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1. Introduction 

This work focuses on new potential vulnerabilities that are connected to Digital Poverty (DP) 

in England by drawing on an online survey conducted on a randomised stratified sample of 

parents aged between 20-55 with children at school. The conceptual framework that guides this 

work draws on the Determinants of Digital Poverty and Inequality Framework developed by 

the Digital Poverty Alliance (2021). This model recognises that DP depends on multiple and 

compounding forms of inequality and identifies five determinants of DP, namely a) devices 

and connectivity, b) access, c) capability, d) motivation, and e) support and participation 

(Digital Poverty Alliance, 2021). It also draws on the essential role of the Internet in everyday 

life, as also recognised by the United Nations which classified it as a human right (La Rue, 

2011). This approach interprets the integration of technology into the structure of society as a 

framing condition that “situates the biographical experience of individuals and groups” 

(Stones, 2005). The technological advances may widen the gap in terms of economic (but also 

personal, social and cultural) benefits at multiple levels, from the individual (Ragnedda, Ruiu, 

Addeo, 2022a) to the global level (Annan, 2015). In this vein, one of the first attempts to 

analyse Digital Poverty defines it as the lack of ICTs that can impact any segment of the 

population not necessarily affected by economic poverty (Barrantes, 2007). More recent 

interpretations, describe DP as an intersectional issue that “exacerbates and is exacerbated by 

other socio-economic, educational, racial, linguistic, gender, and health inequalities” (Digital 

Poverty Alliance, 2021). These approaches underline the multidimensionality of DP, 

suggesting that bridging inequalities in accessing the Internet (what is commonly defined as 

the first level of the structural digital divide) does not necessarily ensure a profitable experience 

if the user lacks digital skills/competencies (second level of the digital divide) to get the most 

out from the use of the Internet (third level of the digital divide). This paper suggests that DP 

is linked to the three levels of the digital divide (Ragnedda, 2017) and that it extends far beyond 

merely economic and technological factors, as the economic background is no longer the only 



   
 

   
 

prerequisite for an effective/efficient digital experience. The three levels of the digital divide 

are widely acknowledged by the literature on digital inequalities (van Deursen and van Dijk, 

2021). Specifically, the initial studies on the digital divide mainly focused on the differences 

in users’ access to the Internet, drawing a clear line of demarcation between those who use the 

Internet and those who are not included (Lazarus and Mora, 2000). This approach, now known 

as the first level of the digital divide, rapidly becomes insufficient to capture the 

multidimensionality of digital inequalities in a society with high Internet penetration (Attwell, 

2001). As a result, the second level of the digital divide emerged as a new approach that goes 

beyond accessibility by identifying variations in Internet usage (van Dijk, 2005) and focusing 

on digital skills (Litt, 2013), digital literacy (Martin, and Tyner, 2012), and how people use the 

Internet (Martin, and Tyner, 2012). (Blank and Groselj, 2014). Recently, researchers have 

begun to debate the concept of the third level of the digital divide (van Deursen and Helsper, 

2015; Ragnedda, 2017), which focuses on the various benefits and drawbacks that using the 

Internet may have on users, as well as the actual effects that various access and usage patterns 

may have on people's daily lives. The emphasis on the unequal distribution of tangible benefits 

that individuals can obtain from the use of ICTs does not imply that the differences determined 

by the preceding two levels have vanished, but rather that they have been added to the two 

existing levels of the digital divide. Furthermore, the benefits (or lack of them) of using ICTs 

in everyday life go beyond the economic arena. In the UK, for instance, the move to remote 

education has widened inequalities in terms of the quality of learning due to the dependence 

on digital tools (Coleman, 2021). This is especially evident given that, according to Ofcom 

(2020), approximately 9% of households with children in the UK did not have access to a 

laptop, desktop, or Tablet, and 2% did not have access to the internet at all. Even after the 

pandemic began, 2% of school-age children used smartphones to access the internet, and one 

in every five children did not have access to an appropriate device (Ofcom, 2021). Existing 

disparities were exacerbated by the COVID-19 pandemic, which also brought them to public 

attention (Nanda, 2020). Given that many societal functions have shifted online in order to 

comply with laws aimed at halting the spread of COVID-19, our research focuses specifically 

on the pandemic's digital consequences for English families. The digital-first policy in the UK 

moved some core government services (e.g., benefits, health services, and local authority 

services) online by showing that Internet access, as well as skills, has become an essential 

aspect of everyday life. Due to this technological acceleration, limitations in accessing and 

effectively using ICTs have put some digital users at risk of being left behind and shut out of a 

world full of resources and opportunities. Furthermore, citizens are impacted by digital data 



   
 

   
 

even if they do not use technologies such as when accessing benefits and housing, which are 

based on an algorithmic risk scoring calculated using data from the digital network (Digital 

Poverty Alliance, 2021).  

DP cannot be entirely attributed to external conditions (e.g., technological infrastructures), but 

it also depends on the agentic power of individuals in approaching digital technologies. At the 

same time, the two levels (structural and individual) appear to be related in a phenomenological 

type of relation in which it is observable the “duality of structure” as described by Giddens 

(1984). In this sense, the technological structural conditions seem to be both a trigger and an 

outcome of technological agency and evolution. Given the recent digital acceleration in the 

UK, this study investigates new potential groups that may be at risk of becoming digitally poor. 

The current work seeks to investigate how English families have been coping with recent 

hyper-digitalisation and the impact this has on their daily lives. Specifically, this work answers 

the following research question (RQ): 

 

RQ: How does the interaction between Individual Determinants (individual capability and 

motivation) and Circumstantial Determinants (conditions of action) influence Digital Poverty 

among English families in the post-pandemic era?   

