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Abstract 
Digital labor platforms and online work are rapidly growing in Pakistan, yet rigorous empirical evidence 
on the effect of this growth on Wages is very scarce. This paper uses the recent Labor Force Survey 2024-
2025, the first national dataset to separately identify online and digital workers, to examine three related 
questions: whether digital work generates a wage premium over traditional employment, whether this 
premium differs by gender, and the characteristics of individuals to predict entry into digital work. Using 
Mincer's equation, OLS regression on a restricted sample of 24406 workers, this research estimates a 
premium for digital work while controlling for age, gender, education, and job characteristics. The 
findings reveal that the conditional earnings premium is a 6.97%. Heterogeneity analysis across gender 
shows that digital work does not bridge the gender wage gap, as women face 22.5% earning penalty in 
both digital and physical work. Platform analysis shows differences in premiums for different kinds of 
online jobs. The probit model shows that people with higher education, especially those with higher 
computer qualifications and living in urban areas, have a significant increase in probability of entering 
and participating in the digital labor market. Overall, the findings suggest that while digital work is 
associated with higher earnings, its benefits are uneven across workers and types of online employment. 
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Introduction 
The global labor market is continuously being reconstructed due to emergence of digital labor platforms 
and an increase in digital/online work yet in Pakistan, this transformation is empirically invisible due to 
lack of available data. This research is critical because it addresses a major gap in national government 
policy. While government of Pakistan is investing heavily in digital platforms and infrastructure, it does 
do without clear understanding of whether these platforms deliver a sustainable wage premium or are 
prone to traditional market instabilities or even replicate it. This study is first work in Pakistan to move 
from speculation and provide empirical evidence for Pakistan’s digital economy. 
  
What makes this paper unique and different from prior work is use of a brand-new variable introduced in 
Labor force survey (LFS) 2024-2025. Although similar research has been conducted bug none of them is 
Pakistan specific. Prior to this dataset, no largescale dataset had a variable separating traditional 
employment and digital work.  By using the variables S5C14aand S5C14b, this paper provides the 
first ever empirical work onthe digital labor market, offering an original analysis that was previously 
impossible to conduct due to missing data. 
  
Furthermore, the study does a platform of analysis by examining platform heterogeneity. Rather than 
treating digital work as a single category, we distinguish between different platforms like high-skill 
freelancing and location-based gig work, such as delivery and taxi services. This distinction is important, 
as returns to human capital are not same across different digital activities. We also used interaction terms 
within a Mincer-style earnings framework to test the long-held assumption that digital work can mitigate 
the gender wage gap. In a country where female labor force participation faces barriers and 
discriminations, determining if digital work can reduce the earnings penalty is of immense importance.  
  
Finally, this study also addresses the determinants of entry into this new market. Using a Probit model on 
a broad sample of 99,785 observations, we identify the specific demographic and educational 
characteristics that predict who participates in digital work. This is essential for understanding digital 
market in Pakistan ensuring that the benefits of this transformation are not restricted to a small segment 
of the population. Ultimately, this research provides the important evidence base needed to evaluate who 
truly benefits from the digital transition, ensuring that future human capital investments are targeted 
toward the platforms and skills that offer an actual path to economic growthin the modern Pakistani 
economy. 
 
Literature Review 
The rapid expansion of technology has reconstructed the labor markets across the world. The emergence 
of digital technologies has made the rise of digital labor platforms possible, with demand for freelancing 
projects increased by over 90% between 2016 and 2021(Qasim & Aslam, 2024), showing a shift in how 
work now is organized and compensated. In Pakistan, this transformation has taken place in distinct forms, 
like teaching platforms, ecommerce selling services like Daraz, freelancing platforms like Upwork, and 
delivery services like food panda. Pakistan. Pakistan has emerged among leading countries globally in 
online labor supply, yet activities performed through online work only constitutes 2.59% of overall 
employment in Pakistan (LFS, 2024) suggesting online labor is very far from the mainstream one. 
Empirical evidence on wage outcomes and participation patterns of these workers remains very limited 
especially for Pakistan, as there was no detailed data on gig work in Pakistan before LFS 2024-2025. This 
new data is very important as Government is investing heavily in digital labor expansion (Ministry of IT), 
but effective policy can’t be designed without knowing if the wage premium exists, who benefits, and 
which platforms deliver better outcomes. This review examines three interconnected questions, whether 
digital work generates wage premium compared to those in traditional job market, which factors contribute 
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to entry in digital work and how the earnings after entering the digital market differs across different 
platforms within Pakistan.  
 
The framework for analyzing wage outcomes in digital work is rooted in human capital theory articulated 
by mincers Earnings equation. (Mincer, 1974). The Mincer equation remains an accurate benchmark for 
estimating wage determination provided it accounts for experience, schooling, and cohort effects and is 
adjusted a bit. (Lemieux, 2006). This equation directly helps this study, which tests whether digital work 
generates earnings above what this equation predicts. Although, this equation might produce misleading 
results without looking at non linearities in modern world. 
Labor markets are thought to be transformation where traditional employment is increasingly 
supplemented or substituted digital work by online platforms, still the scale and scope of these changes is 
difficult to assess using conventional labor market statistics (Kassi & Lehdonvirta, 2018). This challenge 
for measuring wage premiums is acute particularly in developing economies like Pakistan where data 
available is very limited. 
There is very mixed empirical evidence on whether digital work brings wage premium over traditional 
jobs based on skill levels. In online labor markets, over 89% of transactions span international borders, 
with workers typically located in lower-wage countries (Stanton & Thomas, 2021), which basically means 
the driving factor for digital work is wage differentials between countries rather than only premiums. For 
low skilled labor, digital works causes more instability rather them premiums, as work on such platforms 
is on and off. Research documents the responses of workers to wage changes on platforms, highlighting 
the significance of platform-mediated employment in shaping earnings outcomes (Horton, 2010). For 
higher-skilled labors, however, platform reputation systems amplify returns to human capital suggesting 
that the wage premium in digital labor markets is non uniform but much more among skilled, experienced 
workers (Stanton & Thomas, 2021). This difference in wages is very important to this paper’s focus on 
human capital as variables for wage premium in Pakistan.  
 
