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ABSTRACT 

	Aims: This study examines the impact of social participation on employment opportunities among workers with disabilities compared with non-disabled workers, and assesses how education, training, and digital technology shape social participation in both groups.
Study design: Quantitative observational study using a cross-sectional secondary dataset, combined with a quasi-experimental approach through matching and regression analysis.
Place and Duration of Study: Indonesia; analysis used a worker survey dataset comprising 789 workers with disabilities and 12,273 non-disabled workers (data collection period not specified in this abstract).
Methodology: The effect of social participation on employment opportunities was estimated using Propensity Score Matching (PSM) to compare individuals with similar characteristics, followed by Probit regression to test the association between social participation and employment opportunities, including an interaction between education and digital technology. Education and training were also included to assess differences in their influence across the two groups.
Results: Active social participation increased employment opportunities for workers with disabilities by 10.5%, while the increase for non-disabled workers was 1.2%. The interaction between education and digital technology was positively associated with social participation in both groups, with a stronger effect among workers with disabilities. Education and training were also associated with participation, but their influence was relatively more pronounced for non-disabled workers.
Conclusion: The findings underscore the importance of social inclusion in reducing employment barriers faced by people with disabilities. Policies that expand opportunities for social participation and improve access to education, training, and digital technology may help narrow the employment gap between workers with and without disabilities.
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1. INTRODUCTION 

Achieving equality and inclusion in the labour market requires more than expanding vacancies or offering general training. It also requires understanding the social mechanisms that shape who receives information, support, and access to opportunities. One mechanism that is often discussed but still under-tested in many settings is social participation, meaning active involvement in community groups, associations, volunteering, and other social activities. Social participation can strengthen social networks, improve access to job information, and increase confidence and visibility in the community, which may translate into better employment outcomes. Prior studies suggest that social participation is closely linked to broader social inclusion and quality of life, including for people with disabilities (Cummins & Lau, 2003; Simplican et al., 2015).
For workers with disabilities, the labour market remains less accessible. Barriers include limited access to education and skills training, discriminatory recruitment practices, workplace inaccessibility, and weaker connections to job networks. These constraints reduce the probability of entering and staying in decent employment compared with non-disabled workers (Lamichhane & Sawada, 2013; Patrinos, 2016; Bryan et al., 2022). While policy discussions often focus on supply-side solutions such as training or placement programs, social participation may be an important and complementary pathway because it can reduce information gaps and strengthen informal support systems that matter in hiring and job retention.
However, two gaps remain. First, the evidence on whether the employment “returns” to social participation differ between workers with and without disabilities is still limited, especially in developing-country contexts. Second, the role of digital technology is becoming increasingly important in how people participate socially and access labour-market information, but it is not yet clear whether digital access amplifies the benefits of education for social participation and employment, particularly for workers with disabilities.
This study addresses these gaps by examining the differential effect of active social participation on employment opportunities among workers with disabilities and non-disabled workers in Indonesia. The study is grounded in human capital theory, which explains how education and training increase productivity and earnings, commonly formalised through the Mincer earnings framework (Mincer, 1974). At the same time, labour-market outcomes are also shaped by social networks and access to information, which can be strengthened through participation in social activities (Beaman, 2012). In today’s labour market, digitalisation may further change this relationship because education can be more valuable when paired with the ability to use digital tools for communication, learning, and job search (Katz et al., 2014; Manzoor & Vimarlund, 2018). Based on this logic, this study incorporates an interaction between education and digital technology use to test whether the combination of the two is associated with higher social participation and, in turn, improved employment outcomes, with particular attention to workers with disabilities.
Methodologically, the study applies Propensity Score Matching (PSM) to reduce observable selection bias by comparing individuals with similar characteristics who differ mainly in their level of social participation. This is followed by regression analysis (Probit) to estimate the association between social participation and employment opportunities and to test the education–digital technology interaction. This combined approach is intended to provide a more credible estimate than simple comparisons, while remaining feasible for large survey datasets.
The scope of the study is comparative: it focuses on two labour groups (workers with disabilities and non-disabled workers) within the same national setting, allowing the analysis to identify whether social participation operates similarly across groups or whether it plays a stronger compensatory role for those facing structural disadvantages. The study contributes to the literature in two ways. First, it provides evidence on whether social participation is associated with a larger improvement in employment opportunities for workers with disabilities than for non-disabled workers. Second, it highlights how education, training, and digital technology may interact in shaping participation and labour-market outcomes, informing policies that aim to reduce employment gaps.
From a policy perspective, the findings are expected to support more targeted strategies. If social participation is shown to have a stronger association with employment among workers with disabilities, then promoting social inclusion through community-based programs, accessible public spaces, disability-friendly organisations, and digital access initiatives becomes directly relevant to employment policy, not only to social welfare. In addition, strengthening access to education, training, and digital skills may help ensure that people with disabilities can participate socially and economically on equal terms.
The remainder of the article is organised as follows. The next section describes the data, variables, and empirical strategy, including the PSM procedure and the Probit model specification. The results section presents the estimated effects and group differences, followed by a discussion of implications and limitations. The final section concludes with policy recommendations and directions for future research.

