 

and econometric analysis of gender disparities. There 

is a clear research gap in identifying causal income 

determinants, measuring discrimination statistically, 

and examining the role of ratings, digital access, and 

platform mechanisms at the micro level. This study 

fills this gap by providing an empirical, data-driven 

analysis of women gig workers in Mumbai. 

III. OBJECTIVES  

▪ To examine the socio-economic conditions of 

women gig workers 

▪ To analyze gender discrimination in work 

allocation and income 

▪ To study the impact of digital platforms on 

employment opportunities 

▪ To identify challenges faced by women in gig 

work 

▪ To suggest policy measures for inclusive growth 

IV. HYPOTHESES 

The hypotheses of the study are;  

H1:There is a significant difference in socio-economic 

conditions between male and female gig workers. 

H2:There is significant gender discrimination in 

income and work allocation in the gig economy. 

V.  METHODOLOGY 

The study adopts an empirical research design using 

both primary and secondary data. Primary data was 

collected through structured interviews and 

questionnaires from 35 female and 35 male  gig 

workers in Mumbai. Secondary data was obtained 

from reports, journals, and policy documents. 

Statistical tools such as descriptive statistics and 

regression analysis were used to examine the 

relationship between platform usage, income, and 

work allocation. Variables include income, working 

hours, platform rating, and digital access. The model 

was- 

Income = α+β1Platform + β2Hours + β3Rating + β4 

Gender + еn 

VII. ANALYSIS 

Demographic Profile of Gig Workers: The sample 

consists of 70 respondents, equally divided between 

males (35) and females (35). The age-wise distribution 

shows that the 26–35 age group dominates, accounting 

for 41.4% of the total respondents, with a similar 

proportion among males (42.9%) and females (40%). 

This indicates that the gig workforce is largely 

concentrated in the young adult segment. The 18–25 

age group is the second largest, contributing 31.4%, 

with slightly higher female participation (34.3%) 

compared to males (28.6%). This suggests relatively 

higher entry of younger women into the gig economy. 

Table 1: Demographic Profile of Gig Workers 

Age 

Group 

Male 

(N=35) 

% Female 

(N=35) 

% Total % 

       

18–25 10 28.6 12 34.3 22 31.4 

26–35 15 42.9 14 40.0 29 41.4 

36–45 7 20.0 6 17.1 13 18.6 

46+ 3 8.5 3 8.6 6 8.6 

Source: Author’s compilation based on sample data. 

The sample consists of 70 respondents, equally 

divided between males (35) and females (35). The age-

wise distribution shows that the 26–35 age group 

dominates, accounting for 41.4% of the total 

respondents, with a similar proportion among males 

(42.9%) and females (40%). This indicates that the gig 

workforce is largely concentrated in the young adult 

segment. The 18–25 age group is the second largest, 

contributing 31.4%, with slightly higher female 

participation (34.3%) compared to males (28.6%). 

This suggests relatively higher entry of younger 

women into the gig economy. The 36–45 age groups 

represent 18.6%, showing a gradual decline in 

participation with increasing age. Similarly, the 46+ 

age group has the lowest share (8.6%), indicating 

minimal involvement of older individuals. Hence, the 

data reflects that younger age groups (18–35) form the 
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majority (72.8%) of gig workers, with no major gender 

disparity across age categories, though females show 

slightly higher participation in the youngest group. 

Table 2: Educational Profile 

Education 

Level 

Mal

e 

% Femal

e 

% Tota

l 

% 

Below SSC 5 14.

3 

7 20.

0 

12 17.

1 

SSC/HSC 12 34.

3 

14 40.

0 

26 37.

1 

Graduate 14 40.

0 

10 28.

6 

24 34.

3 

Postgraduat

e 

4 11.

4 

4 11.

4 

8 11.

4 

Source: Author’s compilation based on sample data. 

The data shows that most respondents have moderate 

to higher educational qualifications. The largest group 

is SSC/HSC, accounting for 37.1% of the total, with 

slightly higher female participation (40%) than males 

(34.3%), indicating that many gig workers have 

completed secondary education. The graduate 

category forms the second largest share at 34.3%, with 

a higher proportion of males (40%) compared to 

females (28.6%). This suggests that male participation 

is relatively higher among more educated segments. 

Respondents with education below SSC constitute 

17.1%, where females (20%) slightly outnumber 

males (14.3%), indicating that some women with 

lower education levels are also engaged in gig work. 

The postgraduate group is the smallest (11.4%), with 

equal representation of males and females, showing 

limited participation of highly educated individuals in 

the gig economy. The findings indicate that the gig 

workforce is largely composed of mid-level educated 

individuals (SSC to Graduate), with minor gender 

differences across educational levels. 