 A fundamental part of this research is interaction between gender and online work. In Pakistan, where 
female labor force participation (FLFP) faces significant barriers, digital labor offers a "location-flexible" 
alternative that may mitigate traditional disparities (CREB, n.d.). New findings in developing markets 
suggest that digital work can provide a premium for women that is significantly higher than for men, 
potentially aiding wage determination and employment probability. (Malik et al., 2026). In Pakistan 
specifically, women who do enter freelancing often earn equal or slightly higher hourly rates than men in 
some task categories, with remote work reducing barriers linked to mobility and cultural constraints 
(FJAR, 2025).  Although, there is a lot of potential, online work cannot mitigate the gender pay gap. The 
Pakistan Labor Force Survey (LFS) 2024–25 reveals that a there is 45%-point gender gap in 
participation. (LFS, 2024-2025). Also, along with gender pay gap, online occupational segregation is also 
well established. women are more involved in writing and translation while men dominate higher-paying 
technical roles.  (Autonomy Institute, 2024).  
 
The third model about determinants of probability of entering the digital labor market. The decision to 
start online work is not random, it is based on several individual characteristics that raise or lower the 
probability of person entering digital labor market. As entry is a binary variable, probit regression is the 
best measure. It has been used similarly in other studies to estimate which factors significantly predict 
whether individuals participate in platform-mediated work, including gender, education level, age, 
geographic location, and internet usage. (Kaya & Karahan, 2023). Previous research studies identify 
education as most important factor of digital market (Stevenson, 2008). Age has also been significantly 
important to determine entry probability (Goolsbee & Klenow, 2016). Humanities & Social Sciences 
Communications (2025) used Probit analysis on Chinese survey data and found that medium education 
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and work experience moderate the age effect, which means old workers with strong human capital face 
lower entry barrier then older workers with low human capital. 
There has been similar researched worldwide, but this paper applies the probit framework specifically to 
Pakistan’s digital labor market. 
 
Despite so much expansion of digital labor, there is significant gap in literature regarding any empirical 
evidence for Pakistan, as detailed dataset was missing before 2024-2025. Also, existing literature fails to 
account for earning differences across different platforms. Furthermore, while digital labor is theorized to 
offer a premium higher for women, there is a lack of rigorous empirical evidence using interaction terms 
to verify it. This paper fills these gaps by using the newly released LFS 2024–2025 dataset which contains 
a variable about online and digital work to estimate a precise digital wage premium, impact of gender and 
analyze the demographic determinants of entry through a Probit model. It also provides analysis about 
platform heterogeneity, such as how free lancing of location based digital opportunities impact labor and 
wage outcomes in modern PakistanI economy. 
 
Research Question 
How is online/digital work associated with workers' earnings in Pakistan's Labour Force Survey 2024-
25, and does this association vary by gender, earnings level, and type of digital platform/activity? 
 
Methodology 
Data and Sample: 
We used the Labour Force Survey 2024-25 with 325,445 observations and 166 variables. The variable 
names followed the standard section, code format in accordance with the LFS questionnaire, e.g, Section 
5 Code 7 had the variable name S5C7.  
 
The main earnings sample is restricted to workers with valid positive monthly earnings and a valid 
response on the mode of work activity. Monthly earnings are measured using variable `S7C43`, labelled 
in the dataset as net money earned in total in the last month. Observations are retained only when `S7C43` 
is non-missing and greater than zero. This restriction is necessary because the dependent variable in the 
earnings regressions is the natural logarithm of monthly earnings, and log earnings cannot be calculated 
for zero or missing earnings. 
 
The key explanatory variable is based on `S5C14a`, which identifies whether the worker's main activity 
is physical/manual, online/digital, or both. A binary variable named `online_digital` is constructed. 
Workers whose activity is physical/manual are coded as ̀ 0`, while workers whose activity is online/digital 
or both physical and online are coded as `1`. This means the comparison is between purely 
physical/manual workers and workers with some digital component in their main activity. 
 
In this sample, physical/manual workers are the large majority (Table 1). There are 23,414 
physical/manual workers, representing 95.94 percent of the sample, and 992 workers in the online/digital 
or mixed online-physical category, representing 4.06 percent. This immediately shows that digital work 
is still a relatively small but visible part of the measured labour market in the earnings sample.  
Table1: Tabulation of online_digital   

Online/digital work Freq. Percent Cum. 
Physical/manual 23414 95.94 95.94 
Online/digital or both 992 4.06 100.00 
Total 24406 100.00  
 

 



 5 
The gender composition also differs by work mode.(See Table 2) Among physical/manual workers, 85.45 
percent are male and 14.55 percent are female. Among online/digital or mixed workers, 77.82 percent are 
male and 22.18 percent are female. This suggests that women form a somewhat larger share of 
online/digital workers than of physical/manual workers in the restricted earnings sample. However, men 
still represent the majority in both categories. 
 
Table 2: Tabulation of online_digital gender   

Online/digital work 
1'Male' 2'Female' 
Male Female Total 

Physical/manual 20008 3406 23414 
 85.45 14.55 100.00 
Online/digital or both 772 220 992 
 77.82 22.18 100.00 
Total 20780 3626 24406 
 85.14 14.86 100.00 
 

First row has frequencies and second row has row percentages 
 
The mean monthly earnings in the main sample are Rs. 47,996.77 (Table 3), with a standard deviation of 
Rs. 32,345.51. The mean of log monthly earnings is 10.6339. The average age is about 35.15 years, and 
average actual hours worked are about 49.74 hours. The earnings distribution is wide, with monthly 
earnings ranging from Rs. 2,000 to Rs. 1,140,000. This dispersion justifies using log earnings, because 
logging earnings reduces the influence of very high observations and allows coefficients to be interpreted 
approximately as percentage differences. 
 
Table 3: Descriptive Statistics  

 Variable  Obs  Mean  Std. Dev.  Min  Max 
 monthly earnings 24406 47996.767 32345.509 2000 1140000 
 ln monthly earnings 24406 10.634 .528 7.601 13.947 
 age 24406 35.153 12.247 10 90 
 hours worked 24406 49.74 12.236 2 99 
 

 
An important step in our paper was using OLS regression/ mincers equation. The raw wages data was 
significantly right skewed which would cause bias in OLS estimates. By applying the log transformation, 
the distribution aligns closely with a normal distribution, with a mean around 10.63. this normalization 
ensures estimates are not biased.  
Graph1 
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Our sample is divided in to two main categories, purely physical workers and workers involved in digital 
work. The Gender decomposition below shows that men dominate in both the sectors, and women 
comprise a higher percentage in digital work (22.2%) compared to physical labor (14.5%). This suggests 
that although digital work might provide easier entry and low barriers for women but it does not guarantee 
reduction in gender wage gap. 