2. material and methods 

This study examines the impact of active social participation on employment opportunities for workers with disabilities and non-disabled workers using the Propensity Score Matching (PSM) method. The Mincer equation framework serves as the foundation to explore how education, training, and the interaction between education and digitalization influence employment outcomes. The mathematical model used in this study is:

Where:
		: Employment
SP		: Social Participation
Edu		: Education
Tr		: Training
Edu*Dig	: Interaction between Education and Digitalization
	: Estimation coefficient
		: Error of term

This model seeks to evaluate how social participation, education, training, and the interaction between education and digitalization influence employment outcomes, particularly for workers with disabilities. The application of PSM allows for a more accurate estimation of these effects by matching individuals with similar characteristics across the groups of workers with and without disabilities.

2.1 Data
The data used in this study is sourced from the 2021 National Labor Force Survey (Sakernas) published by the Central Bureau of Statistics (BPS). Sakernas provides comprehensive data on the labor market conditions in Indonesia, including relevant variables such as employment status, social participation, education, training, and digital technology usage.
The research focuses on on the Special Capital Region of Jakarta (DKI Jakarta), encompassing both disabled and non-disabled workers. Jakarta was selected as the study region because it is the capital city and the economic, political, and social center of Indonesia, offering a more complex and diverse level of social participation. This diversity enables the research results to reflect broader social conditions, thereby representing the overall situation in Indonesia.

2.2 Propensity Score Matching (PSM) Method
The PSM method is employed to adjust the characteristics between the disabled and non-disabled groups so that a more accurate comparison of the role of social participation in the community can be conducted. PSM works by estimating the propensity score, which is the probability of an individual being in the high-income category, influenced by their level of active participation in social environments, along with other factors such as education, work experience, and digital technology usage in both the disabled and non-disabled groups.

PSM is a statistical matching technique that builds a comparison group based on a probabilistic model—creating treatment and control groups using observed (Khandker et al., 2010). These two groups are then matched based on their propensity scores, and the average treatment effect of the program is calculated as the mean difference in outcomes between the two groups (Li et al., 2022). The validity of PSM relies on two conditions: (a) conditional independence (i.e., unobserved factors do not affect participation), and (b) sufficient overlap in propensity scores across the entire sample of participants and non-participants. This study used different approaches to match active and inactive groups in social participation based on propensity scores, including nearest-neighbor (NN) matching and radius matching.