 

As the literature review will show, disadvantaged groups have been commonly identified as 

disadvantaged in economic terms, age, disabilities, ethnic minorities, and vulnerable conditions 

(such as being a single parent). DP is not solely affected by economic poverty (Barrantes, 

2007), but it can act as a catalyst for economic and other disadvantages. In light of this, we 

explore the relationship between existing backgrounds in multiple terms (social, economic and 

cultural) and DP in the specific context of England. The focus on England depends on its higher 

percentage of people who possess basic skills (National Institute of Economic and Social 

Research, 2020) and connectivity (Hutton, 2021). This will allow for the identification of some 

factors that may increase the risk of becoming digitally poor, even in contexts with some degree 

of digital access and literacy. Therefore, this work focuses on citizens who might be out of the 

radar of digital inclusion programmes but are living on the edge of digital poverty. These 

citizens are often considered digitally included because they have access to the internet and 

some basic skills. However, they are at risk of being left behind in the digital society due to the 

drastic techno-acceleration imposed by the pandemic.  

The paper is structured as follows: the literature review is split into two sections. The first 

specifically reviews the concept of DP; the second interprets DP as an expression of the Strong 



   
 

   
 

Structuration Theory (SST). The third and fourth sections include a methodological note and 

the result of the Factor Analyses, the Multiple Regression Analysis and the Tukey HSD post-

test. The final section discusses the result and proposes some final considerations. 

 

2. Theoretical background 

2.1 Conceptualizing Digital Poverty 

Digital Poverty has been defined in a variety of ways and its root could be found in three 

concepts that capture specific nuances of the digital inequalities problem, namely the digital 

divide, data poverty, and information poverty. The term “digital divide” appeared in the mid-

1990s to describe the gap between those who have access to the Internet and those who have 

not (Pierce, 2018). Initially, special emphasis was placed on understanding the impact of 

technologies on poverty (see e.g., Fuchs and Horak, 2008; Gebremichael and Jackson, 2006; 

Mariscal, 2005), by focusing on the gaps in terms of haves and have-nots (known as the first 

level of the digital divide). In policy terms, in the UK this attention to reducing digital 

inequalities by simply promoting access to technology is evident in the New Labour approach, 

which began in 1997 (Cabinet Office, 1998). Following that, scholars identified a second level 

of the digital divide based on users’ ICT skills, which can make the digital experience beneficial 

in relation to the users’ purposes (Ragnedda and Muschert, 2013). In policy terms, this 

coincided with the development of a standardised skillset of informational skills (Basic Digital 

Skills Framework - 2015) and a UK Digital Strategy – 2017 based on the provision of both 

access to technologies and training (including adults’ training). Finally, scholars identified a 

third level of the digital divide, intended as the uneven distribution of benefits deriving from 

the use of ICTs (van Deursen and Helsper, 2016, Ragnedda, 2017). Recently, increasing 

attention has been given to this level of inequality in Europe (see the work by the Dutch school, 

e.g., Van Deursen et al., 2021, and in the UK by Helsper, 2021; Ragnedda, 2017; Ragnedda, 

Ruiu and Addeo, 2020) and the USA (see e.g., Robinson, Schulz and Wiborg, 2021). These 

studies have shown that those who already possess a privileged position in society benefit more 

from the Internet experience than their counterpart, thus reinforcing existing inequalities 

(Ragnedda, Ruiu and Addeo, 2022b). The concept of DP encompasses these three levels of the 

digital divide, as it refers to the inability of users to access and use digital technologies when 

they are most needed to carry out daily life activities. 

Furthermore, the conceptualisation of DP is also influenced by the notion of “data poverty”, 

used in a 2020 report released by the YLab (Lucas, Robinson and Treacy, 2020) to classify 

“those individuals, households or communities who cannot afford sufficient, private and secure 



   
 

   
 

mobile or broadband data to meet their essential needs”. The report also shows that 

affordability (the need to cut spending on other basic needs to afford the Internet), lack or 

limited access, weak/lack of infrastructure (lack of fast and reliable connection), privacy and 

security (lack of private internet access), skills and usability are fundamental dimensions to 

consider when defining data poverty. These weaknesses have been aggravated by the COVID-

19 Pandemic which has imposed a technological acceleration in many fields of everyday life, 

thus reinforcing the digital dimension of poverty (Seah, 2020).  

Finally, we can find the root of DP also in the concept of “information poverty”, seen by Yu 

(2006) as the gap between digitally disadvantaged groups and mainstream society at multiple 

levels (society, community and individual). Originally, the various categories used to classify 

those who were digitally excluded generally referred to specific groups that were primarily 

disadvantaged in economic terms, age, disabilities, ethnic minorities, and vulnerable conditions 

(such as being a single parent). Furthermore, Chatman (1996) identifies some structural 

dimensions represented by class and financial well-being, but also individual characteristics 

that affect digital access and experience when defining “information poverty”. Several studies 

have shown that differences in Internet access and experience can be explained by looking at 

existing inequalities, which benefit higher social statuses (see e.g., DiMaggio and Garip, 2012; 

Helsper, 2012; Robinson et al., 2015).  

Overall, these concepts reflect the idea that technologies are inextricably linked to social, 

economic, and political circumstances, and thus digital poverty cannot be studied solely from 

an economic standpoint. DP is the inability to use digital technologies when individuals need 

them the most. DP cannot be conceptualised in dichotomic terms (digitally poor versus digitally 

rich), but as a continuum where different degrees of digital poverty could be observed. For this 

reason, this paper is looking at those who, despite their access to ICTs and their basic digital 

skills, are living on the edge of digital poverty.  

