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This study presents novel data on digital inequality to describe 

differences in individuals’ online interactions with public and private sector 

services. Using two-month smartphone tracking data collected every five 

seconds from 65 low- and high-income U.S. adults (N = 13,498,584 

screens), we assessed when individuals did and did not face obstacles during 

interactions with public benefits programs and commercial financial 

services (e.g., banks, credit cards). Drawing on theories of time inequality 

and the psychology of poverty, we report four main results that reveal the 

distinct challenges faced by low-income individuals when accessing public 

benefits online. First, the vast majority (92.9%) of low-income individuals 

often encountered obstacles when accessing public benefits via government 

websites or programs. Slow-loading websites were the most common 

problem, while user errors (e.g., misplaced passwords, noncompliance with 
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recertification) were infrequent. Second, low-income individuals faced 

more difficulties accessing public benefits compared to commercial 

financial services. We found that 92.9% of low-income individuals faced 

issues with public benefits, compared to only 47.6% when using financial 

services. Low-income individuals also experienced significantly longer 

wait times for accessing public benefits than accessing financial services. 

Third, low- and high-income individuals’ interactions with financial 

services were generally similar. Lastly, encountering obstacles to public 

benefits generated notable psychological reactions in low-income 

individuals, such as decreased consumption of words relating to complex 

thinking (e.g., think, why) in content observed after the interaction. Public 

benefits are designed to provide support for low-income individuals, but 

challenges in accessing them online are another facet of digital inequality. 

 

Keywords: digital inequality, time inequality, cognitive stress, 

public benefits, financial services, smartphone tracking data, 

computational social science 

 

 

Introduction 

 

Many public benefits programs in the United States face an enduring participation gap 

where a considerable number of eligible low-income individuals do not claim benefits. For 

example, the Internal Revenue Service (2024) estimates that about 22% of eligible 

households do not claim the Earned Income Tax Credit (EITC), one of the largest 

antipoverty programs designed to benefit low- and moderate-income workers. According 

to the most recent report from the U.S. Department of Agriculture (2023), only about 

51.2% of eligible low-income households claim the Special Supplemental Nutrition 

Program for Women, Infants, and Children (WIC), which offers food assistance and 

healthcare to low-income households with children under the age of five. Policy 
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interventions meant to address the incomplete uptake in public benefits by low-income 

populations have focused on building online interfaces for public benefits and streamlining 

application and renewal processes (Gary, 2019; Office of Information and Regulatory 

Affairs, 2023; U.S. Digital Service, n.d.). For example, government agencies have built 

websites and mobile application platforms to support users’ submission of documents and 

management of benefits. The U.S. Department of Education (2022) has developed 

programs focused on enhancing individuals’ digital literacy skills to leverage online 

resources and information. Are these efforts working, or are they replicating the challenges 

associated with accessing public benefits in an online context?  

 

This study adds a new dimension to the digital inequality literature by setting out 

the empirical basis for digital inequality in a policy-relevant domain. Digital inequality 

scholarship investigates various facets of unequal online engagement, including disparities 

in access to digital infrastructures (first-level digital divide), variations in individuals’ 

digital skills and usage patterns (second-level digital divide), and limited benefits derived 

from differentiated Internet use (third-level digital divide). While digital inequality 

research has progressed in uncovering multiple dimensions of unequal participation (Beard 

et al., 2022; DiMaggio & Bonikowski, 2008; Guess & Munger, 2023; Hargittai et al., 2019; 

Robinson et al., 2020; Van Deursen et al., 2017), critical gaps remain in the 

conceptualization and measurement of digital inequality within the context of public 

benefits. Much of the existing research on digital inequality has focused on government 

programs promoting technological infrastructures and device ownership, with limited 

attention to the daily experiences and challenges faced by low-income individuals when 

interacting with government technology platforms designed to assist them. There is a 

severe shortage of research that delves into the specific encounters and obstacles faced by 

low-income individuals as they navigate government websites and mobile application 

platforms in search of public benefits. 

 

Additionally, most previous work on digital inequality has relied heavily on 

anecdotes and surveys, which may face limits of recall bias when compared to logged 
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behavioral data (Parry et al., 2021; Wu-Ouyang & Chan, 2023). A growing body of 

literature calls for a more nuanced understanding of online information experiences (Muise 

et al., 2024; Valkenburg et al., 2016) and their implications for social and economic 

inequality (Hamilton & Morgan, 2018; Hargittai, 2015; Lee et al., 2023; Ram et al., 2020). 

But the limited availability of high-quality data impedes the examination of hypotheses 

regarding how the digital experiences of disadvantaged individuals are characterized by 

systematic challenges and result in psychological outcomes. 

 

This study responds to these gaps by applying the theoretical insights of 

interdisciplinary research on time inequality and the psychology of poverty to digital trace 

data collected through Screenomics (Reeves et al., 2019, 2020). Leveraging Artificial 

Intelligence (AI) advances in computer vision and image processing, Screenomics tracks 

and analyzes digital content experiences by capturing screenshots of the digital media 

screen every few seconds during its usage. Here, we analyzed more than 13 million 

screenshots (N = 13,498,584) collected every five seconds from the Android smartphones 

of 65 adults with low or high incomes in U.S. metropolitan areas over a two-month period 

in 2019 as part of a larger project on daily smartphone use (Lee et al., 2023). We focused 

on assessing when individuals did and did not face obstacles during interactions with public 

benefits programs, compared to commercial financial services such as banks, credit cards, 

and digital finance firms such as PayPal, Venmo, and Cash. Our study includes not only 

interactions with the public and private sector services in natural settings but also 

subsequent changes in smartphone use that may indicate the psychological reactions to the 

challenging interactions with these services. 

 

Our findings demonstrate despite infrequent user errors and regular use of the 

Internet, low-income individuals faced frequent obstacles to accessing public benefits, and 

with consequence. These challenges are specific to public benefit interactions, differ from 

experiences with commercial financial websites, and have psychological consequences. 

This article offers important contributions. First, the study develops concepts to help 

explain aspects of engagement with public policies via digital technology – time inequality 



JQD: DM 5(2025) Digital Inequality in Public Benefit Access 

 

5 

(via experience with waiting) and cognitive stress. By moving beyond a simple view of 

Internet access or use of government websites, our study empirically demonstrates the 

nuanced challenges faced by low-income individuals, contributing to a deeper 

understanding of digital inequality. Second, our analysis provides a unique opportunity to 

observe directly how low-income individuals access public benefits compared to 

commercial financial service online. Lastly, the research provides first-of-its-kind insights 

for policymakers. By highlighting the differences in the ways information is accessed and 

engaged with across information domains and income levels, this study sheds new light on 

the distinct hurdles faced by low-income individuals when interacting with the 

government. 

 

Literature Review 

 

Participation gaps in means-tested public benefits programs 

 

Means-tested public benefits are government aid programs that provide financial or other 

forms of support, such as housing, food assistance, and healthcare, to individuals and 

families with limited incomes. Unlike universal or unconditional benefits, which are 

available to a wide range of people without income restrictions (e.g., Medicare, Social 

Security retirement, public schools), means-tested benefits programs require applicants to 

prove their financial need. A large body of research has shown that challenging interactions 

with government public benefits programs and the resulting psychological stress can deter 

eligible low-income individuals’ claim for benefits (Bertrand et al., 2004; Herd & 

Moynihan, 2019; Mullainathan & Shafir, 2014; Ponza et al., 1999). The application 

processes for most public benefits programs typically include complex and time-

consuming paperwork, along with multiple visits to program offices for interviews and 

testing. These requirements often clash with other responsibilities such as work schedules, 

childcare, and elderly care. A burdensome or complicated recertification process can also 

deter eligible individuals from reapplying for benefits, particularly for single heads of 

households and households in rural areas where transaction costs are likely to be higher 
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(Currie et al., 2001; Gary, 2019; Ko & Moffitt, 2022). The consequences of these 

complexities, uncertainties, and burdens when interacting with public benefits can extend 

beyond frustration, hampering low-income individuals’ access to public benefits.  