According to Li et al. (2022), in the case of binary treatment, the treatment group is assigned a value of 1, and the control group is assigned a value of 0. The potential outcomes are then defined as Yi (Di), for each individual i, where i = 1…n and n represents the population. The treatment effect for individual iii can be expressed as:


Where TiT_iTi​ is the treatment effect for individual i, Yi ​(1) and Yi​ (0) are the potential outcomes (income) with and without treatment, respectively—i.e., active participation in social environments. The average effect of active participation in social environments across the entire population, known as the average treatment effect (ATE), is defined as:


Another parameter used is the average treatment effect on the treated (ATT), which aims to measure the impact of active social participation for both disabled and non-disabled groups, expressed as:


2.3 Application of the PSM Method
To calculate the effect of active participation in social activities, the first step is to estimate the propensity score P(X) based on all covariates that affect participation and the desired outcome. The matching objective is to find the nearest comparison group from the sample of non-active social participants to the sample of active participants.

Step 1: Estimating the Program Participation Model. First, the active and inactive respondent samples must be combined, and participation T is estimated based on all existing covariates X. This estimation can be performed using probit or logit models. After estimating the participation equation, the predicted value of T, i.e., the propensity score, can be calculated. It is important to note that the participation equation is not a causal model, so outputs such as t-statistics and adjusted R2 are not particularly informative and could be misleading.

Step 2: Defining the Common Support Region and Balancing Test. Next, it is necessary to define the region of common support, where the distribution of propensity scores for the treatment and comparison groups overlap. Some non-participant observations may need to be discarded if they fall outside the common support region. A balancing test can also be performed to ensure that, for each quantile of the propensity score distribution, the average propensity score and average covariate X are the same between the treatment and comparison groups.

Step 3: Matching Participants with Non-Participants. Various matching criteria can be used to pair active social participants with inactive participants based on their propensity score. The matching method used in this study is nearest-neighbor matching. This method pairs each treated unit with the comparison unit that has the closest propensity score.

2.4 Operational Definition
According to the Sakernas questionnaire, individuals with disabilities in the labor force are those experiencing impairments in vision, hearing, mobility, finger movement, speech/communication, or other difficulties like memory, self-care, or emotional/behavioral issues. These individuals may use assistive devices like glasses or hearing aids.

Table 1. Operational Definition
	Variable Type
	Variable Name
	Variable Definition

	Explained Variable
	Employment (E)
	Respondents who are employed. If employed = 1, and not employed = 0

	Explanatory Variable
	Social Participation (SP)
	Active involvement/participation of respondents in social environments, including workplace, home, and other social environments. For example, participating in activities such as community gatherings, study groups, mutual assistance, joining a labor union, and having social media. If participating in at least one activity = 1, and not participating in any activities = 0

	Covariate
	Education Level (Edu)
	The highest level of education completed, with a minimum of elementary school (6 years of formal education in Indonesia). If completed at least elementary school = 1, and did not complete elementary school = 0

	 
	Training (Tr)
	Participation in training/courses/workshops. If participated in any training = 1, and has never participated = 0

	 
	Interaction between Education and Digitalization (Edu*Dig)
	A combination of a minimum education level of elementary school and the ability to use digital technologies in the workplace, such as computers, smartphones, or other digital tools. If there is a significant interaction between education and digitalization, the value is 1; otherwise, it is 0.


  









3. results and discussion
3.1 Descriptive Statistics

Figure 1. Respondents with Disabilities by Type of Disorder
Figure 1 illustrates the distribution of the sample by disability type: visual disabilities (29.28%), mental disabilities (23.83%), walking disabilities (20.91%), finger/hand disabilities (11.66%), hearing disabilities (8.49%), and communication disabilities (5.83%). The sample consists of 789 respondents, representing a diverse range of disabilities.

Table 2. Comparison between treated and matched control groups
	Respondent Group
	Disabled workers
	Non-disabled workers

	
	Freq.
	%
	 Freq.
	%

	Active in social participation
	502
	63.62
	10,095
	82.25

	Not active in social participation
	287
	36.38
	2,178
	17.75

	Total Respondents
	789
	100
	12,273
	100


Source: Data processed by the author

Table 2 presents a comparison of social participation between individuals with disabilities and those without disabilities. A total of 63.62% of individuals with disabilities are actively engaged in social participation, while the rate is higher for those without disabilities, at 82.25%. Conversely, 36.38% of individuals with disabilities are inactive in social participation, compared to 17.75% of individuals without disabilities. These data indicate that the level of social participation is lower in the disability group compared to the non-disability group.








