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Associations between Volunteering, STEM Backgrounds, and Information-Processing 

Skills in Adult Populations of the United States  

Abstract 

Volunteering, STEM education and occupation, and information-processing skills such as 

literacy, numeracy, and digital problem-solving skills are important indicators of a nation’s well-

being as they represent civic engagement, economic development, and the human capital of the 

population. Although these critical social indicators have been previously examined in silos, the 

interrelationships are yet to be examined in the adult populations in the United States. The 

current study analyzed the 2012/2014/2017 U.S. Program for the International Assessment of 

Adult Competencies (PIAAC) data of adults aged between 25 and 65 years old (n = 8,330). 

Results from the structural equation model showed that STEM education and occupation as well 

as information-processing skills, independently promote volunteer participation. Also, STEM 

education and occupation are positively associated with information-processing skills. Yet, when 

simultaneously examining the mediation relationship, STEM education, and occupation are no 

longer promoters of volunteering. Findings from the current studyprovide preliminary education, 

labor, and social policy implications for promoting the nation’s economy and well-being and 

inform future research to disentangle complex interrelationships across the important social 

indicators.  

Keywords: civic engagement; STEM; literacy; numeracy; PIAAC 

Introduction 

What is volunteering, and why is it important? 

Formal volunteering is a type of civic engagement and is considered an unpaid service 

through community, organization, or charity (Wilson & Musick, 1997). For example, fundraising 
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for an organization, food preparation for a local cultural event, and provision of 

mentoring/instruction at educational institutions without compensation, are common formal 

volunteering. Informal volunteering is also an unpaid service but is less structured and organized 

(Wilson, 2000). Helping neighbors with yard work and caregiving to relatives are examples of 

informal volunteering. Volunteering is an important topic both at the individual and societal 

levels. With respect to the individual level, engagement in volunteer activities is linked with 

higher income and career advancement (Wilson et al., 2020), as well as with physical and mental 

well-being (Jiang et al., 2021; McDougle et al., 2014; Tse, 2018; Yeung et al., 2017). In addition, 

adults often learn new knowledge through their volunteer activities (Rüber et al., 2018; Vera-

Toscano et al., 2017). With respect to the societal level, the estimated total formal volunteer 

hours can be translated into an economic value of $147 billion in the United States (AmeriCorps, 

2021). Finally, volunteering is known to strengthen social trust and other forms of civic 

engagement, such as voting and participation in civic groups (Atwell et al., 2017). However, less 

than one in three adults formally volunteer and one-quarter of volunteers serve less than 10 hours 

a year (AmeriCorps, 2021).  

Theoretical framework 

This study is framed by the three capitals model developed by Schuller et al. (2004). 

Schuller et al.’s model is originally developed to depict a wide range of benefits from education 

and learning. This study adopted the framework and operationalized it with respect to 

volunteering as a joint outcome of human, social, and identity capitals. Human capital is a 

collection of acquired abilities and qualifications (e.g., skills and educational attainment), which 

promote one’s economic advantage, such as employment prospects and career advancement 

(Becker, 2009). Social capital consists of support systems and resources (e.g., timely 
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information, social trust) from one’s social network, such as family, friends, and community 

(Putnam, 2015). Identity capital represents a set of social-psychological features such as personal 

aspiration and self-efficacy (e.g., political efficacy or the feeling of individuals being able to 

make an impact on the political process) (Campbell et al., 1954; Schuller et al., 2004). 

Volunteering can be considered a product of multiple determinants, including the three capitals. 

For example, adults with higher educational attainment are more likely to possess job-related 

skills in demand, develop a larger professional network, and boost one’s confidence in their 

abilities to make changes in communities (Spera et al., 2013). Through these improved capitals, 

one may be motivated and be able to afford to volunteer more. Another strength of the Schuller 

et al.’s model is to reflect interrelationships across volunteering, capitals, and relevant factors 

(i.e., covariates, such as demographic, socioeconomic and social-psychological characteristics).  

The importance of STEM education and occupations in the U.S.  

Science, Technology, Engineering, and Mathematics (STEM) education as well as 

occupation (STEM backgrounds, hereafter) have received increasing attention throughout 

modern U.S. history. While the definition of STEM is still unestablished, this study adopted a 

relatively broader definition of STEM, which includes health care (Shapiro et al., 2015). In 2019, 

about 10-16% of the 162 million occupations were classified as STEM (U.S. Bureau of Labor 

Statistics, 2020, 2021). The growth rates (10.5%) and average wages ($95,420) of the STEM 

occupations tend to be greater than those of non-STEM counterparts (7.5% and $40,120, 

respectively) (U.S. Bureau of Labor Statistics, 2020). Indeed, STEM backgrounds are linked to 

higher socioeconomic status (SES) (e.g., income) and upward social mobility in the U.S. 

(Rothwell, 2013; U.S. Bureau of Labor Statistics, 2021; Xie et al., 2015). STEM-related 

occupations not only show greater growth rates but also face lower risks of job replacement due 
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to the automation compared to non-STEM occupations (e.g., service, sales) (Yamashita & 

Cummins, 2021). At the same time, certain STEM industries tend to have the sub-groups of the 

population --- for example, women (e.g., 15 to 25% in computer and engineering) and 

racial/ethnic minorities such as Black and Hispanic adults (17% of the STEM jobs, while 28% of 

all jobs) --- underrepresented or overrepresented (women make up 74% of health-related jobs) 

(Pew Research Center, 2021). Finally, STEM has been the driving force of technological and 

scientific innovation, which contribute to economic development in general and in the U.S. in 

particular (Xie & Killewald, 2012). Indeed, publicly funded STEM research and development 

have historically generated 20 to 67% return on investment (National Academy of Sciences et 

al., 2007).  

Yet, most research exclusively focuses on the economic benefits of STEM backgrounds. 