 

Growing evidence suggest that challenges with accessing public benefits may also 

exist on digital platforms. Low-income people tend to rely on smartphones as the only 

option to connect with the Internet (Pew Research Center, 2024), but merely 53% of state 

public benefits websites are evaluated as mobile-friendly (Code for America, 2024). 

Interviews of Supplemental Nutrition Assistance Program (SNAP, previously known as 

Food Stamps) recipients indicate that the government systems that deliver SNAP payments 

frequently goes offline, so much so that the outage issue is “almost so normalized that I 

[the SNAP recipient interviewee] don’t always even hear about it” (Holtzman, 2019). 

During the COVID-19 pandemic, individuals who lost their jobs or sought financial 

assistance faced considerable difficulties with overloaded websites and call centers when 

trying to apply for public benefits, with minimal assistance from program administrators 

(Dube et al., 2021; Ravenelle et al., 2021). Taken together, the difficulties with accessing 

public benefits on digital platforms may tax the cognitive and motivational resources of 

low-income individuals, reducing their access to eligible benefits.  

 

Time inequality as digital inequality in accessing public benefits 

 

We consider time inequality as a facet of digital inequality in public benefits settings. Time 

is a scarce resource individuals need to allocate to pursue activities that increase well-

being, such as maintaining social relationships, working for pay, and engaging in civic 

activities. A wealth of research has found disparities in the levels of autonomy of using 

one’s time across social, economic, and racial/ethnic groups, a phenomenon called time 

inequality (Becker, 1965; Giurge et al., 2020; Vickery, 1977; Holt & Vinopal, 2023). One 

of the potential pathways through which social and economic inequality translate into time 

inequality is a lack of access to efficient goods and services. Low-income people are likely 

to depend on public benefits programs to make ends meet, and interactions with public 
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benefits occur in burdensome ways. Ponza and colleagues (1999), for example, found that 

an application process for Food Stamp (now called SNAP) took approximately five hours 

to complete and required multiple trips to a field office for interviewing, testing, and 

submitting documents. Receiving assistance for public benefits applications can be also 

time-consuming. Dube et al. (2021) found that in states such as Georgia and New Jersey, 

live phone representatives were available to assist public benefits applicants less than 20% 

of the time, despite wait times of up to 45 minutes. Beyond application processes, delays 

persist in benefit access. A World Bank report (Cho et al., 2021) found that recipients spent 

an average of 30 minutes traveling and an additional 100 minutes waiting to withdraw cash 

at ATMs due to the limited number of machines available in their communities. Time lost 

to waiting is another dimension of disadvantage that manifests in low-income people’s 

lives.  

 

Communication research on digital inequality (often called the ‘digital divide’) 

considers various dimensions of disparities in online participation: unequal access to digital 

infrastructures (first-level divide), disparities in individuals’ digital skills and usage 

patterns (second-level divide), and limited benefits derived from differentiated Internet use 

(third-level divide). Time inequality in digital media use intersects with these dimensions, 

shaping individuals’ online experiences. One manifestation of this inequality is 

“technology-induced waiting” (Sebald, 2020, p. 999), which arises from suboptimal 

Internet services, low-spec devices, and logistical limitations to public Internet access such 

as local library hours, public transportation schedules. Gonzales (2016), for instance, found 

via interviews in U.S. metropolitan areas that most low-income people had access to the 

Internet, but they frequently experienced disconnection and stayed offline despite their 

intention and desire to use the Internet as a primary source of health information, such as 

checking medications for HIV treatment. A study of homeless people’s smartphone use 

(Galperin et al., 2020) likewise found that most had smartphones through the Federal 

Communications Commission’s Lifeline program, but they faced considerable challenges 

stemming from low-quality batteries in the provided devices and a lack of access to a power 

grid. Researchers note that in one instance while waiting for charging phones, homeless 
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people were unable to receive a call from an employer following up on their job 

applications. People in impoverished rural areas faced “considerable wait time for 

buffering, lag, and downloads and uploads” (Mathews & Ali, 2022, p. 6), which resulted 

in psychological stress: “I can’t distract myself from that [buffering]. It’s just kind of this 

seizing irritation” (Mathews & Ali, 2022, pp. 6-7). Strover (2019) further highlighted time 

inequality in digital access, noting that one of the most valued aspects of public libraries’ 

hotspot loan programs for low-income urban families was “the time savings they brought 

and especially for the opportunity ‘to feel like everyone else’” (Strover, 2019, p. 200). 

When constant reachability and instantaneous access to information become a norm in the 

current digitized society (Ling, 2004), excessive wait times and the loss of time autonomy 

represent a fundamental aspect of digital inequality for low-income individuals.  

 

Even when low-income individuals have Internet access, navigating and utilizing 

public benefits online remains challenging. Unlike private companies operating in 

competitive markets, public benefits websites and applications often suffer from limited 

financial resources and fragmented decision-making across multiple government entities, 

making it difficult to adopt technological innovations efficiently (Colton et al., 2023; 

Headrick et al., 2023; Scholta & Lindgren, 2023). Additionally, these platforms lack strong 

incentives to improve customer support (Dube et al., 2021; Ravenelle et al., 2021), leading 

to frequent service disruptions and prolonged wait times for assistance. As Auyero (2011) 

argues, bureaucratic waiting is not just a logistical hurdle but a structural feature of public 

service delivery, reinforcing inequalities by disproportionately burdening low-income 

individuals with time-consuming interactions. These inefficiencies contribute to 

widespread dissatisfaction with digital public benefits services. A national survey (Deloitte 

Insights, 2023) found that only 54% of respondents were satisfied with online 

unemployment benefits, compared to 83% satisfaction with online banking. Since users 

tend to evaluate government web portals, financial websites, and e-commerce platforms 

using similar criteria (Zhang & von Dran, 2001), the shortcomings of public benefits 

systems can become even more apparent in low-income individuals’ lives. These time-
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related challenges in accessing public benefits online deepen digital inequality, manifesting 

as longer wait times for public benefits compared to private-sector services.  

 

Lastly, time inequality can be relative, measured by disparities in wait times for 

accessing similar services between low-income and high-income individuals. Research 

suggests that low-income individuals tend to experience longer wait times due to limited 

access to efficient services, compared to high-income counterparts. For example, time 

diary data of U.S. adults found that compared to high-income people, low-income people 

spent six additional hours a year in waiting for using common services, such as daily 

shopping (e.g., groceries), financial services, and government services (Holt & Vinopal, 

2023). An analysis of electronic health data has revealed that Medicaid patients waited 

longer in a doctor’s waiting room than privately insured patients, and the wait times were 

particularly longer in states with relatively lower Medicaid reimbursement rates (Oostrom 

et al., 2017). Further, U.S. public benefits users reported a comparable volume of 

government website outage complaints online as Hulu subscribers (Lee et al., 2020). The 

authors noted that given that Hulu serves a more affluent, global customer base than U.S. 

public benefits programs, this finding underscores the extent to which wait times for 

accessing digital services are stratified by income.  

 

Our study delves into the intersection of time inequality and digital inequality 

concerning access to public benefits by examining the wait times that incur when low-

income people access government websites and mobile applications in search of public 

benefits. Prior studies indicate that low-income people are likely to have limited time 

autonomy and wait longer when using services, partly due to the lack of access to efficient 

services and stable Internet connection (Currie et al., 2001; Gonzales, 2016; Holt & 

Vinopal, 2023; Mathews & Ali, 2022; Ponza et al., 1999). Considering that public benefits 

play a central role in the economic lives of low-income individuals and that low-income 

people are increasingly catching up on using digital financial services (Demirgüç-Kunt et 

al., 2021), we examine how time inequality manifests in digital access to public benefits. 