Table 3. Probit Regression Result
	Variables
	Respondent Group

	
	Persons with Disabilities
	Non-Disabled

	
	Coeff.
	P>z
	Coeff.
	P>z

	Education
	0.2608155
	0.028
	0.3080974
	0.000

	Training
	0.0811494
	0.650
	0.2295138
	0.000

	Edu*Dig
	1.137601
	0.000
	1.232651
	0.000

	Constant
	-0.0184928
	0.860
	0.2713302
	0.000

	Number of obs
	789
	
	12273
	

	LR chi2(3)
	73.39
	
	1575.77
	

	Prob > chi2
	0.000
	
	0.000
	

	Pseudo R2
	0.0709
	 
	0.1373
	 


Source: Data processed by the author

Table 3 demonstrates that education and digital technology significantly influence social participation, both for individuals with disabilities and those without. The interaction variable between education and digital technology exhibits a strong effect on both groups, with education having a slightly greater impact on non-disabled individuals. Training, on the other hand, is only significant for non-disabled individuals and does not affect those with disabilities. Overall, the interaction between education and digital technology emerges as the most crucial factor in promoting social participation across both groups.

3.2 Goodness of Fit of the Model
The following table presents the results of the Goodness of Fit test for the Propensity Score Matching (PSM) model applied to analyze the groups of individuals with disabilities and those without disabilities. This test aims to evaluate the effectiveness of matching in creating balance between the treatment and control groups (Rosenbaum & Rubin, 2006).

Table 4. Goodness of Fit Test of PSM Model
	Indicator
	Group of Persons with Disabilities
	Non-Disabled Group

	Ps R²
	0.006
	0.006

	LR Chi²
	8.78
	158.73

	p > Chi²
	0.032
	0.00

	Mean Bias
	4.80%
	5.40%

	Median Bias
	0.50%
	1.90%

	B (Bias Reduction)
	18.60%
	17.70%

	R (Variance Ratio)
	1.69
	1.47


Source: Data processed by the author

Table 4 shows that the Propensity Score Matching (PSM) model effectively balances treatment and control groups. The Ps R² value of 0.006 indicates good matching. The LR Chi² is higher for non-disabled individuals (158.73) compared to those with disabilities (8.78), with low biases and optimal variance ratios. Overall, the PSM model performs well, with more pronounced results observed in the non-disabled group.
3.5 Matching Test
The table presents the Average Treatment Effect on the Treated (ATT) using Nearest Neighbor Matching. It measures the impact of social participation on employment probability for individuals with and without disabilities, showing the average outcome difference between participants (treatment) and non-participants (control) after matching covariates.

Table 5. ATT Estimation 
	Matching Method
	Sample Group
	Number of Treatments (n. treat.)
	 Number of Controls
	ATT
	Standard Err.

	
	
	
	(n. contr.)
	
	

	Nearest Neighbor Matching Method
	Persons with Disabilities
	502
	286
	0.105
	0.04

	
	Non-Disabled
	10095
	2178
	0.012
	0.02


Source: Data processed by the author

Table 5 shows that the ATT value for individuals with disabilities is 0.105, indicating that social participation increases the likelihood of obtaining employment by 10.5%. Conversely, the ATT value for non-disabled individuals is only 0.012, reflecting a much smaller increase of 1.2%. This suggests that the impact of social participation is significantly greater for individuals with disabilities compared to their non-disabled counterparts.


3.6 Discussion
This study explores the impact of social participation on employment opportunities for individuals with and without disabilities. The analysis provides insights into how factors such as education, training, and digital technology influence social participation and employment prospects.