Both STEM and non-STEM education provide non-economic benefits such as better health, life 

satisfaction, civic engagement, and social well-being (e.g., social trust) (Schuller & Desjardins, 

2010). STEM backgrounds are known for valuable skills and knowledge (i.e., human capital), 

and thus, one may argue that both economic and non-economic benefits may be more strongly 

linked to STEM backgrounds than their non-STEM counterparts. It should also be noted that the 

STEM-originated innovations in public infrastructure (e.g., public health systems, transportation) 

certainly resulted in non-economic benefits such as improved health, longevity, quality of life, 

and civic engagement (Rüber et al., 2018; Vera-Toscano et al., 2017). However, to date, the 

associations between STEM backgrounds and non-economic outcomes like civic engagement 

have not been extensively studied (Vera-Toscano et al., 2017).  

What are information-processing skills, and why are they important?  
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According to the Organization for Economic Cooperation and Development (OECD, 

2021b), information processing skills, which generally consist of literacy and numeracy skills, 

are essential human capitals necessary to fully participate in education, the labor market, and 

social and civic life in the modern societies (see the Methods section for the definitions of skill 

domains). These information-processing skills represent individual as well as collective 

competencies to access, understand, analyze and make decisions based on text and numeric 

information, and in turn, higher-level cognitive and learning skills, such as logical thinking and 

reasoning (OECD, 2013b). In addition, starting in the 1990s, the population-level assessment of 

information processing skills has been one of the critical indicators of a country’s economic 

competitiveness and well-being. In more recent years, digital skills, which are necessary to use 

information and communication technology (e.g., internet, email), and computer and software 

(e.g., spreadsheet applications) both at work and at home, have been recognized as an additional 

components of information processing skills (OECD, 2016a).  

Information processing skills have been consistently linked with economic (e.g., greater 

employment security, higher income) and non-economic benefits (e.g., more active civic 

engagement, such as volunteering, and better health) (Belzer & Kim, 2018; OECD, 2019; Rose 

et al., 2019). Additionally, literacy, numeracy and digital skills are positively associated with 

political efficacy (i.e., perception of a chance to make a difference in the community and society 

through political participation) (Saal et al., 2020). Moreover, information processing skills are 

the foundational skills to learn higher-level contents, and one may be unable to enhance 

knowledge and skills without them. In other words, lower information processing skills may 

prevent participation in necessary adult education and training for economic stability and civic 

participation (Boeren, 2016; Yamashita et al., 2019). The lack of lifelong learning or skill 
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upgrading may result in economic disadvantages (e.g., lower employment security, lower chance 

of career advancement) throughout adult life stages (Cummins & Kunkel, 2015). On a related 

note, information processing skills are more feasible to improve, compared to educational 

attainment and occupations in adult life stages (Reder, 2014).  

State of the Art 

Volunteering and STEM backgrounds  

Whereas the population-level study on the STEM its relationship to volunteering is 

limited, a state-level case study reported that  internships and externships through nonprofit 

organizations tend to increase the chance of working in STEM industries (VCU College of 

Engineering, n.d.). While internships and externship at the for-profit organization may not fit the 

narrow definition of civic engagement or unpaid service, work-related learning opportunities can 

be seen as unpaid labor or a form of volunteering. Given that previous volunteer experience can 

lead to subsequent volunteering, one of the possible pathways may be through prior experience 

with internships and volunteering among individuals with STEM backgrounds (Niebuur et al., 

2018). At the same time, volunteer participation may be partially determined by individual 

qualifications (Wilson, 2012). That is, adults with lower educational attainment, and lower skills 

are more likely to face poorer access to formal volunteer opportunities (Grotlüschen, 2018). As 

STEM workers tend to have higher educational attainment and more economically valued skills, 

STEM backgrounds may provide better access to volunteer opportunities. However, more direct 

empirical inquiries at the population level are certainly needed to document the STEM-volunteer 

relationship.  

Volunteering and information processing skills 
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Belzer (2018) points out that the growing number of population-level studies support the 

associations between volunteering and information-processing skills, although the empirical 

evidence is still somewhat limited in the U.S. context. It should be noted that educational 

attainment, which is known to promote information-processing skills, has been consistently 

linked with economic and a variety of non-economic outcomes, such as civic engagement 

(Desjardins, 2008; Schuller, 2017). Vera-Toscano et al. (2017) found that educational attainment, 

as well as literacy and numeracy skills, are significant predictors of volunteering across 

European nations. Grotlüschen (2018) explains that the reason for low participation rates of 

adults with lower literacy skills is lower political efficacy, in addition to a selective exclusion of 

low-skilled adults on the volunteer market. Rose et al. (2019) found that only numeracy skills are 

associated with volunteering in the German and the U.S. adult populations (ages 16-65 years 

old), whereas literacy and digital problem-solving skills are not. Despite somewhat mixed 

findings, these previous studies are generally consistent with the identified major barriers, 

including a lack of resources (e.g., financial, time), qualifications (e.g., educational attainment), 

skills, and opportunities to volunteer (Southby et al., 2019).  

STEM backgrounds and information-processing skills  

Despite the common perception that STEM students and workers having greater 

information processing skills, the empirical evidence of  differences with non-STEM 

counterparts is still limited (Yao, 2019). The emphasis on mathematics education in STEM 

programs through the formal education systems is well-documented, and as such, one may argue 

that individuals with STEM backgrounds have greater numeracy skills (National Council of 

Teachers of Mathematics, 2000; OECD, 2021a). Also, the STEM workforce is more likely to 

have a bachelor’s degree or higher, which is an indication of greater information-processing 
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skills, compared to those with less than a bachelor’s degree (National Science Foundation, 2022; 

OECD, 2013a). Furthermore, since STEM students as well as workers are more likely to use 

STEM-related skills, such as mathematics and digital skills, at school and at work, the adults 

with STEM backgrounds should have, on average, greater information processing skill than non-

STEM counterparts (National Science Foundation, 2021).  

Why study volunteering, STEM and information-processing skills?  

Under Schuller et al.’s model (2004), STEM background, information-processing skills 

and volunteering can be theoretically linked. The importance of civic engagement, such as  

volunteering, is well-documented (Grotlüschen, 2017). The associations between human and 

social capitals (e.g., educational attainment and information-processing skills such as literacy and 

digital skills) and civic engagement – one of which is volunteer participation - are documented in 

economically developed nations (Rose et al., 2019). Additionally, although still limited, skill 

advantages of people with STEM backgrounds are reported in the U.S. (Yao, 2019). Moreover, 

STEM skills are in high demand due to the importance of technological and scientific 

advancement (National Academies of Sciences, 2016). Although our study focuses specifically 

on the associations between STEM background, information processing skills and volunteering 

as a form of civic engagement, Schuler et al.’s three capital model suggests a wider application 

in societies. Thus, we argue that an empirical examination of the relationships between STEM 

background, information-processing skills, and civic engagement can provide helpful 

information to promote social cohesion and then, societies’ well-being (Grotlüschen, 2018). 