Graph 2 

 
 
The Age-Earnings Scatter shows that earnings rise with age at a decreasing rate, peaking before declining 
in later years. This non-linear relationship is very important for isolating the true effect of digital work 
from experience-based gains.  
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Graph 3 

 

For platform analysis of digital workers, we used variable S5C14b to categorize different platform. The 
box plot below shows substantial variation in different platforms. While specialized services like 
Medical/Health Care show higher median log earnings, location-based gig work such as taxi and Delivery 
services show lower median earnings and narrower distributions. This heterogeneity justifies our decision 
to treat digital work as a non-uniform category in Model 2. 
 
Graph 4 
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Variable construction 
The earnings models have the dependent variable as the natural logarithm of the monthly earnings of the 
individual under study, i.e. the natural logarithm of: This is typical in wage and earnings regressions since 
earnings tend to be skewed on the right. A log specification also simplifies the interpretation of 
coefficients: in the case of a binary variable, the percentage change that would just be computed as the 
exponential of the beta is instead calculated as the percentage change as would be obtained by simply 
computing the ratio of the two numbers, which is multiplied by 100. 
 
The independent variable of interest is online digital variable, which is denoted by the variable online 
digital. It equals 1 when the workers do online/digital work or both online and physical work and equals 
0 when workers do physical/manual work only. The coefficient on this variable in the Mincer earnings 
equation can be interpreted as the conditional difference in log monthly earnings between online/digital 
workers and physical/manual workers, all things held constant. 
 
The `S4C6´ variable denotes age. We construct the square of age, agesq, which is a negative effect of age 
on the logarithmic monthly earnings according to the standard Mincer model. Mincer model illustrates 
that age increase correlates with earnings increase at a decreasing rate with decline in earnings with 
increasing age.  
 
Broad groups are occupation and industry. The occupation group is formed as floor(S5C12/1000)). The 
industry group is formed as floor(S5C13/1000)). This transforms four-digit PSCO codes into one-digit 
groups. The lexical categorization of data into broad groups minimizes the number of categories and helps 
to avoid overfitting, still being able to control the major differences in the nature of the work performed 
and the field of employment. 
 
The occupation variable is S5C12 and it is based on the Pakistan Standard Classification of Occupations 
2012 (PSCO-2012), which, in turn, is based on the International Standard Classification of Occupations 
(ISCO-08). In this system, workers have four-digit occupational codes with the first digit classifying the 
major group. The major group is recovered directly by dividing by 1000 and taking the floor. The ten 
major groups will be the armed forces (0), through to managers (1), professionals (2), technicians and 
associate professionals (3), clerical support workers (4), service and sales workers (5), skilled agricultural 
and fishery workers (6), craft and related trades workers (7), plant and machine operators and assemblers 
(8), to elementary occupations (9). In both the regressions of earnings, major group 1 (managers) are the 
omitted baseline, thus all occupation coefficients should be read in relation to managerial workers. 
 
The industry variable, which is represented as S5C13, is based on the Pakistan Standard Industrial 
Classification, Revised Edition 4 (PSIC Rev. 4, 2010), which is aligned to the International Standard 
Industrial Classification (ISIC Rev. 4). The industries are given four digit class codes where the first two 
digits depict the division. The four-digit codes are grouped in ten categories of one thousand each, which, 
in turn, is represented by a group of PSIC divisions. The codes in the range 0000-0999 are agriculture, 
forestry, fishing, and mining (divisions 01-09) and they serve as the omitted baseline. The food, beverage, 
tobacco, textile, apparel, leather, wood, and paper manufacturing (divisions 1019) are captured in codes 
in the 10001999 range. The 200029 range includes chemicals, pharmaceuticals, rubber, plastics, metals, 
machinery and electronics manufacturing (divisions 2029). The 30003999 range incorporates the leftover 
manufacturing and electricity, gas, water supply and waste management (divisions 3039). The range 
40004999 (divisions 4149) includes construction and wholesale and retail trade. The range 50005900 
covers the following divisions: transport and storage, accommodation and food services, publishing and 
broadcasting (divisions 5059). The 6000-6999 range (divisions 60 69) includes telecommunications, 
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information technology, finance and insurance, real estate, and legal and accounting services. The 
70007999 range (divisions 7079) includes professional, scientific and technical activities as well as 
administrative and support services. The 8000 -8999 range (divisions 80 -89) consists of public 
administration, education, and health and social work. And finally, the range of arts, recreation, personal 
services and household activities occupies the 9000-9999 range (divisions 90-99). These groupings are 
rough, and they fail to represent a complete picture of the structural differences across sectors, but they do 
provide a picture of the main structural differences across sectors without introducing an excessive number 
of indicator variables into the regression. 
 
The survey variable is used in creating gender, i.e., in creating the gender specific model, a separate binary 
variable is constructed i.e. female. This variable is 1 when female workers and 0 when male workers. 
Education is one of a group of categorical indicators based on the use of S4C9. Province and region has 
been added to consider geographic variation in wages and labour market structure. The employment status 
is manipulated through the use of S5C11 and the actual hours are incorporated through the use of S5C24. 
 
The platform sub-analysis employs a conditional, using S5C14b, which is only seen in the case of workers 
whose activity has an online/digital component. This variable determines the kind of digital platform or 
activity utilized. They are selling goods, taxi, delivery, freelancing, medical/health care, teaching, renting, 
on-location, other activities such as YouTube or Tik Tok, and any other activity. 
 
Empirical Strategy 
The primary Mincer-type earnings regression is the first model. The model estimates log monthly earnings 
to be a function of online/digital work, age, age squared, gender, education, hours worked, province, 
region, employment status, occupation group, and industry group. The survey weight variable - Weights 
- is used to apply probability weights and robust standard errors are employed. This model can be 
expressed as: 
 
Online digital online earnings are beta0 + beta1 online digital earnings + beta2 age + beta3 age squared + 
controls + error. 

ln(w!) = 	β" +	β#Online_digital! +	β$Age! +	β%Age!$ +	β&Female! +	β'Hours! +	Σ(γ(Educ(! +	Σ)δ)Province)!
+	Σ*δ*Region*! +	Σ+λ+EmpStatus+! +	Σ,µ,Occ,! +	Σ-φ-Ind-! +	ε! 

Where w is monthly earnings, Online-digital is the binary variable for online/ digital work, Educ represents categories of 
educational level, Province represents categories of provinces, Region represents Urban and Rural, Emp Status is employment 
status, Occ is occupational group and Ind is industry group.  
 