Specifically, we focus on two dimensions: first, the prolonged wait times low-income 
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individuals encounter when accessing government websites and mobile applications 

compared to private-sector financial services; and second, income-related disparities in 

wait times for accessing financial services. Thus, we hypothesize that low-income 

individuals face longer wait times when accessing public benefits online, compared to 

when accessing commercial financial services such as banks and credit cards (H1). 

Additionally, we predict that low-income individuals experience longer wait times than 

high-income counterparts when accessing commercial financial services online (H2).  

H1. Low-income individuals will experience longer wait times when they access 

public benefits online, compared to when they access financial services. 

H2. When accessing financial services online, low-income individuals will 

experience longer wait times than high-income individuals. 

 

Cognitive stress as digital inequality  

 

The time costs of waiting experienced by low-income people can generate psychological 

costs. Much of the digital inequality literature investigates the cognitive dimension of 

digital inequality, focusing on disparities in personal skills, knowledge, and training 

necessary to use digital media effectively (DiMaggio & Bonikowski, 2008; Guess & 

Munger, 2023; Hargittai et al., 2019; Li & Chen, 2021; Van Deursen et al., 2017). We 

expand this literature by examining the cognitive implications of digital inequality beyond 

media users’ skills and capacities to engage in online activities.  

 

 We posit that financial burdens pose unique challenges for low-income people’s 

cognitive functioning, which can shape the ways they attend to and process information. 

People have a limited amount of cognitive capacity to process information (Kahneman, 

2011; Lang, 2000). Cognitive overload occurs when cognitive resources required to 

process information at hand surpasses available resources. While cognitive overload can 

occur in any context, a vast empirical literature indicates that navigating daily life while 

being poor can create mental burdens (Bhargave & Manoli, 2015; Mullainathan & Shafir, 

2014; Schilbach et al., 2016). When people juggle limited resources under narrow margins 
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for error, thoughts about what they lack are easily evoked by mundane experiences. For 

example, research has found that low-income individuals are more likely to remember 

prices of small products (Rosa-Diaz, 2004) and recognize hidden taxes (Goldin & 

Homonoff, 2013) than high-income peers. Preoccupation with resource scarcity can absorb 

low-income people’s attention, taxing their bandwidth and impairing cognitive 

functioning. Laboratory and field experiment investigations further show that when small 

situational contexts trigger economic concerns, low-income people borrowed more at the 

expense of future consequences and performed worse on cognitive tests (Bertrand et al., 

2004; Bhargave & Manoli, 2015; Mani et al., 2013). The inability to cover expenses and 

feeling of being financially constrained can readily absorb individuals’ cognitive 

bandwidth, leaving fewer mental resources for other tasks that require sustained attention, 

complex cognitive processes, and thinking over a long-term horizon. 

 

Several studies have investigated the impacts of cognitive loads on mobile device 

use. For instance, a study involving low-income individuals’ smartphone use discovered 

that exposure to payday lending ads led to cognitive stress, resulting in frequent application 

switching and reduced engagement with future-oriented content (Lee et al., 2023). In a 

field experiment conducted by Spears (2011), participants with a smaller budget showed 

decreased performance in handgrip endurance tests when prompted to consider purchasing 

inexpensive items like soap. Additionally, an eye-tracking analysis of mobile news reading 

found that individuals reading news in a noisy student cafeteria, compared to a quiet lab 

setting, struggled to recall information accurately despite paying more attention (Ohme et 

al., 2022). Similarly, individuals’ performance in tapping tasks on a portable device while 

on a treadmill declined in challenging mobility conditions (Lin et al., 2007). These findings 

and related research highlight how cognitively demanding situations such as limited 

financial resources and challenging mobile environments can strain cognitive resources, 

impacting attention allocation during device use. 

 

Our study investigates whether obstacles in accessing public benefits lead to 

cognitive stress among low-income individuals as reflected in their subsequent smartphone 
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usage. Previous research has indicated that financial difficulties can shift individuals’ focus 

towards immediate concerns (Bertrand et al., 2004; Bhargave & Manoli, 2015; Mani et al., 

2013; Mullainathan & Shafir, 2014) and influence device usage patterns (Lee et al., 2023; 

Spears, 2011). We hypothesize that when low-income individuals face barriers in accessing 

public benefits, they are likely to allocate their attention and cognitive resources to 

addressing their immediate needs. We anticipate that the cognitive stress caused by these 

challenges will manifest in language patterns used during smartphone engagement. 

Specifically, we hypothesize that encountering obstacles to accessing public benefits will 

deplete cognitive resources needed for future planning, reasoning, and problem-solving. 

This depletion is expected to lead to reduced engagement with words relating to the future 

(H3) and cognition (H4).  

H3.  Fewer future-oriented words will appear on the phone screens of low-income 

individuals after encountering obstacles to accessing public benefits, compared to before 

these obstacles.  

H4. Fewer cognitive processing words will appear on the phone screens of low-

income individuals after encountering obstacles to accessing public benefits, compared to 

before these obstacles. 

 

Method 

 

Overview of research design 

 

This study analyzed smartphone screenshots (N = 13,498,584) collected as part of the larger 

project on individuals’ daily smartphone usage using Screenomics (Lee et al., 2023). These 

screenshots were taken every five seconds from the Android smartphones of 65 U.S. adults 

with either low incomes (n = 31; annual household income of less than $30,000 in the 

previous year) or high incomes (n = 34; annual household income of $100,000 or more in 

the previous year) over a two-month period between June and November 2019. Income 

categories were selected based on the Census Bureau’s metropolitan area-adjusted poverty 

thresholds (Pew Research Center, 2019).  
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 Participants were the sole adult smartphone users with a single primary device. 

Those who reported owning multiple devices, such as a separate work phone, or sharing 

their phone with other adults were screened out during onboarding to ensure a 

comprehensive assessment of individual smartphone use throughout the day. The 

participants resided in one of the five most populous Metropolitan Statistical Areas (MSAs) 

as of 2019 (New York City, Los Angeles, Chicago, Houston, and Dallas). Recruitment was 

conducted by Qualtrics International Inc. (Seattle, WA), a research panel company.  

 

Participants were informed about the project’s objectives, provided informed 

consent, and completed a baseline survey regarding demographic information (e.g., age, 

gender, race, education). They were then instructed to download research software from 

the Google Play Store, which collected, encrypted, compressed, and transmitted 

screenshots and event logs to a secure research server. The study lasted for two months, 

with participants having the option to withdraw at any time (participation duration in days: 

M = 52.4, SD = 8.1). Participants received a $240 e-gift card as compensation for their 

participation.  

 

Notable disparities appear in the use of public benefits programs, such as SNAP 

and Unemployment Insurance, between income levels. Among low-income participants, 

64.5% indicated that their families received public benefits, while only one high-income 

participant (2.7%) reported being part of a family that received any form of public benefits. 

See Table A1 in Appendix for further information on the demographic information of study 

participants.  

 

Data ethics and security 

 

The collection, storage, and processing of smartphone screenshot images involved 

comprehensive discussions on data ethics and security. In collaboration with the Office of 

Privacy and the Office of Information Security at the Principal Investigator’s university, 

we established comprehensive data security measures to protect participants’ privacy and 
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data. For example, during the onboarding process, participants were fully informed about 

the study and were able to ask questions. All participants provided participation consent 

prior to contributing any screenshot data. We ensured that participants could withdraw their 

consent and request the removal of their data from the research servers at any time, without 

affecting their compensation.  