Taken together, both STEM backgrounds and information-processing skills make 

positive impacts on volunteer participation. The majority of adults complete their formal 

education and start working by their late twenties (National Center for Education Statistics, 
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2020). As such, it is from that time the effect of STEM backgrounds and information-processing 

skills will be evident on volunteer participation. STEM backgrounds, which promote the relevant 

skill use, likely results in greater information-processing skills. In this respect, information-

processing skills may mediate or indirectly impact the relationship between STEM backgrounds 

and volunteering.  

There are several reasons to study the mediation relationships across STEM backgrounds, 

information-processing skills, and volunteering. First, from the volunteer market standpoint, 

adults with STEM backgrounds and greater skills can be, on average, considered more capable 

volunteers. A better understanding of how STEM backgrounds and information processing skills 

are interrelated with volunteering may inform future recruitment of capable volunteers as well as 

training for potential volunteers. Relatedly, information-processing skills are more malleable 

than STEM backgrounds at the adult population-level (Belzer & Kim, 2018). Additional 

empirical evidence may contribute to the promotion of STEM education as well as information-

processing skill training among adults. Second, although previous studies found a relationship 

between information-processing skills and volunteering (Rose et al., 2019), the findings with 

regard to specific types of skills (e.g., literacy or numeracy) are not yet clear. Third, the 

mediation analysis may shed light on possible barriers to volunteer opportunities and contribute 

to a reduction of social inequality by education and skills (Grotlüschen, 2018). Finally, STEM 

backgrounds, information-processing skills and volunteering can be considered joint products of 

human, social, and identify capitals (Schuller et al., 2004). An examination of the 

interrelationship and mediation relationship will contribute to a gap in the literature and inform 

future policies for growing volunteer participation through STEM education in earlier life stages 

and in information-processing skills promotion.  
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Relevant factors to volunteering, STEM backgrounds, and information processing skills 

Relevant factors to the focus of this study should be acknowledged. Previous studies 

included age, gender, race, ethnicity, nativity (i.e., U.S. born vs. non-U.S. born/immigrant), 

educational attainment, employment, income, information-processing skills, social networks 

(e.g., relationship status, household composition), attitudes toward community/society, health 

status, and self-efficacy as well as living environment into their analyses (Grotlüschen et al., 

2016; Rose et al., 2019; Southby et al., 2019). These demographic and socioeconomic 

characteristics, as well as human, social and identity capitals, collaboratively impact one’s 

volunteer behaviors and opportunity structure in the community. Additionally, some of the 

individual characteristics (e.g., age, gender, educational attainment, race, ethnicity, nativity, 

income and health) are also known to be associated with information-processing skills (OECD, 

2013a; Rose et al., 2019). Furthermore, from a life course perspective, some of the volunteer 

predictors may be linked. For example, lower educational attainment in the earlier life stages 

may lead to lower information-processing skills as well as types of occupations with lower pay, 

which may limit one’s capacity (e.g., time and financial resources) to engage in formal 

volunteering (OECD, 2021b).  

Research questions and hypotheses  

(1) Are there differences in the information-processing skill proficiencies between adults 

with STEM backgrounds and those with non-STEM backgrounds in the U.S.? It is 

hypothesized that those with STEM backgrounds have greater information-processing 

skills than their counterparts.  

(2) Are volunteering, STEM backgrounds, and information-processing skills interrelated in 

the U.S. adult population? It is hypothesized that volunteering, STEM backgrounds and 
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information-processing skills are all positively associated with each other even after 

adjusting for the covariates.  

(3) Do the information-processing skills mediate the relationship between volunteering and 

STEM backgrounds? It is hypothesized that information-processing skills mediate the 

relationship between STEM backgrounds and volunteering, even after adjusting for the 

covariates. In other words, information-processing skills partially explain the path 

between STEM background and volunteering, and therefore, the effect of STEM 

background on volunteering is expected to be smaller once introducing an indirect path 

through information-processing skills.  

Methodology 

Data 

Data were obtained from the 2012/2014/2017 Program for the International Assessment 

of Adult Competencies (PIAAC) Restricted Use File (RUF), the U.S. Department of Education, 

National Center for Education Statistics (NCES; license #17080026). PIAAC is a continuing 

study to gather large-scale skill assessment data from 16 years and older adult populations in 33 

OECD countries. PIAAC employs a computer-based adaptive assessment design and provides 

data on information-processing skills, including literacy, numeracy and digital-problem-solving 

skills, in addition to a series of individual and skill use characteristics (OECD, 2016b). The 

2012/2014/2017 PIAAC RUF includes the adjusted sampling weights, which allow the 

estimation of nationally representative figures during the period of 2012 to 2017 (National 

Center for Education Statistics, n.d.-a).  

In the current study, adults aged between 25 and 65 years old were included in the 

analysis. Given most adults complete formal education by their mid-twenties, the cut-off point of 
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age 25 is an approximation of the working age in the U.S. (National Center for Education 

Statistics, 2020). In addition, age 65 is a common retirement age in the U.S. Schooling and 

retirement life stages likely have different opportunity structures for volunteering, and therefore, 

should be considered separately from the typical working-age populations. PIAAC RUF data 

included 8,690 eligible participants. After excluding the missing values (4.1%) in all variables of 

interest, the final sample size was 8,330. Additional participants had the missing values of the 

digital problem-solving skills due to the screening process (e.g., basic computer use). Thus, the 

analytic sample size for the digital problem-solving skills was 6,840 (about 17% missing rate 

given all eligible participants). Based on the bivariate comparisons of the variables of interest 

between the samples with complete information and those with missing values, systematic 

patterns of missing values were not identified. Thus, we assumed conditionally missing at 

random (Enders, 2022). The final models that are reported in this study excluded the missing 

values. However, the results were assessed using the models with the full information maximum 

likelihood estimation to include the cases with missing values in the analyses (Arbuckle, 1996). 