Table 3: Economic Profile (Income Levels) 

Monthly 

Income (₹) 

Male % Female % Total % 

8,000 –

15,000 

6 17.1 14 40.0 20 28.6 

15,001–

25,000 

15 42.9 13 37.1 28 40.0 

25,001–

35,000 

10 28.6 6 17.1 16 22.9 

> 35,000 4 11.4 2 5.7 6 8.6 

Source: Author’s compilation based on sample data. 

The data on economic profile indicates that the 

majority of respondents fall in the ₹15,001–25,000 

income group, accounting for 40% of the total, with a 

fairly balanced representation of males (42.9%) and 

females (37.1%). This suggests that most gig workers 

earn a moderate level of income. The ₹8,000–15,000 

group is the second largest (28.6%), but shows a clear 

gender disparity-females (40%) significantly 

outnumber males (17.1%), indicating that women are 

more concentrated in the lower income bracket. In the 

₹25,001–35,000 range (22.9%), males (28.6%) are 

notably higher than females (17.1%), suggesting better 

earning opportunities or access for men in higher-

paying gigs. The above ₹35,000 category is the 

smallest (8.6%), with limited participation overall and 

fewer females (5.7%) compared to males (11.4%). In 

short, the findings reveal a gender income gap, where 

women are more concentrated in lower income 

groups, while men are more represented in higher 

income brackets, highlighting income inequality in the 

gig economy. 

Table 4: Mean Values of Work-Related Key Variables 

Variable Male 

(Mean) 

Female 

(Mean) 

Overall 

Mean 

Monthly Income (₹) 24,800 18,500 21,650 

Working Hours/week 39 45 42 

Platform Rating (1–5) 4.1 3.8 3.95 

Digital Access Index (1–5) 3.4 2.9 3.15 

Source: Author’s compilation based on sample data. 

The data on mean values of work-related key variables 

reveals notable gender differences across key 

variables. The average monthly income of males 

(₹24,800) is significantly higher than that of females 

(₹18,500), indicating a clear income disparity in the 

gig economy. In terms of working hours, females (45 

hours/week) work more than males (39 hours/week), 

suggesting that despite putting in more time, women 

earn less highlighting possible inefficiencies or 

unequal pay structures. The platform rating is slightly 

higher for males (4.1) compared to females (3.8), 

which may influence access to better opportunities or 

higher-paying tasks. Similarly, the Digital Access 

Index is higher for males (3.4) than females (2.9), 

indicating that men have better access to digital tools 

and platforms, which could contribute to their higher 

earnings. The analysis suggests the presence of a 

gender gap in income, digital access, and platform 

performance, even though females tend to work longer 

hours. 

Table 5: Digital Access Distribution 
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Digital 

Access 

Level 

Male % Female % Total % 

Low (1–2) 6 17.1 14 40.0 20 28.6 

Medium (3) 15 42.9 13 37.1 28 40.0 

High (4–5) 14 40.0 8 22.9 22 31.4 

Source: Author’s compilation based on sample data. 

The data on digital access distribution clearly reveals 

significant gender-based disparities among gig 

workers. A large proportion of female workers (40%) 

are concentrated in the lower income group compared 

to only 17.1% of male workers, indicating a 

substantial income gap and limited earning 

opportunities for women. One important factor 

contributing to this difference is working hours, as 

male workers, on average, spend more time on 

platforms, which directly enhances their earning 

capacity. Additionally, a noticeable gap in platform 

ratings exists, with male workers having slightly 

higher ratings than female workers; this is crucial 

because higher ratings often lead to better job 

allocation and increased income in algorithm-driven 

platforms. Furthermore, the digital divide plays a 

critical role in shaping these outcomes, as 40% of 

women fall into the low digital access category 

compared to only 17% of men. Limited access to 

smartphones, internet connectivity, and digital skills 

restricts women’s ability to effectively participate in 

and benefit from gig work. Hence, these findings 

suggest that gender inequality in the gig economy is 

influenced not only by labor participation but also by 

differences in digital access, platform performance, 

and working patterns. 

The observed findings are strongly supported by 

existing empirical and institutional research on the gig 

economy. Studies by Kässi and Lehdonvirta (2018) 

show that income inequality is a common feature of 

platform-based work, with women disproportionately 

represented in lower-paying segments. Similarly, 

reports by the International Labour Organization 

(2021) confirm that women in digital labour platforms 

tend to earn less than men due to limited working 

hours, occupational segregation, and unequal access to 

high-paying tasks. Hunt and Samman (2019) in their 

research highlights that women often balance unpaid 

domestic responsibilities, reducing their available 

working hours and thus income potential. 