 

 All screenshot images were stored and processed through computing platforms that 

were compliant with the Health Insurance Portability and Accountability Act (HIPAA) to 

ensure compliance with privacy standards. All analyses were performed exclusively on 

encrypted computers designed to protect personal information. Most data analysis was 

conducted using AI algorithms, reducing the need for manual inspection. Access to the 

screenshot images was strictly limited to a select group of researchers who had completed 

research ethics education and obtained certification for conducting human subject research. 

Researchers held regular meetings to refine data security procedures as new challenges and 

technological advancements arose. To further protect privacy, raw screenshot images were 

never downloaded or stored on local computers, and they were never shared with others. 

When disseminating study results, simulated screenshots were used in place of actual raw 

images. Lastly, we conducted a legal review to ensure compliance with relevant laws and 

court decisions, reinforcing the study’s commitment to ethical standards and legal 

requirements. The research protocol of this study was reviewed and approved by the 

Institutional Review Board at the university (Protocol # 38485). 

 

Screenshot identification process 

 

We summarize the research process in Figure 1. When participants used their Android 

smartphones during the two-month participation period, the research software 

automatically captured screenshots every five seconds while the phones were in use (left 

of Figure1). Using computer vision processing techniques like the OpenCV OCR module 

(Chiatti et al., 2017), we extracted text from these screenshots including both user-

generated text (e.g., messages) and system-generated text (e.g., website content, system 
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notifications) to ensure a comprehensive capture of all on-screen text. We then conducted 

keyword searches on the extracted text to identify screenshots that include public benefits 

program names in the MSAs where the data were collected (top middle node). 

Additionally, we examined application event logs to detect instances when public benefits 

program-related apps were used (bottom middle node).  

 

 A total of 4,813 screenshots captured 14 low-income participants’ interactions with 

a variety of public benefits programs, including SNAP, WIC, and rental assistance 

programs. Individuals’ interactions with financial services were identified as instances 

when applications registered under the Finance category on Google Play Store moved into 

the foreground; 10,172 screenshots for 21 low-income participants and 14,173 screenshots 

for 26 high-income participants. See Table A2 in Appendix for a complete list of public 

benefits programs and financial services captured in the screenshots. 

 

 

 

 
 

Figure 1. The identification processes 

Note. The pictures shown are examples of identifying interactions with public benefits 

through (1) keyword searches and (2) application logging.  
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There were ample instances where we observed participants interacting with public 

benefits programs in their daily smartphone use. Figure 2 illustrates one example when, 

during a 14-day period, one low-income individual accessed public benefits through their 

smartphone. The screenshot image on the left displays an example where the individual 

was submitting documents (e.g., utility bills) to a housing assistance program in New York 

City after receiving a utility shut-off notice. This participant interacted with various public 

benefits programs in 391 separate instances on 57 different days during their entire two-

month participation in our study. Notably, the majority (59.1%) of this person’s online 

interactions with government platforms2 involved problems or obstacles to public benefits, 

including those shown in Figure 3, such as slow loading web pages of government websites 

or programs (left) and difficulties obtaining useful information when inquiring about 

delayed benefit payments through a nonprofit service (right).  

 

 

2 Our data reveal that low-income individuals used various digital channels to access public benefits, 

including government websites, government mobile applications, and nonprofit services such as Fresh 

EBT. We treat nonprofit service platforms as government platforms since they rely on government systems 

to obtain information related to benefits (e.g., expected payment dates, benefit balances). 
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Figure 2. Interactions with public benefits programs: One participant’s smartphone use for 14 days 

Note. Each line represents one day of smartphone use, from 10pm to 10pm in their local time zone, with the black 

vertical lines indicating device use. The red arrows represent when interactions with public benefits programs 

appeared on the screen. This particular participant accessed a variety of public benefits programs and related 

services, such as NYC ACCESS HRA (New York City’s mobile app for SNAP, Cash Assistance, and other public 

benefits benefits), WIC2Go (New York State’s mobile app for supplemental nutrition program for low-income 
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families with young children and women who are pregnant), and Fresh EBT (a non-profit mobile app, currently 

called Providers, to help manage various public benefits programs).  

 

 

 

       

 

Figure 3. Example screenshots of obstacles faced when interacting with public benefits online.  

Note. The left panel illustrates interactions where the low-income individual experienced slow loading of 

government applications when checking SNAP applications. The right panel displays the lack of useful information 

obtained when seeking information about delayed benefit payments through a nonprofit service (i.e., Fresh EBT).
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Measures 

 

Dependent variables 

Wait times. Through keyword searches and ethnographic inspection of individual 

screens, we identified the screens that captured waiting for accessing public benefits 

programs (H1) and financial services (H2). Examples of wait-related screens include 

screens with an hourglass icon, a spinning circle, a progress bar, or any messages that 

indicated buffering (e.g., “Loading,” “Please wait”). Our 5-second sampling interval 

allowed us to calculate wait times based on the duration of consecutive screens displaying 

waiting elements. If the subsequent screen did not pertain to waiting for public benefits or 

financial services, it marked the end of a wait session.  

For instance, Figure 4 illustrates a common scenario involving public benefits 

programs. After waiting for the government benefit website (highlighted in red), the user 

briefly checked the benefit balance and then put away the device, signaling a break in 

activity. In this hypothetical session, the wait time would be 15 seconds (three screens * 

five seconds). If only one screen captured waiting, followed by a switch to a different 

platform, the wait time would be five seconds (one screen * five seconds). On average, 

low-income participants experienced a wait time of 13.1 seconds for public benefits 

programs (SD = 29.6, min = 5, max = 355). The average wait time for both low- and high-

income participants when accessing commercial financial services was 6.7 seconds (SD = 

5.8, min = 5, max = 115). 
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Figure 4. Quantification of wait times for accessing public benefits  

Note. In this hypothetical example, a user waited for loading of the government benefit 

website (highlighted in red). After briefly inspecting the benefit balance, the device was 

put away, demarcating the end of this session. The wait time for accessing public benefits 

would be computed as follows: 

 

Wait time = (the number of wait-related screens) * (screen recoding intervals) 

= 3 * 5 seconds = 15 seconds 

 

 

 

 Text scores – future orientation and cognitive processing. To examine the 

psychological characteristics of low-income individuals’ smartphone use, we applied the 

Linguistic Inquiry and Word Count (Tausczik and Pennebaker, 2010), a widely recognized 

automated text analysis tool in psychology and communication research. Previous studies 

have indicated that economic concerns tend to dominate individuals’ attention, leaving 

fewer cognitive resources for tasks such as future planning, reasoning, and problem-solving 

(Bertrand et al., 2004; Bhargave & Manoli, 2015; Kahneman, 2011; Mani et al., 2013). 

Thus, our analysis focused on two categories – ‘Future focus (H3)’ (referred to as Future-

oriented words in this study), which relates to future tense (e.g., will, going to, should); 

‘Cognitive processes (H4)’ (referred to as Cognitive processing words), which included 

words indicative of cognitive operations and reasoning (e.g., know, think, understand, 

cause, why).  
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 These linguistic features were measured as the relative proportion of words from 

each category divided by the total number of words in each smartphone use session3 and 

then were aggregated at the user level: Future-oriented words (M = 5.5%, SD = 4.5%); 

Cognitive processing words (M = 3.2%, SD = 3.5%). Our primary objective was to examine 

whether these text scores varied based on a 2 × 2 design, considering the interaction phase 

(pre- vs. post-interaction) and the presence of an obstacle (obstacle vs. absence of obstacle). 

See below for further details on independent variables. 