The interest coefficient is: beta1. A positive and statistically significant value of beta1 suggests that the 
online/digital workers receive higher pay than physical/manual workers, depending on the controls 
included. The value of the exact percentage premium of online/ digital workers is computed as follows: 
(exp(beta1) -1)100. 
 
The second model is a heterogeneity model and is divided into two. The former part is a continuation of 
the main Mincer earnings equation with the addition of an interaction between gender and online/digital 
work. This section poses a question on whether the digital work alters the female earnings penalty. The 
model of interaction comprises of female, online-digital and female x online-digital. The controls are kept 
the same as the first model. 
Gender-interaction component of the second model is: 
 

ln(w!) = 	β" +	β#Female! +	β$Online! +	β%(/(012(!×	562!6(!) +	β&Age! +	β'Age!
$ +	β8Hours! +	Σ(γ(Educ(!

+	Σ)δ)Province)! +	Σ*δ*Region*! +	Σ+λ+EmpStatus+! +	Σ,µ,Occ,! +	Σ-φ-Ind-! +	ε! 
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In this model, the female earnings gap between physical/manual workers is captured by the beta1, since 
the physical/manual male workers are the reference group. The online/digital earnings premium of male 
workers is captured by the coefficient of beta2. The most important coefficient when it comes to the gender 
question is the interaction coefficient of beta3. It demonstrates the difference in the female earnings gap 
between online/digital workers and physical/manual workers. Assuming that online/digital work lowers 
the female earnings penalty, it would follow that positive and statistically significant values of beta3 would 
indicate such a relationship. With the negative and significant value, it would indicate that online/digital 
work is associated with the female penalty.  
 
The gender model is significant as digital labor can have different impacts on men and women. The gender 
interaction section records an interesting thought: Online work has the potential to enhance access to 
women, allowing a reduction in female wage discrimination, or it can actually reduce the provision of 
opportunities due to limited skills and training in online work, which implies an increase in the feminist 
wage discrimination.  
 
The subplatform or activity-type analysis is the second part of Model 2. This section is limited to those 
workers who have non-missing data on the variable S5C14b (Platform) that determines the type of digital 
platform or activity used. As S5C14b is only observed among workers with activity with an online/digital 
component, this model does not compare digital workers with physical/manual workers. Rather, it 
juxtaposes various forms of digital workers among themselves. The particular issue is that the dependent 
variable log monthly earnings is explained by the set of categories of online platform/activity. 
 
The subplatform part of the second model is: 
 

ln(w!) = 	β" +	Σ9:$; β9Platform9! +	β)Age! +	β<Age!$ +	β*Female! +	β+Hours! +	Σ(γ(Educ(! +	Σ)δ)Province)!
+	Σ*δ*Region*! +	Σ+λ+EmpStatus+! +	Σ,µ,Occ,! +	Σ-φ-Ind-! +	ε! 

 
The first category of Platform is the sales of goods via such websites as Amazon, Daraz, Pakwheels, 
Alibaba, or homemade snacks. The coefficients of the other categories of S5C14b show whether workers 
in the taxi services, delivery services, freelancing, medical/health care, teaching, renting services, on-
location services, social media or content activities, and other digital activities earn more or less than the 
base category, after the worker and job characteristics are controlled. This subplatform analysis is 
incorporated since online/digital work is not a single uniform category, returns can vary significantly 
between high-skill digital services and location-based gig work. 
 
The third model is a probit model that predicts the probability of being an online/digital worker. This 
model works with a larger sample of 99,785 workers with valid digital-work status and non-missing 
controls. The result is binary and hence, a probit specification is suited. The model approximates the 
features that are correlated with increasing or decreasing likelihood of digital work. The average marginal 
effects are then computed, which depict the estimated percentage change in the probability of 
online/digital work relative to a change in each explanatory variable. 
 
The third model is: 
 

P(Online! = 	1) = 	ΦLβ" +	β#Age! +	β$Age!$ +	Σ=γ=Gender=! +	Σ(δ(Educ(! +	Σ)θ)Province)! +	Σ*λ*Region*!
+	Σ+µ+EmpStatus+! +	Σ,φ,Occ,! +	Σ-ψ-Ind-!P 
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In this case, `Phi` is a cumulative normal distribution that is employed in the probit model. Compared to 
the earnings regressions, this model does not need valid positive monthly earnings or valid hours worked, 
since its dependent variable is digital-work participation, not earnings. This is the reason why the probit 
model has a bigger sample as compared to the earnings models. 
 
Results  
Model 1:  
The results for the Mincer’s online/ digital model equation are as follows:  
 
Table4: Linear Regression for Model 1 

ln_monthly_earnings  Coef.  St.Err.  t-value  p-value  Sig 
online_digital .067 .016 4.24 0 *** 
age .018 .001 13.17 0 *** 
age_sq 0 0 -8.82 0 *** 
1'Male' 2'Female' ~e 0 . . .  
Female -.255 .01 -24.28 0 *** 
Education Level : ~l 0 . . .  
Nursery but b..G. -.024 .051 -0.48 .63  
K.G but below prim~y .001 .016 0.04 .972  
Primary but below ~e .011 .01 1.05 .296  
Middle but below m~c .037 .009 3.90 0 *** 
Matric but below i~e .079 .01 8.32 0 *** 
Inter. but below d~e .108 .011 9.79 0 *** 
Degree in engineer~g .36 .032 11.34 0 *** 
Degree in medicine .454 .041 11.07 0 *** 
Degree in computer .27 .057 4.75 0 *** 
Degree in agricult~e .185 .125 1.48 .14  
Degree in other su~r .115 .014 8.19 0 *** 
BS/BE (4-years) .19 .022 8.75 0 *** 
M.A/M.Sc. .203 .016 12.78 0 *** 
M.Phil/MS .341 .04 8.62 0 *** 
Ph.D .565 .104 5.45 0 *** 
hours_worked 0 0 -0.31 .758  
 : base KP 0 . . .  
Punjab .02 .008 2.36 .019 ** 
Sindh .017 .009 1.86 .063 * 
Balochistan -.018 .011 -1.63 .104  
Region : base Rural 0 . . .  
Urban .007 .006 1.18 .237  
Status of Employme~l 0 . . .  
Paid Apprentice -.81 .054 -15.10 0 *** 
Broad occupation~201 0 . . .  
Professionals -.432 .021 -20.40 0 *** 
Technicians and as~s -.439 .021 -20.74 0 *** 
Clerical support w~s -.515 .022 -23.37 0 *** 
Service and sales ~s -.639 .021 -30.32 0 *** 
Skilled agricultur~y -.788 .034 -23.48 0 *** 
Craft and related ~s -.782 .023 -33.60 0 *** 
Plant and machine ~s -.737 .022 -34.19 0 *** 
Elementary occupat~s -.802 .021 -37.45 0 *** 
Broad industr..4 d~i 0 . . .  
Basic Mfg .203 .015 13.37 0 *** 
Chem/Metal .205 .017 11.98 0 *** 
Utilities .344 .019 17.82 0 *** 
Constr/Trade .146 .015 9.55 0 *** 
Transport .182 .02 9.30 0 *** 
ICT/Finance .345 .021 16.24 0 *** 
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Business .339 .031 10.92 0 *** 
Public .37 .015 23.96 0 *** 
Other Serv .098 .017 5.86 0 *** 
Constant 10.533 .038 276.19 0 *** 
Mean dependent var 10.634 
R-squared  0.407 
Number of obs   24406 
Prob > F  0.000 