 

2.2. Interpreting Digital Poverty as an expression of Strong Structuration Theory (SST) 

Individual attitudes and perceived relevance toward technologies (Horrigan, 2010) have been 

overshadowed by the recent pandemic, which has compelled everyone to adapt to the use of 

technologies to the point where a social constructivist approach to technologies (Woolgar, 

1991) may not be adequate to explain the essence and current meaning of technologies in 

society. Similarly, a deterministic approach to technology cannot fully comprehend the 

interaction between societal dynamics and technologies, as demonstrated by some critiques 

advanced to concepts such as Information Age (Castells, 1996-98) or Post-Industrial Society 



   
 

   
 

(Bell, 1999). Agency and motivation still represent fundamental barriers to the use of 

technologies (Good Thing Foundation, 2021). The pandemic demonstrated how harmful DP 

can be at both the individual and societal levels, as well as the need to identify and address 

existing gaps that promote the emergence of new vulnerable groups that adapt in various ways 

to the new technological configuration (Digital Poverty Alliance, 2021). The theoretical model 

proposed by the Digital Poverty Alliance is interpreted here as an expression of the Strong 

Structuration Theory (SST) (based on a more empirical-oriented approach to Giddens’ duality 

of structure as the medium and the outcome “in-situ”, 1984). In this conceptualisation, social 

structure and human agency are understood from a phenomenological perspective as 

intertwined and not separable and absorbed by individuals who act according to their 

metabolised absorption of external structures (Greenhalgh and Stones, 2010; Stones, 2005) and 

develop their own internal structure (which in some way echoes the Bourdesian concept of 

habitus). Therefore, this requires exploring the interaction between personal, social, and 

technological contexts and going beyond the simple dichotomy of users/non-users (Neves et 

al., 2018). Robinson (2009) refers to information habitus to describe how those with low 

autonomy and low-quality access to the Internet develop a “taste for the necessary” by rationing 

the Internet and avoiding wasteful activities. By contrast, those who possess high-quality 

internet access and use digital devices with a task-oriented approach show a creative habitus. 

This means that external circumstances are constantly interacting with individual dispositions, 

contributing to the formation of a specific internal structure and, as a result, action, which can 

result in a variety of outcomes (either reproduction of existing disadvantages or further 

advantages). The model used in this study, as further explained in the method section, includes 

both Individual Determinants (internal structure including individual capability and 

motivation) and Circumstantial Determinants (conditions of action). Following the SST, the 

outcomes of such interaction between structural (internal and external) and agency need to be 

investigated in terms of intended and unintended outcomes of this interaction, which can 

include change and elaboration or reproduction and preservation of the structure (both internal 

and external to the agent) (Stones, 2005: 84). This suggests that the structural conditions might 

either facilitate or prevent agents’ purposes. Thus, our goal in defining and analysing Digital 

Poverty is to explore the relationships between Circumstantial and Individual determinants. 

 

3. Methods  

3.1 Sample 



   
 

   
 

To answer the RQ, an online survey of English Internet users aged between 20-55 with school-

aged children was conducted (1988 responses were considered valid in this study). The study 

relies on Internet users to investigate how the pervasiveness of digital technologies in daily life 

has affected users' exposure to DP as a result of lockdown restrictions during the pandemic. 

More specifically, we chose to focus on users who are on the verge of Digital Poverty as a 

result of the pandemic and digital acceleration but do not entirely fall into the category of 

“digitally excluded” because they have access to the internet and some basic skills. 

The decision to focus on this specific segment of the population stems from the evidence found 

in numerous studies regarding digital inequalities among young users and their reliance on the 

Internet for healthcare and financial well-being (Digital Poverty Alliance, 2021). Furthermore, 

it is based on those who already use the Internet to determine how technology’s pervasive role 

in everyday life has affected users’ exposure to DP. The additional stratifying variables were 

chosen following the Determinants of DP and Inequality Framework developed by the Digital 

Poverty Alliance. We stratified the sample according to age, education, gender, income, and 

family status (Tab 1). The final sample size (1988 respondents) was calculated with a 2.15% 

margin of error at a 95% confidence level. Lucid was used to recruit respondents and collect 

data in March and April 2022. Over two rounds, the survey was pilot tested with 25 Internet 

users. Changes were made in response to the feedback. The survey took an average of 25 

minutes to complete. 

 
Tab. 1 – Sample demographics (n=1988) 

    count % 

Gender 
Male 1014 51.0 

Female 974 49.0 

Age 

20-24 22 1.1 

25-34 640 32.2 

35-44 783 39.4 

45-55 543 27.3 

Education 

Some high school. no diploma 72 3.6 

High school graduate 414 20.8 

Some college credit. no degree 595 29.9 

Bachelor's degree 663 33.4 

Master's degree 200 10.1 



   
 

   
 

Doctorate 44 2.2 

Family Income Under £10k 114 5.7 

 £11k-25k 505 25.4 

 £26k-50k 838 42.2 

 £51k-100k 456 22.9 

 Over £100k 75 3.8 

Parents’ Status 

Single parent 375 18.9 

Both legal parents live together 1497 75.3 

Divorced or separated 116 5.8 

 

3.2 Measures and analysis 

The survey is based on the Digital Poverty Alliance's theoretical model, which considers both 

individual and contextual factors. Individual Determinants include Device and Connectivity, 

Access, Capabilities, Motivation and Support. Circumstantial Determinants include living 

conditions, economic stability, family status, health, socio-demographic context, psychosocial 

factors, lifestyle, and behaviours. To respond to the RQ, this work investigates the relationship 

between both types of Determinants. We began by creating Indexes that summarise the 

information gathered through the survey and belong to the various aspects of the framework.  