 

Independent variables 

Pre- vs. post-interaction. Through the process described earlier (Figure 1), we 

identified 4,813 screenshots capturing 14 low-income individuals’ use of public benefits 

programs. We chose a 5-minute interval as it allowed for pre- and post-interaction periods 

to ensure sufficient time for individuals’ psychological responses to emerge (Lee et al., 

2023; Szabo, 2003). Within these intervals, we found 4,595 distinct smartphone use 

sessions. These sessions were categorized as binary variables (5-minute pre-interaction vs. 

5-minute post-interaction) and assigned to each participant. Similarly, we identified 

smartphone use sessions that occurred within 5 minutes before and after interactions with 

commercial financial services. A total of 10,172 screenshots captured 21 low-income 

participants’ use of financial services, leading to 82,503 separate smartphone use sessions. 

These sessions were likewise categorized as pre- and post-interaction (5-minute pre-

interaction vs. 5-minute post-interaction) at the user level.  

 

Obstacle vs. absence of obstacle. Through manual inspection described above, 

three sets of obstacle screenshots were identified: 1,659 screenshots captured obstacles 

faced by 13 low-income participants when accessing public benefits (Table 1), 852 

screenshots captured 10 low-income participants’ obstacles to accessing financial services 

(Table 2), and 976 screenshots captured 15 high-income participants’ obstacles to 

 

3 Given our 5-second sampling interval, any smartphone inactivity exceeding 6 seconds marked the end of 

one session, with the next screen activation signifying a new session (M = 167 seconds, SD = 309.6). Since 

screenshots were captured continuously every 5 seconds, the text extracted from each screenshot was 

aggregated by session to account for repeated or similar content that appeared within the same session. 
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accessing financial service (Table 2). We coded smartphone use sessions in relation to the 

occurrence of obstacles at the user level (obstacle vs. absence of obstacle).  

 

 

 

Table 1. Obstacles to interacting with public benefits: Low-income individuals. 

 

Category  

 

Obstacle 

Number of 

screenshots 

Number of 

participants 

 

Examples 

Connection 

issues 

Slow loading 1,399  8 “Loading…”, “Please 

wait.” 

Procedural 

challenges 

System outages 

147  

 

3 “Currently unavailable 

while we perform 

maintenance.” 

 Administration 

83  

2 “My benefits did not 

arrive” 

User errors User errors 30  

 

 

3 Wrong password, 

“Failure to submit 6-

month mailer” 

Number of observations: 

with obstacles screenshots 

1,659 

 

13 

 

Number of observations: all 

public benefits screenshots 

4,813 

 

14 
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Table 2. Obstacles to using financial services by income. 

 

 

Category 

 

 

Obstacle 

Low Income High Income 

Number of 

screenshots  

Number of 

participants 

Number of 

screenshots 

Number of 

participants 

Connection 

issues 

Slow loading 778  10 815  15 

Procedural 

challenges 

System outages 

(e.g., website 

maintenance) 

58  3 34  5 

Administration 

(e.g., refunds 

not issued) 

0  0 51  1 

User errors User errors 

(e.g., wrong 

passwords) 

16  

 

 

3 76  

 

 

8 

Number of observations: 

with obstacles screenshots 

852 

 

10 976 

 

15 

Number of observations: all 

finance screenshots 

10,172 

 

21 14,173 

 

26 

 

 

Control variables 

Four demographic variables relating to smartphone usage patterns were included in 

analysis: gender, race, education, and age. Gender, race, and education were coded as 

dichotomous variables (Gender: 0 = Male, 1 = Female; Race: 0 = White, 1 = Non-white; 

Education: 0 = Some college or above, 1 = High school degree or less). Age was a 

continuous variable (M = 33.6, SD = 6.1). 
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Analysis 

 

Time and waiting 

We examined differences in the wait times faced by low-income people when they 

accessed public benefits and commercial financial services (H1). Next, we tested potential 

income-related disparities in the wait times for accessing financial services (H2). We 

illustrated wait time distributions using violin plots, which combine kernel density and box 

plots. The plots depict data frequency and show quartiles (first quartile, median, and third 

quartiles) within each density curve. After visually examining these distributions, we 

conducted Mann-Whitney U tests, non-parametric tests suitable for non-normally 

distributed data with outliers. 

 

Cognitive stress 

We tested if there were discernable differences in low-income individuals’ smartphone 

use between the 5-minute pre- and post-interaction intervals surrounding problematic and 

non-problematic encounters to public benefits programs. We analyzed differences in 

future-oriented text score (H3) and cognitive-processing text score (H4), aggregated at 

the user level. Differences in the psychological qualities of low-income individuals’ 

smartphone use were tested, using 2 x 2 Repeated Measures ANOVA – Post-interaction 

(vs. pre-interaction) and Obstacle (vs. absence of obstacle).  

 

We used generalized multilevel models to account for the nested, repeated, and 

non-normal nature of the dependent variables. These models were tested for each variable 

(H3, H4) separately. We incorporated random effects to capture variability across phone 

sessions, as each engagement could reflect a distinct phone activity. Similar analyses were 

performed for low-income individuals’ interactions with financial services for comparison. 

All models were implemented in the R statistical software, using the glmmTMB package 

(Brooks et al., 2017). 
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Results 

 

How did low-income people navigate public benefits programs? 

 

We began by quantitatively analyzing the obstacles faced by low-income participants when 

accessing public benefits programs. As expected, these interactions primarily involved 

low-income participants, with only one instance involving a high-income participant 

encountering a sponsored Instagram post about Cal Fresh, California’s SNAP program (see 

Table A2 in Appendix). Table 1 illustrates that interactions with public benefits often 

encountered access obstacles. Although participants were not explicitly asked to use their 

phones to access public benefits programs, 70% (14 out of 20) of public benefit users 

visited government websites and mobile applications for public benefits during their daily 

smartphone use over the two-month participation period. This suggests that smartphones 

serve as a primary means of accessing public benefits for many low-income individuals.  

 

 Among those who accessed government benefit sites, the vast majority (92.9%; 13 

out of 14) of them encountered issues with the website or program. Among the obstacles 

encountered by low-income participants when interacting with public benefits, waiting for 

slow loading of government websites or programs was the most common (61.5%; 8 out of 

13). Procedural hurdles, including system outages and delayed payments), were 

experienced by 38.5% (5 out of 13) of the low-income individuals who accessed public 

benefits via smartphones. In contrast, user errors, such as incorrect passwords and failure 

to submit recertification documents, were the least frequent in the data (23.1%; 3 out of 

13).  

 

In contrast, low-income individuals’ interactions with financial services faced 

fewer challenges. Less than half (47.6%; 10 out of 21) of those accessing financial sites 

faced problems. This is in a stark contrast to interactions with public benefits, where 92.9% 

(13 out of 14) of the low-income individuals who accessed public benefit online 

experienced problems. Slow loading of websites was also the most frequently experienced 
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problem when low-income participants accessed financial services (100%; 10 out of 10). 

Similar to the challenges with accessing public benefits, user errors constituted a smaller 

proportion (33.3%; 3 out of 10) of obstacles. As shown in Table 2, low- and high-income 

individuals’ online interactions with financial services were similar. Among low-income 

participants, 47.6% (10 out of 21) of financial service interactions involved some form of 

obstacle, compared to 57.5% (15 out of 26) for high-income participants. Slow loading was 

the most commonly observed obstacles for both groups, affecting all high-income 

participants who encountered financial service access issues (100%; 15 out of 15).  

 

Inequality in waiting 

 

Given the prevalence of slow loading issues, we probed into the experiences of waiting 

when accessing public benefits and financial services (H1). Top panels of Figure 5 display 

the distributions of wait times faced by low-income participants when accessing public 

benefits and financial services. While both distributions have two distinct peaks, there are 

frequent outliers for accessing public benefits, as indicated in points located above 1.5 

times the interquartile range. Frequent outliers suggest that prolonged wait times often 

occurred when low-income people accessed public benefits. Box plots show that the 

median wait time for accessing public benefits was longer than that of accessing financial 

services: 10 seconds (IQR = 5) for accessing public benefits, ranging from 5 to 355 seconds. 