*** p<.01, ** p<.05, * p<.1 
 
The initial question is simple: do online and digital employees get indeed higher pay? Yes, but the 
magnitude of the benefit will very much depend upon the thing on which the comparison is made.  
 
The model is estimated on 24,406 workers and has an R-squared of 0.407 solid with cross-sectional 
earnings data when things such as individual motivation, level of digital skill, and access to reliable 
internet are never seen. 
 
The difference between the earnings of online/ digital and physical workers in the raw data is significant. 
The average of physical/manual workers is Rs. 47,324 per month; the online/digital employees earn an 
average of Rs. 63,876 - a difference of about Rs. 16500 or about 35 per cent (see table above). Much of 
that difference is however who the digital workers are and not what they do. They are better educated, 
more inclined to work in some industries and occupations, and are more urban. After the regression has 
taken all of this into account - age, gender, education, hours, province, region, employment status, 
occupation group and industry group - the estimated premium is reduced to 0.0674, with a standard error 
of 0.0159 (p < 0.01). That translates to a 6.97 percent earnings advantage.  
 
All the rest of the regression is read-off as one would expect. The age and the age squared are both 
significant at the 1 percent level with coefficients of 0.018 and -0.000155 respectively. The earnings 
increase with age, but at a decreasing rate, which peaks at about age 58, a typical Mincer. The gap between 
the genders is big: the female coefficient is equal to -0.2548 (p < 0.01), which means that women earn 
approximately 22.5 percent less than men in otherwise similar circumstances. The difference is not 
attributed to sector or occupation as both are controlled.  
The positive trend of familiarity is reflected in education. All of engineering, medicine, computer studies, 
BS/BE, MA/MSc, MPhil/MS and PhD have significant positive coefficients compared with the base 
category. The largest coefficient is the PhD with approximately 0.565 implying that the earnings are 
approximately 76 percent above the base group. There are also high premiums associated with computer 
degrees, which is understandable, considering that digital skills are gaining more and more popularity on 
the market. 
 
All the coefficients of the occupational groups are significant at the 1% level. The direction of the 
occupation group coefficients is important. All the occupation groups in the regression - groups 2 to 9 - 
have negative coefficients and are all significant at the 1 percent level. The other category not included is 
major group 1, managers, which is the highest earning occupational group in the sample. All other groups 
have a lower remuneration than managers following controls, implying all coefficients are negative. The 
amount of the penalty increases with a decline in the occupational hierarchy: the professionals (group 2) 
are approximately 35 percent less than managers (using (exp(beta) - 1) / 100), and elementary workers 
(group 9) are approximately 55 percent less. Craft workers (group 7) and plant operators (group 8) are in 
negative territory also at around 54 and 52 percent below the managerial baseline respectively. These 
extremes are bridged by service and sales workers (group 5) and those skilled at working in agriculture 
(group 6).  
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The coefficients of the industry groups are in the reverse order. All the industry groups 1 to 9 have a 
positive coefficient, once again all significant at the 1 percent level. In this case the industry group 0 which 
includes agriculture, forestry, fishing, and mining is used as the baseline, as it has been one of the lowest-
paid sectors of the labour market of Pakistan. Workers in all other sectors receive higher pay than that of 
the base. The premium is especially large in industries in the 3000-3999 range ( other manufacturing and 
utilities, coefficient around 0.34) and those in the 6000-6999 range covering ICT, finance and real estate 
(around 0.34 as well) and in the 7000-7999 range covering public administration, education and health 
(group 8, around 0.37). Even the smallest industry premium, arts and other services (group 9) with the 
approximate value of 0.10 is still positive and significant. This trend is indicative of an established aspect 
of the labour market in Pakistan: agricultural workers receive much lower wages than workers in most 
other sectors. The construction of all other coefficients in each sector is positive, therefore, using 
agriculture and mining as the baseline. 
 
MODEL 2:  
Model 2 allows us to trace two heterogeneities in our main model: the gender-online work effect and the 
platform analysis of online work. 
The results of the gender interaction part of the model are as follows: 
 
Table 5: Linear regression for Model 2 part a- Gender Interaction Effect. 

 ln_monthly_earnings  Coef.  St.Err.  t-
value 

 p-value  Sig 

Female : base Male 0 . . .  
Female -.255 .011 -

23.53 
0 *** 

Online/digital wor~i 0 . . .  
Online/digital or ~h .068 .018 3.70 0 *** 
female#0b : base P~l 0 . . .  
female#online_digital 0 . . .  
1o 0 . . .  
Female#Online/digital or both -.001 .036 -0.03 .975  
age .018 .001 13.17 0 *** 
age_sq 0 0 -8.82 0 *** 
Education Level : ~l 0 . . .  
Nursery but b..G. -.024 .051 -0.48 .63  
K.G but below prim~y .001 .016 0.04 .971  
Primary but below ~e .011 .01 1.05 .295  
Middle but below m~c .037 .009 3.90 0 *** 
Matric but below i~e .079 .01 8.32 0 *** 
Inter. but below d~e .108 .011 9.79 0 *** 
Degree in engineer~g .36 .032 11.33 0 *** 
Degree in medicine .454 .041 11.07 0 *** 
Degree in computer .27 .057 4.75 0 *** 
Degree in agricult~e .185 .125 1.47 .14  
Degree in other su~r .115 .014 8.19 0 *** 
BS/BE (4-years) .19 .022 8.75 0 *** 
M.A/M.Sc. .203 .016 12.78 0 *** 
M.Phil/MS .341 .04 8.61 0 *** 
Ph.D .565 .104 5.45 0 *** 
hours_worked 0 0 -0.31 .759  
 : base KP 0 . . .  
Punjab .02 .008 2.35 .019 ** 
Sindh .017 .009 1.86 .063 * 
Balochistan -.018 .011 -1.63 .104  