The main findings were found to be consistent.  

Measures 

Outcome variable. Volunteer participation was recorded based on the PIAAC 

participants’ responses to the survey item -- “In the last 12 months, how often, if at all, did you 

do voluntary work, including unpaid work for a charity, political party, trade union or other 

nonprofit organization? In this study, considering the conceptual distinction and frequency 

distributions, volunteer participation was dichotomized into (1) every day; at least once a week 

but not every day; less than once a week but at least once a month; and less than once a month, 
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and (0) never. The dichotomization was intended to cover an inclusive definition of volunteering, 

as no specific cut-point or frequency is commonly accepted.  

Predictor variable. STEM backgrounds was a dichotomous measure indicating a 

respondent had a postsecondary STEM education and/or worked in the STEM occupations. 

Specifically, the International Standard Classification of Occupation (ISCO) codes 21 (science 

and engineering professional), 22 (health professionals), 25 (information and communication 

technology professional), 31 (science and engineering associate professional), 32 (health 

associate professional) and 35 (information and communication technician) were considered 

STEM occupations (International Labour Organization, 2016). Postsecondary education in 

science, mathematics, computing, engineering, manufacturing, and construction were considered 

STEM education in this study. For STEM education, health care was not included due to the lack 

of detailed information to separate from relevant areas of study (e.g., welfare, social work).  

Mediator variables. Literacy, numeracy and digital problem-solving skills proficiency 

measures were provided as a set of 10 statistically derived plausible values (0 – 500 points) in 

the PIAAC data. In PIAAC, literacy, numeracy and digital problem-solving skills are defined as 

“…understanding, evaluating, using and engaging with written text to participate in the society, 

to achieve one's goals and to develop one's knowledge and potential,” “the ability to access, use, 

interpret, and communicate mathematical information and ideas, to engage in and manage 

mathematical demands of a range of situations in adult life,” and  “using digital technology, 

communication tools, and networks to acquire and evaluate information, communicate with 

others, and perform practical tasks,” respectively (National Center for Education Statistics, n.d.-

b). The plausible values are derived from the skill proficiency distributions estimated based on 
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the respondents’ performance on the skill assessments. More details have been published 

elsewhere (OECD, 2016b).  

Covariates: Age was recorded in years. Gender was a dichotomous measure indicating 

female (vs. male = reference group). Each of Black, Hispanic, Others, and White (reference 

group) was a dichotomous measure. Education was dichotomized into (1) college (e.g., 

community college) or higher and (0) less than college. The total years of formal education was 

not selected due to a large proportion of missing values. The number of household members was 

top-coded to 6 (6 or greater was coded 6 due to the infrequent observations) in PIAAC. U.S. born 

was a dichotomous measure (vs. immigrants). Living with spouse was a dichotomous measure 

(vs. not living with a spouse). On a related note, more conventional measures of marital status 

were unavailable in PIAAC. Income level (0-5) is the six levels of income from no income (0) to 

income quintile (1-5). The number of children was a count measure. Self-rated health was a 

dichotomous measure of good (excellent, very good and good) and fair/poor. Social trust is 

based on the survey item “There are only a few people you can trust completely.” Social trust 

was dichotomized into positive (strongly disagree and disagree) and neutral/negative (neither 

agree or disagree, agree, and strongly agree). Political efficacy is based on the response to the 

survey item “People like me don’t have any say about what the government does.” Political 

efficacy was dichotomized into positive (strongly disagree and disagree) and neutral/negative 

(neither agree or disagree, agree, and strongly agree). 

Analytic approach  

The final sampling weights (SPFWT0) and 80 replicate weights (SPFWT1 – SPFWT80) 

were applied to all analyses in Mplus version 8 (Muthén & Muthén, 1998-2017). Weighted 

descriptive statistics were computed for all, and by volunteering and STEM backgrounds. Given 
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the primary outcome is a dichotomous measure, structural equation models with the mean and 

variance adjusted weighted least square (WLSMV) estimator and the probit link function were 

used to address the research questions (Kline, 2016; Wang & Wang, 2020). The analysis was 

conducted sequentially. First, volunteering was regressed on STEM backgrounds and each of 

three information-processing skills, separately and then together. Subsequently, a mediation 

model (Figure 1) was constructed. Volunteering was regressed on all variables, and the 

information-processing skills were regressed on the selected variables based on the previous 

studies (OECD, 2013a) and preliminary analyses. The mediation (a.k.a., indirect) effect was 

estimated by computing the product of the estimated coefficient for the STEM backgrounds on 

information processing skills, and for the information processing skills on volunteering (Muthén 

et al., 2016). This study used the replicate weights and plausible values to generate an empirical 

distribution of the mediation effect to estimate the standard errors, although a bootstrapping 

technique is generally more common in a mediation analysis (Wang & Wang, 2020). 

The model fit was evaluated using the recommended indices, including the chi-square 

statistic (p > 0.05); comparative fit index (CFI > 0.90  ~ 0.95); root mean squared error of 

approximation (RMSEA < 0.08); and weighted root mean square residual (WRMR < 1.0) 

(DiStefano et al., 2018; Kline, 2016). The final model was considered empirically identified, 

based on the difference between the off-diagonal elements of the variance-covariance matrix 

[(n*n+1)/2 = 153] and the number of estimated coefficients (k = 30) (Wang & Wang, 2020). The 

power analysis was conducted using the Monte Carlo simulation function in Mplus (Muthén & 

Muthén, 2002). Based on the estimated coefficients from the final models, the simulation was 

conducted with 1,000 replications. For all key variables of interest [1 – beta (type II error rate) 

0.90 and higher], except for the STEM background and volunteer relationship, showed the 
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generally accepted levels of statistical power (> 0.80). On a related note, considering the 

secondary data analysis and relatively complex model specifications in our study, the power of 

each estimated coefficient instead of the overall minimum required sample size was reported.  