Figure 1 shows the distribution of the sample by disability type, with the majority of respondents reporting visual impairments (29.28%) and mental disabilities (23.83%). Hearing (8.49%) and communication disabilities (5.83%) were less common. This diversity reflects the different challenges faced by individuals with disabilities in the workforce, offering a comprehensive basis for examining how social participation impacts various disability groups and for developing interventions to improve their work-related social activities.

Table 2 compares the levels of social participation between individuals with and without disabilities. Results indicate that 63.62% of individuals with disabilities actively participate in social activities, compared to 82.25% of non-disabled individuals. Conversely, 36.38% of individuals with disabilities do not engage in social participation, compared to 17.75% of non-disabled individuals. This significant disparity highlights the barriers faced by individuals with disabilities, such as limited accessibility, social stigma, and a lack of support in workplace and social settings (Bard, 2020; Ebuenyi et al., 2023). Low levels of social participation among individuals with disabilities contribute to social exclusion, which further hampers their chances of securing employment and integrating into the labor market.

The probit regression results in Table 3 reveal that education, training, and the interaction between education and digital technology have varying effects on social participation in both groups. The interaction of education and digital technology shows a significant and strong impact on both groups, highlighting the importance of integrating education with technology to enhance social engagement. Digital platforms provide individuals with disabilities the opportunity to interact with the world, reduce physical barriers, and offer more flexible work opportunities (Manzoor & Vimarlund, 2018).

Education significantly affects social participation, but its impact is greater for non-disabled individuals, likely due to better access to educational resources. Individuals with disabilities often face challenges in accessing inclusive education, limiting their ability to acquire skills for active participation, which ultimately impacts their economic outcomes (Sari et al., 2023; Grigal et al., 2021; O’Neill et al., 2015). Training, however, has a significant effect only for non-disabled individuals, pointing to the limited access to structured and accessible training programs for people with disabilities (Cardonha et al., 2015).

Table 5 presents the Average Treatment Effect on the Treated (ATT) estimates using the Nearest Neighbor Matching method. The ATT value for individuals with disabilities is 0.105, indicating that social participation increases the likelihood of employment by 10.5%. In contrast, the ATT for non-disabled individuals is only 0.012, a much smaller effect. These findings suggest that social participation has a greater impact on individuals with disabilities than on non-disabled individuals, aligning with social theories that emphasize the role of social participation in enhancing self-confidence, expanding social networks, and reducing stigma (Moyi, 2017; Mtetwa & Nyikahadzoi, 2013). These factors are crucial in improving employment opportunities. Although social participation also benefits non-disabled individuals, its impact is less pronounced, likely due to differing social and economic contexts between the two groups.

3.7 Policy Implications and Recommendations
The study recommends several policies to improve employment for individuals with disabilities. Governments should enhance access to digital technology by promoting inclusive digital infrastructure, providing affordable devices, and offering specialized training to improve digital literacy. Expanding technology-based education and training is crucial for enhancing skills and competitiveness. Additionally, policies encouraging social participation, such as worker communities, volunteer initiatives, or peer learning groups, can reduce stigma and expand networks. Regular monitoring and evaluation of inclusive policies are essential to ensure effectiveness. These measures aim to narrow the employment gap and promote a more inclusive, equitable labor market for all.
 
4. Conclusion

This study explores the impact of social participation on employment opportunities for individuals with and without disabilities. Findings reveal that social participation increases the likelihood of employment by 10.5% for individuals with disabilities, compared to 1.2% for non-disabled workers. This underscores the unique challenges faced by individuals with disabilities in the labor market.

The study also highlights the interaction between education and digital technology in enhancing social participation, with digital technology showing a particularly strong influence. However, the limited impact of training programs for individuals with disabilities suggests the need for more accessible and tailored opportunities.

The research emphasizes the importance of inclusive policies to facilitate access to education, training, and technology. It calls for policies promoting social inclusion and removing barriers to full participation. Future research could examine the specific mechanisms of social participation, the effectiveness of digital platforms, and the long-term impact of these interventions across different contexts. In conclusion, the study advocates for inclusive policies to create a fairer labor market.
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