The median wait time for accessing financial services was 5 seconds (IQR = 5), ranging 

from 5 to 115 seconds. Mann-Whitney U test result (W = 248,336, p < 0.001) indicate that 

there was a significant difference in the distribution of wait times for accessing public 

benefits and financial services among low-income people (supporting H1). 
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Figure 5. Distribution of wait times: Violin plots display the full distribution of wait 

times through a kernel density plot as well as a box plot. 
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The box plots in the bottom panels of Figure 5 reveal that there was no difference 

in the median wait times for accessing financial services between income groups (rejecting 

H2). Both low-income and high-income participants had a median wait time of 5 seconds. 

However, there were nuanced differences in the distributions of wait times between income 

levels. The box plot for high-income participants’ wait times is represented as a single 

horizontal line at the value of 5 seconds because the first percentile, median, and third 

percentile were all the same. This indicates that high-income participants consistently 

experienced a brief wait time of 5 seconds when accessing financial services, unlike low-

income participants who had a wider range of wait times. The Mann-Whitney U test result 

(W = 203,342, p < 0.001) suggests that even though the median wait times were the same 

for both income groups, the wait times likely originated from different distributions. 

 

Cognitive stress  

 

A series of multilevel analysis examined the psychological impacts that followed when 

obstacles were encountered during interactions with public benefits relative to financial 

services. Table 3 reports the full results for the changes in future-oriented words (H3) and 

cognitive processing words (H4) surrounding interactions with public benefits and 

financial services, respectively. 
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Table 3. Multilevel analyses suggest that experiencing obstacles to accessing public benefits leads to 

significant changes in low-income individuals’ smartphone use. 

 Public benefits Financial services 

Future-oriented 

words 

Cognitive 

processing 

words 

Future-oriented 

words 

Cognitive 

processing 

words 

 B (SE) B (SE) B (SE) B (SE) 

Fixed effects     

  Intercept -2.65*** (0.3) -3.37*** (0.3) -3.34*** (0.15) -4.04*** (0.15) 

  Post-interaction (vs. Pre-interaction) 0.08† (0.04) -0.005 (0.05) -0.09** (0.03) -0.15*** (0.03) 

  Obstacle (vs. No obstacle) 0.05 (0.05) -0.09** (0.06) -0.03 (0.05) -0.04 (0.06) 

  Post-interaction*Obstacle -0.18** (0.07) -0.20** (0.07) 0.08 (0.06) 0.09 (0.06) 

  Gender: Female (vs. Male) -0.15 (0.19) -0.14 (0.19) -0.02 (0.07) 0.12† (0.07) 

  Age -0.01 (0.01) -0.004 (0.01) 0.01 (0.005) 0.01† (0.005) 

  Race: Non-White (ref. White) 0.44*** (0.11) -0.4*** (0.11) 0.17** (0.06) 0.21*** (0.06) 

  Education: High school or below 

    (vs. Some college or above) 

-0.51*** (0.07) 

 

-0.38** (0.12) 

 

-0.18** (0.06) -0.12* (0.06) 

Random effects     

  Variance in intercept (Interaction) 0.23 0.23 0.42 0.40 

  Overdispersion 17.9 24.6 13.3 18.4 

Fit Indices     

  AIC -13,470.0 -16,960.1 -31.296.7 -42,158.9 

  BIC -13,409.5 -16,899.6 -31,229.7 -42,091.9 

  Condition R2/Marginal R2 0.30/0.06 0.26/0.05 0.3/0.06 0.27/ 0.01 

Number of observations 3,153 3,153 5,999 5,999 

Note. †p < .1 *p < .05 **p < .01 ***p < .001. B = estimates; SE = standard error; Ref. = Reference category; AIC 

= Akaike information criterion; BIC = Bayesian information criterion. Conditional R2 indicate variance explained 

by both fixed and random effects and marginal R2 indicate variance explained by only fixed effects. Non-text phone 

sessions (e.g., video- or image-only sessions without any text) were excluded from analyses. 
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The fixed effect model indicates significant two-way interactions for two 

smartphone use measures when low-income people experienced obstacles to accessing 

public benefits: engagement patterns of future-oriented words (β = -0.18, p < .01) and 

cognitive processing words (β = -0.20, p < .01). In contrast, encountering obstacles to 

financial services did not generate considerable changes in the engagement patterns of 

future-oriented words (β = 0.08, p = .20) and cognitive processing words (β = 0.09, p = 

.18). Focusing on the significant tow-way interactions, we probed into the changes in 

future-oriented words and cognitive words surrounding the use of public benefits (see 

Figure 6). Figure 6 presents the predicted percentages of future-oriented words (H3) and 

cognitive processing words (H4) likely to appear on a low-income individual’s phone 

screen in the 5 minutes preceding and following access to public benefits and commercial 

financial services. 
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Figure 6. Prediction plots of low-income individuals’ smartphone use: Pre- and post-

interaction with public benefits versus financial services 

Consistent with H3, the top left panel of Figure 6 indicates the nuanced, yet notable, 

impacts of encountering obstacles to accessing public benefits on low-income people. 

Before facing such barriers, an estimated 5.31% of low-income individuals’ phone screens 

contained future-oriented words (95% CI [4.02, 6.98]). However, this percentage is 

predicted to decrease to 4.84% (95% CI [3.67, 6.37]) in 5 minutes after they face obstacles 

to access. Contrasting patterns emerge when obstacles do not occur during low-income 

individuals’ access to public benefits: pre-interaction: 5.06%, 95% CI [3.86, 6.60]; post-

interaction: 5.48%, 95% CI [4.20, 7.13]. The second left panels indicate that encountering 

obstacles when accessing public benefits decreases the use of cognitive processing words 

among low-income people, supporting H4. Before facing obstacle, an estimated 3.25% of 

phone screen content includes cognitive processing words (95% CI [2.45, 4.32]), but this 

percentage is predicted to decline to 2.67% (95% CI [2, 3.54]) post-interaction. In contrast, 

when no obstacles are encountered, the percentage of cognitive processing words remains 

relatively stable, with a pre-interaction estimate of 3.00% (95% CI [2.27, 3.94]) and a post-

interaction estimate of 2.98% (95% CI [2.27, 3.92]).  

For comparison, we examined the predicted impacts of encountering obstacles to 

accessing financial services on low-income people’s smartphone use (right panels of Figure 

6). Percentage of future-oriented words is likely to decrease regardless of occurrence of 

obstacles to access (top panels): with obstacles – pre-interaction: 4.66%, 95% CI [4.10, 

5.29]; post-interaction: 4.26%, 95% CI [3.74, 4.83]; without obstacles – pre-interaction: 

4.52%, 95% CI [3.88, 5.26]; post-interaction: 4.46%, 95% CI [3.84, 5.18]). Likewise, the 

bottom right panel shows that fewer cognitive processing words are likely to appear when 

facing obstacles to financial services, but the magnitude of change is smaller than the 

change generated by facing obstacles to public benefits: with obstacles – pre-interaction: 

2.16%, 95% CI [1.89, 2.46]; post-interaction: 1.86%, 95% CI [1.63, 2.12], without 

obstacles – pre-interaction: 2.09%, 95% CI [1.78, 2.44]; post-interaction: 1.95%, 95% CI 

[1.67, 2.28]. 
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Discussion 

 

Leveraging previously untapped data sources about individuals’ digital life, this article 

sheds new light on the challenges low-income individuals face when accessing public 

benefits relative to commercial financial services through smartphones. Results reveal 

multiple dimensions of digital inequality. First, a significant gap exists in the obstacles 

encountered by low-income individuals when using public benefits versus commercial 

financial services. The majority (92.9%) of low-income participants experienced issues 

with government websites or programs, whereas considerably fewer (47.6%) faced similar 

issues for financial services (e.g., banks, credit cards, digital finance firms such as PayPal, 

Venmo, and Cash).  