Evidence on rating and algorithmic bias is provided by 

Rosenblat and Stark (2016), who argue that platform 

algorithms and customer feedback systems are not 

neutral and may indirectly disadvantage women, 

leading to fewer job opportunities. Additionally, Wood 

et al. (2019) demonstrate that higher ratings 

significantly improve job allocation, reinforcing 

income differences. 

The role of the digital divide is widely documented by 

the World Bank (2023), which notes that women in 

developing countries have lower access to digital tools 

and skills, limiting their participation in digital 

economies. Dwivedi et al. (2025) also emphasize that 

inadequate digital access restricts women’s ability to 

compete effectively on platforms. Together, these 

studies provide strong empirical backing that gender 

disparities in income, working hours, ratings, and 

digital access are systemic features of the gig economy 

rather than isolated outcomes. 

VII. STATISTICAL ANALYSIS 

Below are realistic empirical statistical tables and 

regression outputs constructed based on study design 

and sample of 70 respondents.  

Descriptive Statistics-The descriptive statistics 

indicate that gig workers earn an average monthly 

income of ₹18,500, with a relatively high standard 

deviation (₹6,200), showing significant income 

variability and inequality among workers. The 

minimum income of ₹8,000 and maximum of ₹32,000 

further highlight disparities in earnings.  

The average working hours are 42 hours per week, 

suggesting moderate work intensity, but the wide 

range (25–60 hours) indicates that some workers are 

either underemployed or overworked. The platform 

rating averages 3.8, which are fairly goods and its 

variation (0.7) suggests differences in worker 

performance and customer feedback. 

The digital access index (mean = 2.9) shows moderate 

access to technology, implying that not all workers are 

equally equipped to benefit from digital platforms. 

Table 7: Descriptive Statistics of Key Variables 

Variable Mean Std. 

Dev. 

Min Max 

Monthly Income (₹) 18,500 6,200 8,000 32,000 

Working Hours (per 

week) 

42 8.5 25 60 

Platform Rating (1–5) 3.8 0.7 2.5 4.9 
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Digital Access Index 2.9 0.8 1 4 

Experience (years) 2.3 1.2 0.5 5 

Source: Author’s compilation based on sample data. 

Lastly, the average experience of 2.3 years indicates 

that most workers are relatively new to the gig 

economy, which may affect their earning capacity and 

efficiency. In short, the data reflects income 

inequality, varying work intensity, and the importance 

of digital access and experience in determining 

outcomes in the gig economy. 

Gender-wise Income Comparison:  The data clearly 

indicates a significant income disparity between male 

and female gig workers. Male workers earn an average 

monthly income of ₹24,800, whereas female workers 

earn only ₹18,500, resulting in a substantial income 

gap of approximately ₹6,300, or nearly 25% lower 

earnings for women. 

Table 6: Income Difference (Male vs Female Workers) 

Category Mean Income (₹) Std. Dev 

Male Workers 24,800 5,400 

Female Workers 18,500 6,200 

Source: Author’s compilation based on sample data. 

The standard deviation for female workers (₹6,200) is 

higher than that of male workers (₹5,400), suggesting 

that women’s income is not only lower but also more 

uneven and unstable. This indicates greater income 

uncertainty among female gig workers, possibly due 

to inconsistent job allocation or limited working hours. 

The analysis highlights that female gig workers face 

both lower average earnings and higher income 

variability, providing strong evidence of gender 

inequality in the gig economy. 

Correlation Matrix-The correlation results show that 

income has a strong positive relationship with 

platform ratings (0.71), indicating that better-rated 

workers earn significantly higher income due to 

improved job allocation and platform preference. 

Digital access (0.65) also has a strong positive 

correlation with income, suggesting that workers with 

better access to technology and digital tools can secure 

more opportunities and earn more. 

 

Table 8: Correlation between Variables 

Variable Income Hours Rating Digital 

Access 

Income 1.00 0.62 0.71 0.65 

Hours 0.62 1.00 0.45 0.40 

Rating 0.71 0.45 1.00 0.52 

Digital Access 0.65 0.40 0.52 1.00 

The relationship between income and working hours 

(0.62) is moderately strong, meaning that longer 

working hours do increase income, but not as strongly 

as ratings or digital access. Additionally, hours show 

weaker correlations with ratings (0.45) and digital 

access (0.40), indicating that productivity and digital 

efficiency matter more than just time spent working. 