A few sensitivity analyses with different model specifications (e.g., with and without 

additional and alternative measures [e.g., parents’/guardians’ education, years of education]) 

showed consistent main findings. Also, in a preliminary analysis, all three information 

processing skills were included in the full model. However, the estimation was not feasible 

without making major changes in the model specification. Presumably, high correlations across 

three information-processing skills (i.e., multicollinearity) was the issue, although the 

confirmation of exact methodological issues was beyond the scope of this study. As such, each 

of the information processing skills was analyzed separately.  

Result Analysis 

The weighted descriptive summary are presented in Table 1 (by volunteer participation) and 

Table 2 (by STEM backgrounds). Approximately 54% of the respondents reported volunteer 

activity at least once in the last 12 months. Most of the measures, except for age and number of 

children, showed statistically significant differences between volunteers and non-volunteers. 

Overall, volunteers tended to have STEM backgrounds, greater information-processing skills, 

higher socioeconomic status, and higher social trust as well as political efficacy. Approximately 

21% of the respondents were classified as those with STEM backgrounds. Those with STEM 

backgrounds had significantly higher volunteer engagement, information-processing skills, 

socioeconomic status, and social trust as well as political efficacy, than those with non-STEM 

backgrounds.  
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Regarding the first research question, the hypothesis was supported as the adults with STEM 

backgrounds (see Table 2; literacy, numeracy and digital problem-solving skill proficiency 

scores = 292, 284 and 287 points), had significantly higher information processing skills than 

those without (266, 251, and 268 points, p < 0.05). The structural equation model results, 

including the 95% confidence intervals of estimated coefficients, are reported in Tables 3 

(literacy), 4 (numeracy) and 5 (digital problem-solving skills). Regarding the second research 

question, the statistically significant positive relationships between STEM backgrounds and 

information-processing skills [e.g., 95% confidence-interval (STEM backgrounds coefficient) = 

1, 8]; as well as between information-processing skills and volunteering [e.g., 95% confidence-

interval (literacy coefficient) = 0.003, 0.005] were identified. However, the relationship between 

STEM backgrounds and volunteering was not explicitly identified, after accounting for the 

covariates. Indeed, the estimated coefficients suggest that STEM backgrounds are negatively 

associated with volunteering [e.g., 95% confidence-interval (STEM backgrounds coefficients) = 

-0.213, -0.020 (Table 3); -0.219, -0.026 (Table 4) and -0.216, -0.025 (Table 5)], which is an 

unexpected finding. Therefore, only a part of the hypothesis for the second research question was 

supported.  

Regarding the third research question, the results showed that all information processing 

skills [e.g., 95% confidence-interval (Indirect effect) = 0.005, 0.035 (Literacy in Table 3); 0.009, 

0.041 (Numeracy in Table 4) and 0.007, 0.039 (digital problem-solving skills in Table 5)] 

mediated the associations between STEM backgrounds and volunteering. Although the estimated 

coefficients of STEM backgrounds on volunteering, after adjusting for the covariates and 

indirect effect, were unexpected, the results suggested that the information-processing skills 
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partially explained the pathways between STEM backgrounds and volunteering in view of the 

conceptual model of this study.  

In respect to the covariates and relevance to the STEM backgrounds, two key findings should 

be highlighted. First, even after accounting for the known determinants of volunteering, women 

were more likely to volunteer than men (see Tables 3, 4 and 5). In addition, when accounting for 

the numeracy skills and other determinants, Black adults were more likely to volunteer than their 

White counterparts (see Table 4).   

Discussion 

The present study examined civic engagement (volunteering), STEM education and 

occupation, and information-processing skills in typical working-age U.S. adults, in view of the 

three capitals conceptual model by Schuller et al. (2004). Results showed adults with STEM 

backgrounds had approximately 9, 12 and 7 percentage points higher literacy, numeracy, and 

digital problem-solving skill proficiencies, respectively, than the non-STEM counterparts. STEM 

education programs are known to underscore math and science education due to their relevance 

to the fields and are likely to promote students’ and workers’ information-processing skills 

(National Council of Teachers of Mathematics, 2000; OECD, 2021a). Also, it is possible that 

adults with STEM backgrounds currently had higher educational attainment, which is linked 

with information processing skills (National Science Foundation, 2022). In other words, a 

selection effect or possible systematic difference in the baseline information-processing skills 

and choice of one’s major in formal education, cannot be ruled out. Moreover, adults with STEM 

occupations tend to have more opportunities to practice information-processing skills at work 

than their counterparts (Bol & Heisig, 2021; Gal et al., 2020; Reder et al., 2020).  After 

accounting for educational attainment and other relevant factors, the difference in the 
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information-processing skill proficiency between adults with STEM backgrounds and those 

without was statistically significant based on the nationally representative PIAAC samples in the 

present study. However, future research needs to clarify specific explanations on the 

information-processing skill advantages among adults with STEM backgrounds.  

 In view of the operationalized conceptual model (Figure 1), the interrelationships 

between volunteering, STEM backgrounds, and information-processing skills were somewhat 

unexpected as the negative effect of STEM background on volunteering was observed in the 

final model. STEM backgrounds were positively associated with all three types of information-

processing skills, which were positively associated with volunteering, after accounting for the 

covariates. These findings are consistent with the previous studies (Desjardins, 2008; Schuller, 

2017; Vera-Toscano et al., 2017). As Grotlüschen (2018) explained, lower skills are linked to 

lower socioeconomic status, and in turn, fewer volunteer opportunities. However, limited 

theoretical explanations are available for the role of higher information-processing skills for 

higher formal volunteer participation. Per the three-capital framework by Schuller et al. (2004), 

the greater educational attainment and information-processing skills as a learning outcome might 

have enhanced three capitals as well as time and financial resources (e.g., higher paying jobs), 

and led to volunteer participation. Whereas the STEM backgrounds-volunteering relationship 

was present in bivariate comparisons, the relationship was no longer clear after adjusting for the 

relevant covariates. A part of the explanations may be found in the mediation relationship, which 

is discussed next.  