The following section further describes how these Indexes were created. 

 

Individual determinants 

 

The Device and Connectivity Index (DCI) was developed by combining the answers to the 

questions in Table 2. The DCI assesses both the quantity and the intensity with which 

respondents access the Internet via their devices: the higher the index score (indicating a 

majority of “often” and “always” answers), the greater the variety and range of devices and 

types of connection used by respondents. 

 
Table 2. Devices and Connectivity Index (DCI) 

How often to use the following devices 

to access the Internet? 

Never Rarely Sometimes Often Always Total 

Smartphone 0.4 1.2 3.1 21.4 73.9 100.0 

Personal Computer 12.5 9.9 23.1 29.5 25.0 100.0 

Public or other people’s computers 46.4 29.0 13.4 6.4 4.8 100.0 



   
 

   
 

Tablet 14.8 12.9 27.0 25.9 19.4 100.0 

TV 11.3 10.0 21.7 25.8 31.2 100.0 

Smartwatch 45.8 9.6 15.9 13.2 15.5 100.0 

 

The Access Index (AI) was created by performing an Exploratory Factorial Analysis (EFA) on 

a set of items designed to assess respondents' confidence in using digital devices on a Cantril 

Scale ranging from 0 to 10. EFA was performed using the two-step EFA approach (Di Franco 

and Marradi, 2013). The factor was refined in the first run by selecting all variables that 

represent the underlying conceptual dimension and applying a factor loadings cut-off point of 

±0.6 (Comrey & Lee, 1992). This step assisted in removing all variables that were unrelated to 

the concept under investigation (Access). The EFA was restricted to the selected variables for 

the second run to generate a composite index representing the Access Index (AI). 

 
Table 3. Access Index (AI) 

 
Access 

I can find and open different applications/programmes on a device 0.729 

I can turn on a device and log in to any accounts/profiles 0.770 

I can connect a device to a Wi-Fi network 0.722 

I am able to use the internet to complete all the tasks I want to do 0.707 

Variance explained = 53.5%; Kaiser–Meyer–Olkin (KMO) test = .799; Bartlett’s test, p < .000.  
Because their factor loadings were less than 0.6, the following variables were removed from the initial set: "I am unable to 
update and change a password when prompted"; "I am unable to open an Internet browser to access websites"; "There are 
some things I want to do online that I am unable to do due to slow or no internet."  
 

The capability proxies are based on four sets of skills identified by Lloyds (2021), which are 

Communicating, Transacting, Handling Information, and Content and Safety. Each of the listed 

skills was assessed using a set of items, with respondents asked to rate their agreement on a 

Cantril Scale ranging from 0 to 10.  

The Capability Index (CaI) was developed in two steps:  

- First, the two-step EFA approach was applied to each set of items to analyse the various 

skills and synthesise each of them into single variables: Communicating Index, 

Transacting Index, Handing Information and Content Index and Safety Index; 

Second, using a single Factor Analysis, the variables representing each skill were combined to 

create the Capability Index (CaI) (see Table 8). The Communicating Index (CoI) was created 

by combining the variables listed in Table 41, and it represents the capability to communicate 
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using digital devices. It is worth noting that, as implied by the meanings of the variables 

selected through the two-step EFA procedure, a direct composite index would have a negative 

semantic orientation toward communication expertise (the higher the value, the lower the 

skills). To make the results more intelligible, we inverted the CoI scores to make the multiple 

regression model easier to interpret. In fact, the CoI resulting from this score-reversing 

procedure directly measures the respondents' communication skills (the higher the value, the 

higher the skills). 

 
Table 4. Communicating Index (CoI) 

Communicating Communication expertise 

I cannot communicate with others digitally using email or other messaging 

applications (e.g., WhatsApp or Messenger) 

0.860 

I cannot communicate with others using video tools (e.g., FaceTime or Skype) 0.856 

I can use word processing applications to create documents (e.g., a CV or a letter) 
 

I cannot post content on social media platforms (e.g., Facebook, Instagram, or 

Snapchat) for example messages, photographs, videos etc. 

0.881 

Variance explained = 51.4%; Kaiser–Meyer–Olkin (KMO) test = .792; Bartlett’s test, p < .000.  
Two variables were eliminated because their factor loadings were less than 0.6: a) I can send documents to others 
by attaching them to emails; b) I can create an email account. 
 

The results of the two-step EFA approach used to measure transacting skills are summarised 

in Table 5. The factor that emerged from the analysis is positively associated with the ability 

to transact and negatively associated with the lack of transacting skills. As evidenced by the 

factor loadings of the variables, the transacting expertise is associated with the ability to set up 

an online account, use online public services and manage money online to make payments and 

purchases. 

 
Table 5. Transacting Index (TI) 

Transacting Transacting 

expertise 

I can set up an account online that enables me to buy goods or services (e.g., Amazon account, 

eBay, John Lewis etc.) 

0.704 

I cannot use credit/debit cards or other forms of online payment to buy goods/services online 

(e.g., PayPal, WorldPay) 

-0.765 

Maria Ruiu
da verificare se si tratti di lack of communication o communication�

Guest User
Nel modello è Communication. Io lascerei così.�



   
 

   
 

I can access and use public services online, including filling in forms (e.g., vehicle tax, voting 

registration, ordering repeat prescriptions, booking doctor appointments) 

0.747 

I cannot upload documents and photographs when this is required to complete an online 

transaction 

-0.760 

I can manage my money and transactions online securely, via websites or Apps (e.g., bank 

account) 

0.767 

 Variance explained = 57.0%; Kaiser–Meyer–Olkin (KMO) test = .741; Bartlett’s test, p < .000. 