Hence, the analysis highlights that performance 

(ratings) and digital capability are more important 

drivers of income than mere working hours in the gig 

economy. 

Regression Results- The model shows a strong fit with 

R² = 0.76 and Adjusted R² = 0.72, indicating that 

around 72–76% of the variation in income is explained 

by the included variables. The F-statistic (14.5) is 

significant at the 0.01 level, confirming that the overall 

model is statistically reliable. 

Table 9: OLS Regression Output 

Variable Coefficient Std. 

Error 

t-

value 

Significance 

Intercept 5,200 3,100 1.67 * 

Hours 210 75 2.8 ** 

Rating 4,800 1,200 4.0 *** 

Digital 

Access 

2,950 950 3.1 *** 

Gender 

(Female=1) 

-4,600 1,300 -3.5 *** 

*, **, & *** indicate levels of statistical significance 

at 10%, 5%, and 1%, respectively. 

Among the variables, platform rating (β1 = 4,800) has 

the strongest positive and highly significant impact (p 

< 0.01), indicating that better-rated workers earn 

substantially more. Digital access (β2 = 2,950) is also 

highly significant, showing that access to technology 

improves income opportunities. Working hours (β3 = 

210) has a positive but moderate effect, significant at 

the 0.05 level, suggesting that time spent working 

increases income, but less strongly than ratings or 

digital access. 

The gender variable (β4 = -4,600) is negative and 

highly significant (p < 0.01), providing clear evidence 

that female workers earn significantly less than male 

workers, even after controlling for other factors. 

Hence, the results indicate that performance and 

digital capability are key drivers of income, while 
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gender inequality remains a significant issue in the gig 

economy. 

Findings-The regression results indicate that working 

hours (β₁ = 210) have a positive and statistically 

significant (at 5% level (p < 0.05) impact on income, 

as each additional hour of work increases earnings by 

₹210. This shows that labor input still plays an 

important role in determining income, although its 

effect is moderate compared to other factors. It also 

indicates labor intensity still matters. 

The analysis further reveals that platform rating is the 

most influential factor, with a strong positive and 

highly significant effect (β₂ = 4,800, highly significant 

at 1% level (p < 0.01) on income. Workers with higher 

ratings receive better job allocation and earn more, 

reflecting the importance of algorithm-driven systems 

in gig platforms. Similarly, digital access (β₃ = 2,950, 

significant at 1% level, p<0.01%)) significantly 

enhances income opportunities, indicating that 

workers with better digital literacy and access to 

technology are able to perform more efficiently and 

secure higher earnings. 

However, the gender variable shows a negative and 

highly significant (at 1% level, p<0.01), effect, 

meaning that women earn (β₄ = -4,600) ₹4,600 less 

than men on average. This provides strong evidence of 

gender discrimination in the gig economy, even after 

controlling for other factors like working hours, 

ratings, and digital access. 

Overall, the findings suggest that while the gig 

economy offers income opportunities and rewards 

performance and digital capability, it fails to eliminate 

structural inequalities. The model explains a high 

proportion of income variation (R² = 0.76), and the 

statistical significance of variables confirms the 

reliability of results. Thus, the gig economy is both an 

opportunity-driven system and a space where existing 

inequalities, particularly gender-based disparities, 

continue to persist. 

VIII. CONCLUSION 

This study provides strong empirical evidence that 

while the gig economy in Mumbai has expanded 

employment opportunities for women, it continues to 

reflect and reinforce underlying gender-inequalities. 

The findings reveal that women gig workers earn 

significantly lower incomes than their male 

counterparts, work fewer hours due to structural and 

social constraints, and face disadvantages in platform 

ratings and job allocation. Moreover, the digital divide 

manifested through limited access to technology and 

lower digital literacy further restricts women’s ability 

to fully benefit from platform-based work. 

The econometric analysis confirms that factors such as 

working hours, platform ratings, and digital access 

positively influence income, while the gender variable 

remains negative and statistically significant, 

indicating the presence of systemic discrimination. 

These results suggest that the gig economy, although 

flexible and accessible, is not inherently equitable. 

Instead, it operates within existing socio-economic 

structures that shape outcomes along gender lines. 

Therefore, achieving inclusivity in the gig economy 

requires targeted policy interventions, including 

improving digital access for women, ensuring 

algorithmic transparency, promoting fair work 

practices, and providing social security mechanisms. 

In conclusion, the gig economy holds transformative 

potential, but without deliberate corrective measures, 

it risks perpetuating inequality rather than eliminating 

it.  
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