 14 
Region : base Rural 0 . . .  
Urban .007 .006 1.18 .237  
Status of Employme~l 0 . . .  
Paid Apprentice -.81 .054 -

15.10 
0 *** 

Broad occupation~201 0 . . .  
Professionals -.432 .021 -

20.38 
0 *** 

Technicians and as~s -.439 .021 -
20.74 

0 *** 

Clerical support w~s -.515 .022 -
23.37 

0 *** 

Service and sales ~s -.639 .021 -
30.31 

0 *** 

Skilled agricultur~y -.788 .034 -
23.47 

0 *** 

Craft and related ~s -.781 .023 -
33.59 

0 *** 

Plant and machine ~s -.737 .022 -
34.18 

0 *** 

Elementary occupat~s -.802 .021 -
37.44 

0 *** 

Broad industr..4 d~i 0 . . .  
Basic Mfg .203 .015 13.37 0 *** 
Chem/Metal .205 .017 11.98 0 *** 
Utilities .344 .019 17.82 0 *** 
Constr/Trade .146 .015 9.55 0 *** 
Transport .182 .02 9.29 0 *** 
ICT/Finance .345 .021 16.23 0 *** 
Business .339 .031 10.92 0 *** 
Public .37 .015 23.96 0 *** 
Other Serv .098 .017 5.85 0 *** 
Constant 10.533 .038 276.2

2 
0 *** 

 
Mean dependent var 10.634 
R-squared  0.407 
SD dependent var  0.528 
Number of obs   24406 
Prob > F  0.000 

*** p<.01, ** p<.05, * p<.1 
 
The model of gender interaction takes the same controls with the same number of workers, a female 
dummy, online digital and the interaction between them. Male physical/manual workers are the reference 
group and the R-squared stays at 0.407. 
 
 The coefficient of female is -0.2547 (p = less than 0.01) or 22.48 percent penalty on the earnings of 
women employed in physical/manual labor. Things become interesting at the interaction term. The 
coefficient of female x online-digital is equal to -0.0011, the standard error is 0.0357, the p-value equals 
0.975. The female coefficient plus the interaction gives a net female penalty among digital workers of -
0.2558, which implies a difference of 22.57 percent - nearly the same difference as the 22.48 percent 
difference between physical work. The interactive significance test value on the interaction gives p = 
0.9750. To the point, digital work is not going to reduce the gender earnings gap, even in the slightest. 
Whether a woman is doing platform work or physical labour, she earns about 22.5 percent less than a 
comparable man. The second component, i.e. the platform analysis component to our model presented the 
following results: 
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Table 6: Linear regression for Model 2 part b- Platform Sub-analysis.  

 ln_monthly_earnings  Coef.  St.Err.  t-value  p-value  Sig 
Digital platf..) 0 . . .  
Taxi Services..) -.248 .105 -2.36 .019 ** 
Delivery serv..) -.22 .104 -2.11 .035 ** 
Freelancing Activi~e .039 .097 0.40 .686  
Medical/Health Car~l .208 .106 1.97 .05 ** 
Teaching (Tui..) .028 .112 0.25 .803  
Renting Servi..com~) -.107 .125 -0.85 .393  
On location S..) .135 .117 1.16 .248  
Other Activit..) -.011 .106 -0.10 .917  
Any other .091 .113 0.81 .418  
age .01 .011 0.88 .381  
age_sq 0 0 -0.24 .811  
1'Male' 2'Female' ~e 0 . . .  
Female -.228 .04 -5.63 0 *** 
Education Level : ~l 0 . . .  
Nursery but b..G. -.31 .1 -3.10 .002 *** 
K.G but below prim~y .121 .273 0.44 .657  
Primary but below ~e .051 .062 0.81 .416  
Middle but below m~c .07 .064 1.08 .28  
Matric but below i~e .055 .059 0.93 .351  
Inter. but below d~e .128 .058 2.20 .028 ** 
Degree in engineer~g .271 .117 2.32 .021 ** 
Degree in medicine .294 .109 2.70 .007 *** 
Degree in computer .359 .17 2.11 .035 ** 
Degree in agricult~e .105 .116 0.91 .362  
Degree in other su~r .063 .066 0.95 .342  
BS/BE (4-years) .164 .081 2.02 .044 ** 
M.A/M.Sc. .172 .062 2.77 .006 *** 
M.Phil/MS .393 .095 4.12 0 *** 
Ph.D .922 .115 7.99 0 *** 
hours_worked .001 .001 1.06 .291  
 : base KP 0 . . .  
Punjab -.014 .044 -0.31 .756  
Sindh .006 .048 0.13 .9  
Balochistan -.146 .084 -1.74 .082 * 
Region : base Rural 0 . . .  
Urban .021 .036 0.58 .561  
Status of Employme~l 0 . . .  
Paid Apprentice -.781 .2 -3.91 0 *** 
Broad occupation~201 0 . . .  
Professionals -.305 .092 -3.32 .001 *** 
Technicians and as~s -.626 .09 -6.98 0 *** 
Clerical support w~s -.581 .088 -6.60 0 *** 
Service and sales ~s -.641 .105 -6.08 0 *** 
Craft and related ~s -.943 .234 -4.03 0 *** 
Plant and machine ~s -.62 .114 -5.43 0 *** 
Elementary occupat~s -.898 .116 -7.72 0 *** 
Broad industr..4 d~i 0 . . .  
Basic Mfg .64 .16 3.99 0 *** 
Chem/Metal .67 .142 4.70 0 *** 
Utilities .625 .228 2.74 .006 *** 
Constr/Trade .631 .139 4.55 0 *** 
Transport .814 .128 6.37 0 *** 
ICT/Finance .858 .125 6.84 0 *** 
Business .804 .144 5.57 0 *** 
Public .657 .116 5.66 0 *** 
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Other Serv .461 .119 3.87 0 *** 
Constant 10.21

4 
.218 46.85 0 *** 

Mean dependent var 10.900 
R-squared  0.407 
SD dependent var  0.556 
Number of obs   999 

Prob > F  . 
 