 Information-processing skills partially mediated the relationship between STEM 

backgrounds and volunteering. Given the focus of the present study was adult populations aged 

between 25 and 65 years old, it is possible that the effect of STEM education on volunteering 
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diminished over time after the completion of formal education, typically in the late twenties. As 

the law of diminishing return (Bennett & Vedder, 2015) suggests, the effect of education on an 

outcome, such as income and skills, may diminish over time. Thus, information-processing 

skills, which might have been updated after completion of  formal education, may explain the 

pathways between STEM backgrounds and volunteering. Considering the interrelationships 

discussed above, the partial mediation effect of information-processing skills, which can be seen 

as more updated human capital indicators (e.g., skill credentials) than the educational attainment 

among adult populations, is reasonable (Belzer & Kim, 2018). Since the effect of STEM 

education on volunteer participation changed to negative after introducing the relevant covariates 

and indirect effects (i.e., mediation path), the pathways between STEM backgrounds and 

volunteering might have been accounted for by the information-processing skills and other 

covariates. Our follow-up analysis with each covariate at a time showed that only educational 

attainment turned the coefficient of STEM background on volunteering to negative. Moreover, 

given the negative coefficients, adults with STEM backgrounds might have had lower volunteer 

participation than those with non-STEM backgrounds, holding all other characteristics constant. 

That is, STEM workers who are the minority (10-16%) of the U.S. labor force, are likely in 

higher demand in the labor market due to their importance to the U.S. economy and 

technological advancement, than non-STEM workers (U.S. Bureau of Labor Statistics, 2020; Xie 

et al., 2015), and thus STEM workers might have hypothetically limited time available for 

volunteering. Yet, more data and research, as well as sub-population analysis (e.g., within STEM 

occupations) is needed to confirm the role of STEM backgrounds in the context of volunteering.  

Conclusions, Implications and Limitations 
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Main Findings 

The findings from the present study mostly supported the theoretical proporitons of 

STEM background, information-processing skills and civic engagement (see Figure 1), except 

for the direction of the relationships between STEM background and civic engagement. While 

STEM education should continue receiving attention, education and labor policy and practice 

must consider outcome-specific approaches --- economic outcomes and non-economic outcomes 

such as civic engagement (Vera-Toscano et al., 2017). For example, given the empirical 

evidence from this study, promotion of the formal volunteering as a form of civic engagement 

may benefit more from the information-processing skills training than STEM education per se in 

the adult populations. Also, the lack of longitudinal data and unexpected negative effect of 

STEM background on civic engagement are to be addressed in future research. Nonetheless, the 

nationally representative findings from this present study have implications, although several 

methodological challenges and remaining questions are yet to be addressed.  

Thepretical and Practical Implications 

There are two preliminary implications from the present study. First, the documented 

information-processing skill advantages among adults with STEM backgrounds, compared to 

those with non-STEM backgrounds are convincing empirical data points to enhance basic skill 

training in the non-STEM education programs as well as occupations. The nationally 

representative findings regarding the quantified differences in skills between adults with STEM 

backgrounds and those with non-STEM backgrounds inform the literature on the systematic 

inequality to participation in and opportunities of civic engagement (Grotlüschen, 2018; 

Grotlüschen et al., 2019). The findings from this study provided additional nationally 

representative empirical evidence to the education and volunteering literature. Indeed, the 
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promotion of information-processing skills can be expected to positively impact not only on 

civic engagement but also on economic outcomes, well-being, as well as additional lifelong 

learning participation (Belzer & Kim, 2018; Boeren, 2016; Cummins et al., 2015).  

Second, based on the mediation analysis results, the reasonable point of interventions for 

civic engagement promotion seems to be the information-processing skills rather than education 

and training, while  STEM education, which are clearly crucial for the advancement of the 

science and economy in the U.S., should also be promoted (National Academy of Sciences et al., 

2007; Xie et al., 2015). The findings from this study provided insights that are specific to STEM 

education and occupations in relation to civic engagement. In particular, given the scant 

literature that examined multiple types of information-processing skills and civic engagement 

(Rose et al., 2019), the specific roles of literacy, numeracy, and digital problem-solving skills in 

the U.S. context of STEM backgrounds and volunteering have not been explicitly examined 

before.  As stated earlier, because the sub-population distributions across STEM industries are 

disproportionate (Pew Research Center, 2021), simply increasing STEM education and training 

in general may not be an equitable policy strategy if the purpose is to enhance civic engagement. 

In this respect, the individual characteristics that were treated as the covariates in the present 

study, warrant more detailed analysis in future research. Thus, given the positive impacts of 

STEM backgrounds on information-processing skills, education policies may adopt the specific 

curriculum of STEM education and training in non-STEM programs to improve information-

processing skills, which provides a wide range of social, economic, educational, health, and 

labor-related benefits.  

Limitations and Future Directions 
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Several study limitations should be noted. First, possible omitted variable bias due to the 

unavailability of relevant information cannot be ruled out. Specifically, information on marital 

status, religion, baseline cognitive skills in the earlier life stages, and environmental factors (e.g., 

rural and urban; local volunteer organization) was not available in the data. Also, only one type 

of volunteering – formal volunteering – was examined in the present study. Informal 

volunteering (e.g., caregiving responsibility) should be incorporated into future data collection. 

While the current study adopted an inclusive measure of volunteering, future research may 

explore a reasonable cut-point or meaningful frequency of volunteering from multiple 

perspectives (e.g., economic standpoint, individual well-being). Relatedly, other classifications 

of volunteering such as expressive volunteering, which serves an organization’s purpose such as 

leisure promotion, and instrumental volunteering, which serves others and the community, such 

as advocacy for underserved sub-populations, should be considered in future study (Valentova & 

Alieva, 2018; Voicu & Şerban, 2012). In addition, the interpretation of the results relied on the 

existing literature and operationalized conceptual framework. Further empirical evidence with 

longitudinal data is necessary to verify the findings as well as to refine the interpretation of the 

results. Also, the conceptual model should be further refined and adjusted based on future 

research findings and research questions. Finally, the present study focused on typical working-

age adults who were able to complete the information-processing skills assessment at the time of 

the 2012/2014/2017 U.S. PIAAC data collection. The findings should not be extended to 

populations with a different age range, sub-populations with limited reading skills and computer 

experience, or at different timeframes due to potential age, period, and cohort effects. 
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Table 1: Weighted Descriptive Summary by Volunteer Participation  