 

Using the same procedure, the Handing Information and Content Index (HICI) was created, 

and the extracted factor represents semantic expertise in handling information and content. 

Table 6 shows how this expertise is connected to organising information and content using 

digital support, retrieving and saving useful information online and using online services to 

store data. 

 
Table 6. Handing Information and Content Index (HICI) 

Handing Information and Content HIC 

expertise 

I can organise my information and content using files and folders  0.790 

I can use bookmarks to save and retrieve websites and information 0.817 

I can store information online and access content from a different device (e.g., using the Cloud) 0.838 

Variance explained = 52.1%; Kaiser–Meyer–Olkin (KMO) test = .796; Bartlett’s test, p < .000.  
Three variables were eliminated because their factor loadings were lower than ± 0.6: a) “I can use search engines to find the 

information I am looking for”; b) “I cannot recognise what information or content may, or may not, be trustworthy on 

websites/apps”; c) “I cannot use the Internet to stream or download entertainment content (e.g., films, music, games or books)”. 
 

Finally, Table 7 summarises the factor loadings of the variable that were combined into a factor 

representing safety-related skills (SaI). Safety skills include expertise in managing 

authentication processes, sharing information, configuring and updating security systems, 

protecting privacy, and recognising unsafe websites. 

 
Table 7. Safety Index (SaI) 

Safety Safety 

expertise 

I can respond to requests for authentication (e.g., reactivate an account when I've forgotten 

my password)  

0.744 

I am careful with what I share online as I know that online activity produces a permanent 

record that can be accessed by others 

0.780 



   
 

   
 

I can keep the information I use to access my online accounts secure, by using different and 

secure passwords for websites and accounts 

0.789 

I make sure not to share or use other people's data or intellectual property without their 

consent 

0.729 

I can identify secure websites by looking for the padlock and 'https' in the address bar 0.750 

I cannot set privacy settings on my social media and other accounts 
 

I can update my computer security systems when necessary to prevent viruses and other risks  0.692 

Variance explained = 51.6%; Kaiser–Meyer–Olkin (KMO) test = .885; Bartlett’s test, p < .000.  
Only one variable was discarded because its factor loading was lower than ± 0.6: "I cannot recognise and avoid suspicious 
links in email, websites, social media messages and pop-ups and know that clicking on these links is a risk". 
 
The new four Indexes representing these digital skills were then combined into a Capability 

Index (CaI), which confirmed that the extraction of a single factor is appropriate to encapsulate 

subjective capabilities that include the four different skills (Communicating, Transacting, 

Handling Information and Content, and Safety) (Table 8). 

 
Table 8. Capability Index (CaI) 

Skills Capability 

Communicating (CoI) 0.865 

Transacting (TI) 0.891 

Handing Information and Content (HICI) 0.787 

Safety (SaI) 0.819 

Variance explained = 71.1%; Kaiser–Meyer–Olkin (KMO) test = .765; Bartlett’s test, p < .000. 

 

The “motivation” conceptual dimension was assessed using a set of items on which respondents 

rated their agreement on a 7-point Likert-type scale ranging from strongly disagree to strongly 

agree (Table 9). However, to make the results easy to interpret, the coding of the scale was 

inverted (from strongly agree to strongly disagree) to generate an index of motivation instead 

of “lack of motivation” (which could be confusing). Therefore, the higher the values the higher 

the motivation. The EFA approach suggested extracting one component associated with 

motivation in using technologies and trying new digital tools, based on the variables with 

higher factor loadings. 

 
Table 9. Motivation Index (MI) 

 
 Motivation 

I don’t enjoy trying out new and innovative technologies 0.772 

I prefer not to use technology unless I have to 0.879 

Technologies make my work harder 0.839 



   
 

   
 

My digital skills don’t fit my everyday needs 0.878 

Variance explained = 57.7%; Kaiser–Meyer–Olkin (KMO) test = .817; Bartlett’s test, p < .000.  

 

Finally, the Support Index (SuI) was developed to assess the assistance required to use digital 

technologies. In this case, the SuI was calculated as the average of the responses to the items 

listed in Table 10. A Cantril Scale ranging from 0 to 10 was used to assess respondents' level 

of agreement with the two items (the higher the score, the more support is required by 

respondents). 

 
Table 10. Support Index (SuI) 

 Mean 

I need support to carry out some tasks on the Internet/ use my digital devices 3.17 

During the pandemic, I asked for support to use my digital devices 2.66 

 

 

Circumstantial Determinants 

 

Further steps included selecting proxies for the Circumstantial Determinants identified by the 

Digital Poverty Alliance, such as living conditions (area of living and number of children were 

used as proxies), economic stability (incomes proxy), family status (parents living together or 

single parents, widowed, divorced, and separated), health (number of children with disabilities 

and number of people with long-term health problems), socio-demographic context (parents' 

education, age mean of parents, and gender), psychosocial factors (life satisfaction), lifestyle 

and behaviours (money and time spent in/on technology). 

Multiple linear regressions were run to explore how circumstantial determinants predict 

individual determinants of DCI, AI, MI, CaI, and SuI. 

Life Satisfaction was investigated through a set of items from Lyubomirsky and Lepper (1999) 

and Diener et al. (1993). Respondents were asked to rate their agreement with a set of 

statements on a 10-point Cantril scale. The Life Satisfaction Index (created following the same 

procedure previously discussed) is not reported as a predictor in the regression model (due to 

its lack of significance). However, correlation analysis was used to investigate its relationship 

with the Individual Determinants to determine how each item relates to the Individual 

Determinants (see Table 14).  