0.000 

*** p<.01, ** p<.05, * p<.1 
 
 
The full platform regression incorporates the same worker and job controls employed in the main earnings 
model including occupation and industry fixed effects. The model has an R-squared of 0.407 on 999 
observations. The most evident negative outcomes are of taxi and delivery services. The coefficient of taxi 
services is -0.248 (relative to the sale of goods) and the coefficient of delivery services is -0.220 (relative 
to the sale of goods). These translate to earnings that are about 22 percent and 20 percent less than the 
selling-goods base, respectively. These are heavy drawbacks even after adjusting on gender, age, 
education, hours, geography, employment status, occupation and industry.  
 
The most apparent positive outcome is medical/health care. Its coefficient is 0.208 (p < 0.05) i.e. earnings 
are approximately 23 percent higher than the selling-goods baseline. The other categories (freelancing, 
teaching, and most others) are not individually significant in the entire regression but some have positive 
point estimates. This is not to say that those activities do not have an earnings advantage; in this 
specification the evidence is too weak to make a solid claim on behalf of those individual categories. The 
conclusion of the entire platform model is the safest, in that the type of platform matters overall, taxi and 
delivery service is a lower-earning sector within digital work, and medical/health care seems to be a 
higher-earner sector within digital work.  
 
MODEL 3 
Table 7: Probit regression for Model 3 

 online_digital  Coef.  St.Err.  t-value  p-value  Sig 
S4C6 0 .005 -0.03 .976  
age_sq 0 0 -0.76 .446  
1'Male' 2'Female' ~e 0 . . .  
Female .321 .04 8.07 0 *** 
Education Level : ~l 0 . . .  
Nursery but b..G. .066 .201 0.33 .741  
K.G but below prim~y .066 .076 0.86 .387  
Primary but below ~e .057 .047 1.20 .232  
Middle but below m~c .14 .044 3.18 .001 *** 
Matric but below i~e .238 .042 5.60 0 *** 
Inter. but below d~e .351 .046 7.71 0 *** 
Degree in engineer~g .214 .115 1.87 .062 * 
Degree in medicine .311 .116 2.68 .007 *** 
Degree in computer .829 .132 6.28 0 *** 
Degree in agricult~e 1.071 .462 2.32 .02 ** 
Degree in other su~r .369 .055 6.67 0 *** 
BS/BE (4-years) .459 .073 6.31 0 *** 
M.A/M.Sc. .511 .056 9.14 0 *** 
M.Phil/MS .721 .121 5.98 0 *** 
Ph.D .586 .308 1.90 .057 * 
 : base KP 0 . . .  
Punjab -.081 .03 -2.70 .007 *** 
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Sindh -.046 .034 -1.35 .178  
Balochistan -.352 .051 -6.91 0 *** 
Region : base Rural 0 . . .  
Urban .201 .024 8.24 0 *** 
Status of Employme~l 0 . . .  
Independent Worker -.001 .098 -0.01 .989  
Employee -.134 .097 -1.39 .165  
Contributing Famil~r -.137 .11 -1.24 .214  
Paid Apprentice -.117 .161 -0.72 .469  
Dependent Contractor 2.531 .113 22.33 0 *** 
Broad occupation~201 0 . . .  
Professionals .542 .081 6.68 0 *** 
Technicians and as~s -.065 .083 -0.79 .429  
Clerical support w~s .146 .092 1.58 .114  
Service and sales ~s -.585 .082 -7.10 0 *** 
Skilled agricultur~y -1.037 .247 -4.20 0 *** 
Craft and related ~s -.43 .089 -4.84 0 *** 
Plant and machine ~s -.006 .085 -0.07 .942  
Elementary occupat~s -1.461 .129 -11.37 0 *** 
Broad industr..4 d~l 0 . . .  
Food, textile.. ~19) .407 .219 1.86 .063 * 
Chemical, met.. ~29) .874 .225 3.89 0 *** 
Other manufac.. ~39) .454 .251 1.81 .07 * 
Construction .. ~49) 1.276 .211 6.05 0 *** 
Transport, st.. ~59) 1.486 .216 6.89 0 *** 
ICT, finance .. ~69) 1.53 .216 7.07 0 *** 
Professional .. ~79) 1.355 .229 5.92 0 *** 
Public admin,.. ~89) .753 .215 3.51 0 *** 
Arts, recreat.. ~99) 1.02 .215 4.73 0 *** 
Constant -2.837 .242 -11.71 0 *** 
Mean dependent var 0.026 
Pseudo r-squared  0.367 
Chi-square   4645.745 
Number of obs   99785 
Prob > chi2  0.000 
*** p<.01, ** p<.05, * p<.1 

 
This probit regression approximates the influence of various variables such as age, gender, educational 
levels, province, region, occupational and industry groups on the possibility of being an online/ digital 
worker. The pseudo R2 of the regression is 36.65% indicating that the variables we have used explain 
about 36.65% of the variation in the probability of being an online/ digital worker in Pakistan. The total 
number of observations is 99,785 as we did not drop the observations of missing monthly earnings..  
 
Comparing the average marginal effects is less complicated. All things being equal, women are 1.63 
percentage points more likely to be in digital work than men. This is not a very large number but is 
consistent with previous tabulations of the gender and work type table whereby women were larger in 
numbers in online/ digital work, compared to men.  
There is also an increase of 0.87% in the likelihood of people in the Urban region to get into online/ digital 
work than those in the rural region which is again intuitive. Education is one that is very obvious. The 
most significant education-related effects in the model include having a computer qualification, 4.93 
percentage points more likely to be in digital work. The percentage-point increase of MPhil/MS education 
is 3.96, MA/MSc is 2.38, and BS/BE is 2.05. Even non-degree education in between levels contributes 
1.44 percentage points.  
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Occupation and industry results give the same broad tale. Professionals are 5.62 percentage points more 
likely to be digital workers, with workers in more manual or routine occupation groups less likely to be 
digital workers. Several industry groups such as professional and business services, and education and 
health, have statistically significant coefficients with positive signs, suggesting that there could be an 
overlap of these with online platforms such as teaching and medical healthcare (platforms listed in 
S5C14b).  
 
Overall all industry groups have positive coefficients and are statistically significant suggesting that there 
is a certain likelihood of all industries to transition to online/ digital work with textile/ manufacturing 
having the lowest marginal effect, i.e., i.e 0.5%, and ICT, finance and real estate having the highest ,i.e, 
5.73%. The variables such as age, agesq and some categories of educational levels and occupational 
groups that cannot be statistically significant and thus will not need a detailed interpretation. 
 