 
 All 

(n = 8,330) a 

Volunteers 

(n = 4,530) a 

Non-volunteers 

(n = 3,800) a 

 Mean or percentages (SE) Mean or percentages (SE) Mean or percentages (SE) 

Volunteer participation in the last 12 months (Yes) 54.50% (0.01) - - 

    

STEM backgrounds 21.54% (0.54) 23.80% (0.75)* 18.80% (0.76) 

    

Literacy (0- 500) b 271.10 (0.77) 283.12 (1.01)* 256.80 (1.07) 

Numeracy (0- 500) b 257.75 (1.02) 271.04 (1.09)* 241.89 (1.38) 

Digital problem-solving skills (0- 500) b 272.45 (0.93) 279.76 (0.99)* 262.10 (1.39) 

    

Age 44.69 (0.15) 44.85 (0.14) 44.54 (0.19) 

Gender (Women) 51.69% (0.65) 53.04% (0.88)* 50.08% (0.97) 

Race  *  

White 66.00% (0.63) 70.40% (0.81) 60.78% (0.96) 

Black 12.41% (0.41) 11.57% (0.54) 13.41% (0.62) 

Hispanic 13.72% (0.49) 10.86% (0.60) 17.15% (0.80) 

Others 7.87% (0.35) 7.21% (0.45) 8.66% (0.56) 

Education (college degree of higher) 43.17% (0.64) 53.60% (0.88)* 30.71% (0.88) 

Number of household members 3.10 (0.03) 3.06 (0.03)* 2.38 (0.07) 

U.S. born (Yes) 84.33% (0.50) 87.17% (0.63)* 80.93% (0.81) 

Parents’/guardians’ education (College degree or higher) 32.90% (0.80) 44.70% (1.00)* 22.10% (0.20) 

Living with spouse (Yes) 67.35% (0.58) 70.40% (0.75)* 63.72% (0.89) 

Income level (0-5)  *  

0 30.30% (0.29) 25.71% (0.75) 35.79% (0.91) 

1 9.05% (0.37) 8.90% (0.49) 9.23% (0.56) 

2 12.85% (0.44) 11.22% (0.55) 14.80% (0.69) 

3 15.20% (0.47) 15.53% (0.63) 14.80% (0.71) 

4 15.95% (0.47) 17.33% (0.66) 14.30% (0.67) 

5 16.65% (0.50) 21.31% (0.74) 11.09% (0.64) 

Number of children 1.81 (0.02) 1.81 (0.02) 1.81 (0.03) 

Self-rated health (Excellent, very good and good) 82.49% (0.50) 87.01 (0.59)* 77.01% (0.83) 

Social trust (positive) 22.70% (0.54) 28.14 (0.79)* 16.19% (0.70) 

Political efficacy (positive) 11.42% (0.65) 49.91% (0.88)* 37.87% (0.94) 

*p < 0.05 (vs. Non-volunteers) 

Notes: The sampling and replicate weights were applied.  
a Unweighted Sample size rounded to the nearest 10 per the PIAAC restricted-use file data use guideline. 
b 10 plausible values  

Data Source: 2012/2014/2017 PIAAC Restricted Use File Data (National Center for Education Statistics, 2017) 
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Table 2: Weighted Descriptive Summary by STEM backgrounds  
 All 

(n = 8,330) 

STEM backgrounds 

(n =1,790) 

Non-STEM backgrounds 

(n = 6,540) 

 Mean or percentages (SE) Mean or percentages (SE) Mean or percentages (SE) 

Volunteer participation in the last 12 months (Yes) 54.50% (0.65) 60.23% (1.38)* 52.90% (0.73) 

    

STEM backgrounds 21.54% (0.54) - - 

    

Literacy (0- 500) 271.10 (0.77) 291.81 (1.37)* 265.50 (0.90) 

Numeracy (0- 500) 257.75 (1.02) 284.02 (1.44)* 250.63 (1.19) 

Digital problem-solving skills (0- 500) c 272.45 (0.93) 287.37 (1.48)* 267.80 (1.00) 

    

Age 44.69 (0.15) 43.84 (0.32)* 44.93 (0.17) 

Gender (Women) 51.69% (0.65) 41.78% (1.37)* 54.41% (0.73) 

Race  *  

White 66.00% (0.63) 70.93% (1.32) 64.64% (0.71) 

Black 12.41% (0.41) 8.25% (0.74) 13.55% (0.48) 

Hispanic 13.72% (0.49) 8.74% (0.90) 15.09% (0.58) 

Others 7.87% (0.35) 12.07% (0.95) 6.72% (0.36) 

Education (college degree of higher) 43.17% (0.64) 75.17% (1.27)* 34.39% (0.68) 

Number of household members 3.09 (0.034) 3.00 (0.04) 3.09 (0.02) 

U.S. born (Yes) 84.33% (0.50) 81.66% (1.12)* 85.06% (0.56) 

Parents’/guardians’ education (College degree or higher) 32.90% (0.80) 51.10% (1.20)* 36.10% (0.80) 

Living with spouse (Yes) 67.35% (0.58) 72.44% (1.17)* 65.96% (0.66) 

Income level (0-5)  *  

0 30.30% (0.29) 20.09% (1.12) 33.11% (0.68) 

1 9.05% (0.37) 3.68% (0.52) 10.52% (0.45) 

2 12.85% (0.44) 6.34% (0.64) 14.64% (0.52) 

3 15.20% (0.47) 12.67% (0.90) 15.89% (0.55) 

4 15.95% (0.47) 22.26% (1.14) 14.22% (0.51) 

5 16.65% (0.50) 34.96% (1.37) 11.63% (0.48) 

Number of children 1.81 (0.02) 1.63 (0.04)* 1.86 (0.02) 

Self-rated health (Excellent, very good and good) 82.49% (0.50) 90.47% (0.84)* 80.30% (0.58) 

Social trust (positive) 22.70% (0.54) 24.72% (1.20)* 22.14% (0.60) 

Political efficacy (positive) 11.42% (0.65) 47.75% (1.41)* 43.51% (0.73) 

*p < 0.05 (vs. Non-STEM backgrounds) 

Notes: The sampling and replicate weights were applied.  
a Unweighted Sample size rounded to the nearest 10 per the PIAAC restricted-use file data use guideline. 
b 10 plausible values  
c The final sample size was 6,840 due to the screening process of the digital problem-solving skills assessment in PIAAC.   