 



   
 

   
 

4. Results  

Multiple linear regressions were performed to explore if Circumstantial Determinants predict 

Individual Determinants (Table 11), and a Tukey HSD post-test (Table 14) was used to explore 

the relationship between a specific Circumstantial feature and each Individual Determinant.  



   
 

   
 

Table 11. Multiple Regression between Circumstantial Determinants and Individual Determinants 

 

 

Model 1 - DCI 

R2= .255 

Model 2 - AI 

R2= .172 

Model 3 - CaI 

R2= .174 

Model 4 - MI 

R2= .183 

Model 5 - SuI 

R2= .151 

B S.E. B S.E. B S.E. B S.E. B S.E. 

(Constant) 70.003* 15.163 33.894** 16.990 24.354 14.393 -4.654 20.281 9.235* 2.539 

No. of children -.958 1.144 1.362 1.282 1.242 1.084 2.634 1.531 -.186 .192 

Location (Rural) -2.927 2.472 3.102 2.770 -.180 2.346 1.005 3.306 -.429 .414 

Annual household income 

after taxes 
3.356** 1.521 3.775** 1.704 3.614** 1.460 4.573** 2.034 -.202 .255 

Parent status (living 

together) 
-3.376 2.860 -6.991* 3.205 -4.631 2.730 -8.657** 3.826 .574 .479 

No. of children with 

disability  
.251 2.006 -10.558* 2.248 -7.343* 1.902 -9.694* 2.684 .728** .336 

Members of your family 

with any long-term health 

problems (Yes) 

.697 2.289 2.669 2.565 2.816 2.172 .811 3.062 .355 .383 

Age mean -.424** .147 -.086 .165 .034 .140 .136 .197 -.012 .025 

Family Education 5.806* 1.344 3.938* 1.506 1.815 1.274 -.558 1.798 .105 .225 

Gender (female) -2.345 2.451 5.255 2.746 2.818 2.341 1.517 3.278 -.232 .410 

Money spent on digital 

technology on average in 

a month 

2.724** 1.346 1.247 1.509 -2.063 1.277 -2.399 1.801 .616** .225 

Frequency of Internet use -2.379 1.948 3.324 2.182 7.359* 1.846 12.019* 2.605 -1.237* .326 

*Sig. <.001 ** Sig. <.05



   
 

   
 

 

Table 11 summarises the results of multiple linear regressions that used Circumstantial 

Determinants to predict the Individual Determinants.  

Following the conceptual framework proposed by the Digital Poverty Alliance, the following 

Circumstantial Determinants were used to predict Individual Determinants related to DCI, AI, 

MI, CaI and SuI: Gender, Age, Income, Family Education, Number of children, Parental status, 

Location (the area where they live), Number of children with disabilities, Members of the 

family with any long-term health problems, Money spent on digital technology on average in 

a month, and Frequency of Internet use.  

In addition, respondents were asked to indicate the total number of people living in the house 

as well as the ages of their children. However, because these variables were not significant, 

they are not included in the Table. Given that the model included the number of children, this 

information may be redundant. 

Almost all of the Individual Determinants are significantly predicted by the economic 

determinant. Only the SuI is not correlated with this factor suggesting that there is no 

statistically significant difference between the need for support in using digital technologies 

and incomes. However, despite not being statistically significant, incomes are negatively 

associated with the support required in this case, implying that the lower the family incomes, 

the greater the amount of support required. In all other cases, it is worth noting that as income 

levels rise, so do the values associated with Device and Connectivity, Access, Capabilities, and 

Motivations. 

In terms of parent status, this variable was entered as a dummy (parents living alone and parents 

living together). When parents live together, it negatively impacts both access and motivation, 

implying that when a couple of parents share the same household, their access and motivation 

to access tend to be negatively affected. 

Concerning the health determinant, the model employed two proxies related to potential 

children's disabilities and the presence of householders with long-term health issues. The 

number of children with a disability negatively impacts Access, Capabilities, and Motivation, 

whereas it positively impacts the Support needed by the respondents. By contrast, the presence 

of individuals with long-term illness does not significantly predict any of the Individual 

Determinants. In almost all cases (except for DCI and SuI), the higher the number of children 

with disabilities in the household and the lower the Access, Capabilities and Motivation. 



   
 

   
 

Furthermore, an increase in the number of disabled children predicts an increase in the need 

for parental support. 

The socio-demographic aspects included parents’ education, age mean of parents and gender. 

The DCI is significantly affected by the parents' age mean, implying that the older the parents 

are, the less reliable the family's internet connection. 

In terms of education, the variable Family Education was created as a synthesis of both parents’ 

qualifications by assigning an increasing score to each parent’s education level (from 1= no 

diploma to 6= PhD) and calculating the average value of the education qualifications of both 

parents. This variable is significant only for the first two models related to DCI and AI, 

indicating that education has a positive influence on Device, Connectivity, and Access. 

The results also show that both variables used as proxies for living conditions (the number of 

children in the household and the area in which families live) do not predict any of the 

Individual Determinants significantly. 

A Tukey HSD post-test was conducted to investigate differences in Individual determinants 

and the geographical area in which respondents live. Table 12 shows the results of the test 

considering London as a reference point because it was the only area that showed significant 

differences compared to the mean values of other areas. London showed higher values than 

any other areas related to DCI and support needed (compared to the Northeast, Yorkshire and 

Humber, East of England, Southeast, and Southwest). In line with the higher support required, 

London shows lower values of capabilities related to both Southwest and East of England. In 

terms of access and motivation, there are no significant differences.