 

Second, the most common obstacle for low-income users was waiting for slow-

loading government platforms, highlighting time inequality (Auyero, 2011; Becker, 1965; 

Giurge et al., 2020; Holt & Vinopal, 2023; Mathews & Ali, 2022; Vickery, 1977). User 

errors, such as wrong passwords and failure to submit recertification documents, were only 

minimally prevalent in the data. When we computed the median wait times incurred for 

accessing public benefits and financial services, low-income people faced considerably 

longer median wait times when accessing public benefits than when accessing financial 

services.  

 

We also examined inequality as income-related gaps in online experiences. We 

compared low-income people’s use of financial services to high-income people’s use of 

financial services. Overall, results suggest that low- and high-income people’s interactions 

with commercial financial services were similar: slightly less than half (47.6%) of low-

income participants encountered obstacles to accessing finance applications, compared to 

57.5% for high-income participants. There were no income-related gaps in the median wait 

times accessing financial services. 
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Finally, digital inequality extends to the psychological consequences of low-

income individuals’ online experiences, as measured by cognitive stress resulting from 

problematic interactions with public benefits. Multilevel analyses reveal that facing 

obstacles when accessing public benefits had a significant impact on the psychological 

aspects of smartphone use. This was evident in reduced engagement with content 

containing words related to the future and cognitive processes. In contrast, when we 

conducted similar multilevel analyses for accessing financial services, we found that low-

income participants’ smartphone use did not exhibit significant changes after encountering 

obstacles on finance websites. Overall, these findings show that financial service firms 

make it easy for low-income people to interact with their sites, but government websites 

fail to reach a similar level of performance. When money flows to low-income people, 

access is hard. When money flows from low-income people, access is easier.  

 

Contribution 

 

Our results complement and extend the theories of digital inequality. Over the years, the 

term of digital inequality has expanded to encompass many dimensions of inequality 

(DiMaggio & Bonikowski, 2008; Guess & Munger, 2023; Li & Chen, 2021; Robinson et 

al., 2020; Van Deursen et al., 2017). By drawing upon insights from an interdisciplinary 

research literature on time inequality and psychological stress of poverty (Bertrand et al., 

2004; Bhargave & Manoli, 2015; Holt & Vinopal, 2023; Mathews & Ali, 2022; Mani et 

al., 2013; Mullainathan & Shafir, 2014), we show that low-income people face distinct 

obstacles to navigating public benefits online. Compared to accessing commercial financial 

services online, low-income people wait longer for accessing public benefits and 

experience distinct psychological reactions from the obstacles they encounter. The research 

illuminates the emerging patterns of digital inequality – disadvantaged individuals’ 

disparate information experiences across information domains and their psychological 

consequences.  
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To date, this is the most comprehensive analysis of low-income individuals’ online 

experiences in situ. Moving beyond aggregated measures of total screen time or samples 

of content from only selected platforms, we analyzed in-the-wild digital life experience 

across many information domains (e.g., finance, government) and platforms (e.g., web 

browsers, mobile applications, emails). Data at this granularity help examine low-income 

individuals’ everyday online experiences that are otherwise difficult to measure. 

Additionally, use of naturalistic assessments, such as wait times for accessing government 

benefit websites and words people engaged in real-world settings, offers advantages over 

other approaches that are often used in the inequality research such as self-reports or 

administrative data, which are often subject to inaccuracies and do not capture real-time 

nuances (Muise et al., 2024; Parry et al., 2021; Wu-Ouyang & Chan, 2023). The 

methodological novelty of the study expands the realm of empirical investigation about 

individuals’ digital media use and suggests fruitful areas for future research. 

 

The findings also provide valuable insights for policymakers. Scholarly and policy 

discussions have primarily focused on developing digital infrastructures for public benefits 

programs and promoting knowledge, skills, and training to use these digital tools (Beard et 

al., 2022; Office of Information and Regulatory Affairs, 2023; U.S. Department of 

Education, 2022). While the access and use of the Internet remain important, such an 

approach places responsibility on individual users to access and leverage online 

information resources. Our results show that the problems associated with public benefits 

participation are not entirely attributed to the users’ motivations and abilities to utilize 

benefits and resources. Even though low-income people often sought information about 

public benefits in their everyday smartphone use, interactions with public benefits 

programs frequently involved obstacles. Policymakers should recognize and respond to 

distinct user-experience obstacles faced by low-income people when interacting with 

public benefits programs, and not attribute difficulties only to inferior technology and 

online access, limited digital literacy, and pre-existing social and economic inequalities. 

Until government agencies explicitly address how their online services operate and are 
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experienced, gaps and snags will continue to make the online public benefits programs 

frustrating and inconsistent for users. 

Limitations and directions for future research 

 

The findings presented here must be examined in the context of several limitations. First, 

there is potential concern that participants may have changed their smartphone behavior 

due to being observed. Comparable research involving the passive collection of 

smartphone data among disadvantaged individuals has demonstrated potential benefits, 

including the minimal effort required from participants to manage data collection (Sugie, 

2018) and the low levels of psychological discomfort related to data privacy reported by 

participants (Yee et al., 2022). A close visual inspection of our data also suggests that 

smartphone content included display of behaviors known to manifest in adults’ typical 

phone use (e.g., gambling, sexual content). Future research still needs to systematically 

address potential reactivity concerns. 

 

Another limitation of the research comes from the restricted sample. This study 

aimed to provide a comprehensive assessment of low-income individuals’ daily digital 

media use by focusing on individuals who rely primarily on a single smartphone. Low-

income individuals tend to be smartphone-dependent (Pew Research Center, 2024), 

meaning they rely on smartphones as their sole means of accessing the Internet since they 

lack the financial resources to own other digital devices, such as tablets, desktops, or 

laptops. To ensure consistency, we excluded individuals who used multiple smartphones 

for different purposes (e.g., work and personal use) as well as those who shared a device 

with other adults. While this sampling choice helped streamline data collection as tracking 

usage across multiple devices presents logistical challenges and shared devices make it 

difficult to isolate an individual’s smartphone use, the study was unable to capture cross-

device usage patterns or device-sharing, a practice that is more common among lower-

income populations (Mathews & Ali, 2022; Strover, 2019). Furthermore, older adults are 

underrepresented in the sample despite facing unique challenges in accessing public 

benefits online, such as lower digital literacy and reliance on older devices (Hargittai et al., 
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2019; Leukel et al., 2023; Tsetsi & Rains, 2017). The purposive sample of low- and high-

income individuals who are primary smartphone users provides valuable insights into their 

online experiences, but future studies should assess the external validity of the findings, 

using larger, more representative samples.  

 

Concerns may arise regarding text extraction, as we captured all text from the 

screen, including both user-generated text (e.g., messages) and platform-generated text 

(e.g., app notifications, website content). Both types of text are valuable for understanding 

smartphone users’ psychology, given the high degree of individualization and self-

selection in media use (Castells, 2007; Reeves et al., 2019, 2020; Ross & Bayer, 2021). 

Even when users are not actively producing content, their engagement with certain types 

of information, such as reading news articles, viewing notifications, or interacting with app 

interfaces, may reveal underlying cognitive and emotional patterns. However, 

distinguishing between content production and consumption can offer new insights into 

smartphone users’ psychology as user-generated text tends to reflect more intentional 

selection, personal expression, and active engagement (Cho et al., 2023; Kramer et al., 

2014). Future research could apply computational methods to differentiate between these 

forms, such as identifying user-generated content based on interface structure (e.g., 

messages typically appearing on the right side of a chat). 