Data Source: 2012/2014/2017 PIAAC Restricted Use File Data (National Center for Education Statistics, 2017) 
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Table 3: 95% Confidence Intervals of Estimated Coefficients for Volunteering and the Literacy Skills 
 Model 1 Model 2 Model 3 Model 4 

Outcome: Volunteering (Yes)     

Literacy skills (0- 500) a  0.06, 0.07* 0.005, 0.007* 0.003, 0.005* 

STEM backgrounds 0.099, 0.269*  -0.063, 0.105 -0.213, -0.020* 

Age    -0.001, 0.006 

Gender (Women)    0.018, 0.157* 

Race     

White    Reference 

Black    -0.119, 0.110 

Hispanic    -0.213, -0.010 

Others    -0.236, -0.003* 

Education (college degree of higher)    0.372, 0.523* 

Number of household members    -0.036, 0.031 

U.S. born (Yes)    0.103, 0.331* 

Parents’/guardians’ education (College degree or higher)    0.070, 0.197* 

Living with spouse (Yes)    0.017, 0.196* 

Income level (0-5)    0.033, 0.077* 

Number of children    0.004, 0.068* 

Self-rated health (Excellent, very good and good)    0.125, 0.302* 

Social trust (positive)    0.163, 0.347* 

Political efficacy (positive)    0.088, 0.220* 

Outcome:  

Literacy skills (0-500) 

    

STEM backgrounds (Yes)   23.634, 29.512* 1.168, 8.129* 

Indirect effect  

(Literacy skills) 

  0.140, 0.188* 0.005, 0.035* 

Model fit indices     

Chi-square (Degrees of freedom)    140.815 (4)* 

Comparative fit index (CFI)    0.933 

Root mean standardized error of approximation (RMSEA)    0.064 

Weighted root mean square residual (WRMR)    2.088 

*p < 0.05 

Notes: The sampling and replicate weights were applied. 

 a 10 plausible values 

Data Source: 2012/2014/2017 PIAAC Restricted Use File Data (National Center for Education Statistics, 2017) 
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Table 4: 95% Confidence Intervals of Estimated Coefficients for Volunteering and the Numeracy Skills 
 Model 1 Model 2 Model 3 Model 4 

Outcome: Volunteering (Yes)     

Numeracy skills (0- 500) a  0.005, 0.006* 0.004, 0.007* 0.003, 0.005* 

STEM backgrounds 0.099, 0.269*  -0.080, 0.086 -0.219, -0.026* 

Age    -0.001, 0.006 

Gender (Women)    0.018, 0.157* 

Race     

White    Reference 

Black    -0.119, 0.110 

Hispanic    -0.213, 0.110 

Others    -0.236, 0.003 

Education (college degree of higher)    0.372, 0.523* 

Number of household members    -0.036, 0.031 

U.S. born (Yes)    0.103, 0.331* 

Parents’/guardians’ education (College degree or higher)    0.070, 0.197* 

Living with spouse (Yes)    0.016, 0.196* 

Income level (0-5)    0.033, 0.077* 

Number of children    0.004, 0.068* 

Self-rated health (Excellent, very good and good)    0.125, 0.302* 

Social trust (positive)    0.163, 0.347* 

Political efficacy (positive)    0.089, 0.219* 

Outcome:  

Numeracy skills (0-500) 

    

STEM backgrounds (Yes)   29.719, 37.019* 2.531, 10.351* 

Indirect effect  

(Numeracy  skills) 

  0.141, 0.222* 0.009, 0.041* 

Model fit indices     

Chi-square (Degrees of freedom)    101.229 (4)* 

Comparative fit index (CFI)    0.957 

Root mean standardized error of approximation (RMSEA)    0.054 

Weighted root mean square residual (WRMR)    1.769 

*p < 0.05 

Notes: The sampling and replicate weights were applied.  
a 10 plausible values 

Data Source: 2012/2014/2017 PIAAC Restricted Use File Data (National Center for Education Statistics, 2017) 

 

  



40 
 

Table 5: 95% Confidence Intervals of Estimated Coefficients for Volunteering and the Digital Problem-Solving Skills 
 Model 1 Model 2 Model 3 Model 4 

Outcome: Volunteering (Yes)     

Digital problem-solving skills (0- 500) a  0.005, 0.006* 0.004, 0.006* 0.003, 0.005* 

STEM backgrounds 0.099, 0.269*  -0.002, 0.159 -0.216, -0.025* 

Age    -0.001, 0.006 

Gender (Women)    0.018, 0.157* 

Race     

White    Reference 

Black    -0.119, 0.110 

Hispanic    -0.214, 0.011 

Others    -0.237, 0.004 

Education (college degree of higher)    0.372, 0.523* 
Number of household members    -0.036, 0.031 

U.S. born (Yes)    0.013, 0.253* 

Parents’/guardians’ education (College degree or higher)    0.070, 0.197* 

Living with spouse (Yes)    0.017, 0.196* 

Income level (0-5)    0.025, 0.068* 

Number of children    0.004, 0.068* 

Self-rated health (Excellent, very good and good)    0.125, 0.302* 

Social trust (positive)    0.163, 0.347* 

Political efficacy (positive)    0.089, 0.220* 

Outcome:  

Digital problem-solving skills (0-500) 

    

STEM backgrounds (Yes)   16.645, 22.704* 1.725, 9.685* 

Indirect effect  

(Digital-problem-solving skills) 

  0.082, 0.129* 0.007, 0.039* 

Model fit indices     

Chi-square (Degrees of freedom)    90.587 (4)* 

Comparative fit index (CFI)    0.946 

Root mean standardized error of approximation (RMSEA)    0.053 

Weighted root mean square residual (WRMR)    1.752 
*p < 0.05 

Notes: The sampling and replicate weights were applied. The final sample size was 6,840 due to the screening process of the digital problem-solving 

skills assessment in PIAAC.   
a 10 plausible values 

Data Source: 2012/2014/2017 PIAAC Restricted Use File Data (National Center for Education Statistics, 2017) 
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Figure 1: Operationalized Conceptual and Analytic Model  
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