   
 

   
 

Table 12. Differences in Individual Determinants across geographical areas - Tukey HSD post-test  

 

Dependent Variable Reference category (I) Where do you live? (J) Mean 

Difference (I-

J) 

Std. Error 

DCI 

London 

Northeast (England) 9.09973* 1.94582 

Northwest (England) 8.29003* 1.63995 

Yorkshire and The 

Humber East Midlands 

(England) 

11.22864* 1.65556 

West Midlands (England) 7.05129* 1.73027 

East of England 9.70933* 1.83715 

Southeast (England) 9.28503* 1.68916 

Southwest (England) 11.18972* 1.79451 

Access 

London 

Northeast (England) -3.44456 2.09928 

Northwest (England) -2.20625 1.76929 

Yorkshire and The 

Humber East Midlands 

(England) 

-3.26087 1.78612 

West Midlands (England) -.18923 1.86672 

East of England -4.87726 1.98204 

Southeast (England) -1.27071 1.82238 

Southwest (England) -3.46642 1.93604 

Capabilities 

London 

Northeast (England) -3.31559 1.90350 

Northwest (England) -4.29153 1.60192 

Yorkshire and The 

Humber East Midlands 

(England) 

-4.45134 1.61603 

West Midlands (England) -1.98299 1.68762 

East of England -5.92462* 1.78749 

Southeast (England) -4.77359 1.64471 

Southwest (England) -5.58046* 1.75490 

Motivation 

London 

Northeast (England) -3.60052 2.42014 

Northwest (England) -4.32977 2.03972 

Yorkshire and The 

Humber East Midlands 

(England) 

-5.48289 2.05912 

West Midlands (England) -1.89993 2.15204 

East of England -4.74388 2.28499 



   
 

   
 

Southeast (England) -5.95202 2.10092 

Southwest (England) -6.13116 2.23195 

Support 

London  

Northeast (England) .76699 .30021 

Northwest (England) 1.00648* .25302 

Yorkshire and The 

Humber East Midlands 

(England) 

1.09969* .25543 

West Midlands (England) .31969 .26695 

East of England 1.00955* .28344 

Southeast (England) 1.07462* .26061 

Southwest (England) 1.42170* .27686 

*The mean difference is significant at the 0.05 level. 

 



   
 

   
 

Gender does not predict differences in any of the Individual Determinants studied. However, 

this does not necessarily imply that there are no gender differences among users. To better 

understand this aspect, we used a Tukey HSD post-test to investigate gender differences in 

Internet usage during the pandemic. The dependent variables are a series of questions about 

respondents' agreement with statements about various uses of the internet since the outbreak 

began, on a scale of 0 (completely disagree) to 10 (completely agree). Table 13 displays the 

Tukey HSD test results using the female gender as the reference category. Female respondents 

are more likely than male respondents to agree that they have used the Internet for online 

promotion, staying in touch with family and friends, and supporting their children's online 

education since the outbreak began. In contrast, they have been less inclined to work from 

home and begin a new career in the digital field. There were no differences in access to 

healthcare services. 

 
Table 13. Gender and online activities - Tukey HSD post-test 

  Reference (I) Gender (J) Mean Difference 

(I-J) 

Std. Error 

I have used the Internet to access 

online promotions and deals to 

save money   
Female 

Other .835 1.105 

male .314* .087 

I have been able to keep in touch 

with family and friends more Female 
Other .388 1.205 

male .455* .094 

I have accessed online medical 

consultations 
Female 

Other -.833 1.992 

male .148 .162 

I have not preferred working from 

home 
Female 

Other 1.348 2.427 

male -.706* .180 

I have supported my children's 

online education  Female 
Other .482 1.181 

male .744* .093 

I have thought more about 

growing and progressing my 

career through digital training 

Female 

Other -.380 1.802 

male -1.048* .148 

*The mean difference is significant at the 0.05 level. 

 

In terms of digital lifestyle and behaviour, the frequency of use of digital tools and money spent 

on purchasing technologies were used as proxies. The variable related to the frequency of use 

positively predicts Capabilities and Motivation suggesting that spending more time online 



   
 

   
 

influences skill acquisition and increases motivation to use digital tools. This is consistent with 

the negative relationship between increased frequency of use and Support required, implying 

that the experience may improve capabilities while decreasing the need for assistance. 

Surprisingly, money spent on technology predicts only Device and Connectivity, but not 

Access. This is also related to the need for support. 

Finally, the relationship between the psychosocial factor (in this case, life satisfaction was used 

as a proxy) and the Individual Determinants was investigated. As aforementioned, the Life 

Satisfaction Index was not reported as a predictor in the regression model (due to its lack of 

significance). However, correlation analysis was used to investigate its relationship with the 

Individual Determinants to determine how each item relates to the Individual Determinants. 

Table 14 shows that Life Satisfaction correlates positively with almost all the Indexes. 

Surprisingly, it has no statistically significant correlation with Motivation. This point will be 

expanded on in the discussion section. 

 
Table 14. Correlation between Life Satisfaction and Individual Determinants  

 Capabilities Motivation Support Access Connectivity 

Life 

Satisfaction 

Pearson Correlation .049* -.008 .106** .066** .271** 

Sig. (2-tailed) .030 .721 .000 .003 .000 

N 1947 1988 1988 1988 1988 

 

 

5. Discussion and Conclusion 

By emphasising the intersections between digital experience and social-economic 

circumstances, this paper defined Digital Poverty as the inability to profit from the online realm 

when needed. The introductory sections of this work highlighted the need for a cautious 

approach that considers both structural constraints and individual agency to understand the 

interaction between societal dynamics and technologies. In this vein, this study interpreted the 

Digital Poverty Alliance’s theoretical framework as an expression of SST, by situating the 

connection between social structure and human agency in an intertwined relationship and 

suggesting that individuals act consistently with their metabolised embodiment of external 

determinants (Greenhalgh and Stones, 2010; Stones, 2005). Using this conceptual framework, 

we investigated how Circumstantial Determinants influence Individual Determinants of Digital 

Poverty in English families. However, in light of the SST, such a relationship should be 

interpreted as phenomenological, which means that parents may act following their 



   
 

   
 

metabolised embodiment of such external determinants and circumstances via their individual 

characteristics (Greenhalgh and Stones, 2010; Stones, 2005). 