 

Causality is not fully established in this observational study. For instance, the study 

could not determine whether the prolonged wait times experienced by low-income 

individuals when accessing public benefits were due to low-spec devices, unstable Internet 

connections, overwhelmed government websites, or other factors (Galperin et al., 2020; 

Gonzales, 2016; Ravenelle et al., 2021). Comparative analysis with commercial financial 

services suggests that temporal barriers to accessing public benefits likely resulted from 

government website performance rather than user connectivity and device issues. Future 

research should further investigate the diverse causes of disrupted experiences with public 

benefits online. 
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Lastly, the study quantified wait times for accessing government benefit sites and 

financial sites by focusing on screens explicitly related to waiting such as screens with a 

spinning circle, an hourglass icon, or a message that indicated lags and buffering (e.g., 

“Loading,” “Please wait”). Although this approach captures instances directly connected 

to issues with slow-loading websites and waiting experiences, it may underestimate the 

actual waiting times, as it does not account for users who switch to other platforms or 

multitasking while waiting for services. Future research needs to develop more advanced 

methods to measure the extent of temporal obstacles faced by individuals when accessing 

the public and private sector services online. Additionally, incorporating comparisons in 

wait times among high-income individuals accessing government platforms could 

strengthen the argument that wait time disparities specifically affect low-income 

communities. For instance, a comparative analysis of wait times for high-income 

individuals accessing government services, such as tax filing web portals, could help 

examine potential income-related gaps in wait times for online government services. Our 

findings suggest that, although public benefits platforms are designed to serve low-income 

populations, they may not perform at the same level as financial services. This is evidenced 

by the similar wait times for low- and high-income individuals when accessing financial 

services, contrasted with the significantly longer wait times for low-income individuals 

accessing public benefits. Future research should investigate wait times across various 

government platforms, including those not explicitly serving lower-income populations, to 

determine whether the disparities observed in this study reflect income-based time 

inequality. 

 

Conclusion 

 

Closing the digital divide and promoting digital equity remain key policy priorities, as 

exemplified by the Bipartisan Infrastructure Law, which allocates $65 billion to the Internet 

for All program aimed at expanding broadband access in underserved communities 

(National Telecommunications and Information Administration, n.d.). This study’s focus 

on low-income individuals’ public benefit experiences adds valuable insights to the quest 
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for more inclusive and efficient digital landscape. Our findings reveal that low-income 

individuals face obstacles more frequently when accessing public benefits compared to 

commercial financial services, and with consequences. These results highlight the 

systematic and unique encountered in interactions with public benefit programs. While 

improving digital access is crucial, ensuring that government platforms function effectively 

for low-income individuals seeking benefits should also be a central concern in discussions 

about digital equity. 
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Appendix 

 

Table A2. Demographic characteristics of study participants. 

 Low income 

(Under $30,000) 

High income 

($100,000 or more) 

Age   

       25-29  38.7% (n =12) 17.6% (n = 6) 

       30-49  45.2% (n =14) 55.9% (n = 19) 

       40-49 16.1% (n =5) 23.5% (n = 8) 

       50-55  0% (n =0) 2.9% (n =1) 

Sex   

       Male 25.8% (n =8) 41.2% (n = 14) 

       Female 74.2% (n = 23) 58.8% (n = 20) 

Ethnicity   

       Hispanic or Latino/Latina 38.7% (n = 12) 11.8% (n = 4) 

       White 51.6% (n = 16) 47.1% (n = 16) 

       Black or African American 9.7% (n = 3) 11.8% (n = 4) 

       Asian 0% (n = 0) 26.5% (n = 9) 

       Native Hawaiian or Pacific Islander 0% (n = 0) 2.9% (n =1) 

Education   

       Less than high school 6.5% (n =2) 0% (n =0) 

       High school/ GED 29.0% (n =9) 0% (n = 0) 

       Some college 45.2% (n =14) 5.9% (n = 2) 

       2-year or 4-year college degree 19.4% (n = 6) 61.8% (n = 21) 
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       Graduate degree (e.g., PhD, JD) 0% (n = 0) 32.4% (n = 11) 

Metropolitan areas   

     New York City 54.8% (n = 17) 32.4% (n = 11) 

     Los Angeles 16.1% (n = 5) 20.6% (n = 7) 

     Chicago 3.2% (n = 1) 20.6% (n = 7) 

     Dallas 9.7% (n = 3) 14.7% (n = 5) 

     Houston 16.1% (n = 5) 11.8% (n = 4) 

Social Safety Nets   

     SNAP (formerly known as food stamps) 64.5% (n = 20) 2.9% (n = 1) 

     Unemployment, Social Security, or  

     Disability benefits 

32.3% (n = 10) 8.8% (n = 3) 

Party Identification   

     Democrat 58% (n = 18) 50% (n = 17) 

     Republican 6.5% (n = 2) 20.6% (n = 7) 

     Independent 6.5% (n = 2) 20.6% (n = 7) 

     No preference 25.8% (n = 8) 8.8% (n = 3) 

     I prefer not to answer 3.2% (n = 1) 0% (n = 0) 

Employment Status   

     Employed 35.5% (n = 11) 76.5% (n = 26) 

     Unemployed 64.5% (n =20) 23.5% (n =8) 

Total 31 34 
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Table A2. Names of public benefits programs captured in the screens. 

Income 

category 

Public benefits 

programs  

Number of 

screenshots 

Number of 

participants 

Financial 

services 

Number of 

screenshots 

Number of 

participants 

Low 

income 

(Under 

$30,000) 

CalFresh 

Fresh EBT - Food 

Stamp Balance 

(currently called 

“Providers”) 

IHSS 

Los Angeles 

DPSS 

NYC Housing 

Connect 

WIC 

Your Texas 

Benefits 

4,813 14 Ally Mobile 

Amex 

Bank of 

America Mobile 

Banking 

BankMobile 

App 

Bluebird by 

American 

Express 

Capital One® 

Mobile 

Cash App 

Chime - Mobile 

Banking 

Citi Mobile® 

Credit Karma - 

Free Credit 

Scores and 

Reports 

Discover 

Mobile 

FNBT and FCB 

Mobile Banking 

10,172  21 
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Google Pay: 

Pay with your 

phone and send 

cash 

Green Dot - 

Mobile Banking 

Mi Banco 

Mobile 

PayPal Mobile 

Cash: Send and 

Request Money 

Fast 

Santander Bank 

US 

South Jersey 

FCU Mobile 

App 

Varo: Save 

money with a 

no fee mobile 

bank account 

Venmo 

High 

income 

($100,000 

or more) 

CalFresh 1 1 Ally Mobile 

Amex 

Bank of 

America Mobile 

Banking 

Barclays US 

14,173 26 
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Barclays US 

Savings 

Capital One® 

Mobile 

Cash App 

Citi Mobile® 

Consumers 

Credit Union 

Credit Karma - 

Free Credit 

Scores and 

Reports 

Credit One 

Bank Mobile 

Credit Sesame 

Currency 

Converter 

DATCU Mobile 

Banking 

Discover 

Mobile 

Fidelity 

Investments 

Google Pay: 

Pay with your 

phone and send 

cash 
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Great Lakes 

Mobile 

HHFCU 

iCliqToGo 

Mobile Banking 

M1 Finance: 

Smart Money 

Management 

Merrick Bank 

Mobile 

My Retirement 

NYMCU 

Mobile Banking 

PayPal Mobile 

Cash: Send and 

Request Money 

Fast 

PNC Mobile 

Regions Bank 

Revolut - A 

Radically Better 

Account 

Venmo 

Wells Fargo 

Mobile 

Zelle 

 