Discussion 
The results seem straightforward. In accordance with our first research question of the impact of online/ 
digital work on the log of monthly earnings, we discovered that online workers earn a 7% wage premium 
relative to manual workers. This corresponds to our main Mincer’s equation whereby we control for 
observable characteristics such as age, occupational group, industry group, etc. Therefore, online/ digital 
workers earn 7% more than manual workers, keeping all other characteristics constant.  
 
While the 7% premium is self-explanatory, an analysis of the average monthly earnings of online vs 
manual workers gives a better understanding. Physical/ manual workers earn about Rs 47,324 on average 
monthly while online/ digital workers earn Rs 63,876 which is a difference of Rs 16,500. This is more 
than the 7% premium we estimated via regression including several controls over observable 
characteristics. Therefore, a large part of the raw earnings gap is not just the digital work itself, but also 
other benefits that come with it, such as higher education, better occupations, better industries, and more 
urban access.This is why the probit model was included in our paper: higher educated individuals 
belonging to the urban side, with professional occupations and more skilled industries are associated with 
a greater likelihood of doing online/ digital work relative to physical/ manual work. For example, workers 
with computer qualifications are 4.93 percentage points more likely to be in online/digital work, and 
dependent contractors are 42.31 percentage points more likely to be in online/digital or mixed work.  
 
Gender as one of our independent variables enhanced the understanding of gender-wage gaps between 
online/ digital work versus physical/ manual work. While we hypothesized that online/ digital work would 
increase the wage premium for female workers, this was truly not the case. While women were 1.63% 
more likely to do online/ digital work, the main Mincers Equation showed that they earned 25.47% less 
than men doing online work, keeping all other factors constant. The interaction term of gender and 
online_digital turned out to be insignificant suggesting that online work doesn’t alter the female earnings 
penalty: Women earn about 22.48 percent less than men among physical/manual workers, and about 22.57 
percent less among online/digital workers. These two numbers are almost identical.So even though online/ 
digital work has more involvement of women, the nature of this work does not alter the gender wage gap. 
This can also be seen in the graph pictured below:  
Graph 5:  
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This result is important because online/ digital work is typically expected to help women earn more. While 
usual instances may help them earn more such as freelancing and teaching, but relative to men, their 
incomes stay low. This could be explained by another heterogeneity, which is of the types of online 
platforms used for online/ digital work. This is explained by the second part of our Model 2 which 
elaborates on the effects of different types of online platforms on log of monthly earnings.  
 
The platform analysis explains that digital work cannot be merged into a single variable, it has different 
types, such as taxi services, teaching, medical/ health, etc. These types of work demand different levels of 
skills, mobility, and experience. Men tend to be more involved in taxi services, renting, and delivery 
services while women are more involved in medical/ healthcare and teaching. This suggests that even 
within the types of online work, men and women do not align, suggesting why the wage gap still exists.   
 
In the platform analysis, we recovered a higher R-squared of 44.6% relative to the original 40.6% 
suggesting that the heterogeneities with the online work explain greater variation in monthly 
earnings. Types of digital work like teaching, on-location services, healthcare, and freelancing activities 
earn a wage premium because they have positive coefficients. Taxi services have a coefficient of -0.248 
relative to selling goods, and delivery services have a coefficient of -0.220. In percentage terms, this means 
taxi and delivery workers earn roughly 22 percent and 20 percent less than the selling-goods baseline, 
respectively, after controls. Medical/health care is the clearest positive category, with a coefficient of 
0.208, implying earnings around 23 percent higher than the baseline. Other categories like freelancing and 
teaching have positive point estimates but are not individually significant in the full model, so we should 
not overstate them. 
 
The aforementioned idea suggests that policies need to be more specific. We cannot directly generalize 
digital work to be good or bad in terms of earnings, rather, we need to evaluate which types of digital 
work need priority, example, teaching and health services which yield a wage premium in our regression. 
Hence, only focusing on expanding the scope of online work by investments in digital infrastructure may 
not be feasible. Pakistan has already taken a number of steps to promote digital work. Programmes such 
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as DigiSkills provide free training in freelancing and other digital skills, while e-Rozgaar has also focused 
on helping young people develop skills that can be used to earn online. At a broader level, the Digital 
Pakistan framework has aimed to improve internet access, digital infrastructure, and digital skills. The 
State Bank of Pakistan has also introduced measures to make banking and foreign currency transactions 
easier for freelancers. However, our results suggest that there needs to be greater human capital 
investments whereby policies should aim at improving skills to allow workers to penetrate high-earning 
digital work.  
 
The study poses several limitations. Firstly, our models cannot impose causation. We can only imply 
associations between variables given their significance, but stating that doing digital work causes greater 
earnings would certainly be incorrect. Also, the platform sample is quite small (999 observations) relative 
to model 1 with 24, 406 observations and model 3 with 99,785 observations. Some platforms like delivery 
and renting services, have very few observations and so need careful analysis.  
 
Another limitation is that ‘online_digital’ includes workers involved in either online work or those doing 
both online and physical work. This poses limitations for our study since we do not fully know the amount 
of time given to online versus physical work. Furthermore, many of our coefficients in three of our models 
are insignificant, for example, the online-gender interaction term and the coefficients of the platform sub-
analysis. This restricts us from defining our discussion with numbers.  
 
Conclusion 
The increase in digital work is a transformation in the whole labor market. This research provides first 
empirical evidence for Pakistan’s digital economy. It reveals that although online work provides a wage 
premium of 6.97% over traditional work, it does not mitigate the inequality between gender wage gaps. it 
is usually said that digital platform does also mitigate barriers for marginalized populations, this study 
finds that although more percentage of women work as digital labor then traditional, men still dominate 
both areas. Furthermore, platform heterogeneity analysis reveal that different types of platforms offer 
different wages, and it is not uniform across all the platforms, for example, high-skill sectors like medical 
and healthcare services yield a 23% premium, whereas location-based work, such as taxi and delivery 
services, results in earnings approximately 20–22% below the base line. The Probit model also shows that 
entry into this market is determined by human capital, with high skill computer-qualified and urban-based 
individuals being significantly more likely to participate. These findings suggests that while government 
step in investing digital platforms is step for modernization, there should be policies focusing on 
improving skills and increasing education to benefit at most from the transformation so that digital labor 
fosters genuine economic growth rather than adding to labor market instabilities. 
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