The analysis showed that the living conditions of families do not significantly differentiate 

Individual Determinants. However, some differences have emerged between families living in 

London and families living in other geographical areas of England that should be considered. 

Not surprisingly, London provides families with more efficient connectivity, as previously 

discovered by research (see, for example, Hutton, 2018), implying that connection reliability 

satisfies more families in London than in any other area. In contrast, there are no statistically 

significant differences in the other areas. However, it is worth noting that, in comparison to the 

Northeast, Yorkshire and Humber, East of England, Southeast, and Southwest, families in 

London require more assistance. A report released by Department for Digital, Culture, Media 

& Sport (DCMS) in 2021 shows how London has developed a digital ecosystem that includes 

accelerators and incubators focused on digital technologies. This could also imply that higher 

levels of digitalisation necessitate a higher level of support required by families to navigate 

such a digital ecosystem. In addition to the higher support required, London shows lower values 

of capabilities compared to both Southwest and East of England. These two regions lead the 

way in terms of increasing digital occupations in the UK, and the proportion of people aged 16 

and older who use the internet in the Southeast is among the highest (94.3 per cent). 

The economic background is linked to all Individual Determinants, except support. Higher-

income levels are associated with more efficient Devices and Connectivity, Access, 

Capabilities, and Motivations. This is in line with the literature on DP that shows how financial 

poverty is a leading cause of digital exclusion worldwide (see e.g., Mubarak et al., 2020). Other 

studies, however, have shown that high-income levels cannot be the sole cause of the digital 

divide; therefore, additional variables responsible for digital inequalities must be identified 

(Ragnedda and Ruiu, 2020). Education is another leading factor identified by the literature (see, 

for example, Mubarak, 2020; Jara et al., 2015; Pick and Nishida, 2015), with those who are 

highly educated more likely to use the Internet and have higher confidence and skills (Ofcom, 

2018). However, in this case, the scientific debate is controversial and shows that education 

(together with other socio-demographic traits) can have scarce effects on digital inequalities 

(Katz et al., 2001; Lee, 2010). The present study investigated education as family education 

(by combining both parents’ qualifications). This showed that education predicts only specific 

factors e.g., related to device, connectivity and access, but not aspects related to capabilities, 

motivation and support. This implies that, when other factors are considered, education does 

not play a significant role in differentiating parents in terms of skills, motivation to use digital 



   
 

   
 

tools, and the support required. However, this result should be read carefully, given that 

education might differentiate the respondents’ attitudes towards specific activities instead of 

impacting the overall internet experience. Elena-Bucea et al. (2021), for example, found that 

highly educated users are more likely to use e-Services, whereas social networking is more 

influenced by age. This aspect needs to be further addressed in future research that explores 

the relationship between parents’ education and their Internet experience by considering 

specific internet activities. A qualitative approach might be helpful to understand what type of 

skills, motivation and support is needed for this category of users.  

Among the other socio-demographic determinants (age and gender), only age influences DC. 

This might suggest that younger users might better know what a good and stable 

connection/device is, however, there are no significant differences in relation to the other 

factors. It should be noted that this study focused on those who already are internet users, 

meaning that they have at least a minimum standard of digital skills, and age was included in 

the model as the average of both parents. Moreover, the maximum age of parents could be 55 

years old. Therefore, this result cannot be compared to other studies in the literature that 

primarily focus on individual factors and include users of advanced ages. However, because 

this study was based on families' internet experience, this result suggests that age loses 

predictive power when both parents are between the ages of 20 and 55.  

Finally, when other factors are present, gender does not distinguish the Individual Determinants 

of parents' digital experience. This could be interpreted as a result of a family's "digital 

equipment" that supports both parents' experiences equally. However, this does not necessarily 

mean that parents do the same activities online. Female parents showed a tendency to use the 

Internet for “family-oriented” activities such as searching for online promotions, interacting 

with family and friends, and supporting children’s education. By contrast, male parents are 

more oriented to working from home and they are more likely to progress their digital careers 

through additional training. Nevertheless, this is an interesting result that might reflect offline 

gendered activities such as the family-oriented use of the Internet by female parents (Herbert, 

2017). This is also in line with the SST, showing that parents metabolise the external 

circumstances and develop a “taste for the necessary” (Robinson et al., 2009) by adapting the 

use of the Internet to their everyday necessities. Therefore, the outcomes of such interaction 

between structural dimensions and agency should be interpreted as both intended and 

unintended outcomes of this interaction, which can include either change or reproduction of 

the structure (Stones, 2005: 84).  



   
 

   
 

According to a Pew Research Center survey conducted in the United States in 2020, parents 

under the age of 50 report spending too much time on their smartphones (compared to those 

50 and older). However, in terms of family status, cohabitation of parents predicts both access 

and motivation negatively. A speculative explanation might be that parents have other priorities 

than possessing several technologies and have less time available to access the digital realm. 

Moreover, parents might set some roles to provide a model for their children. In this direction, 

the Pew Research study (2020) showed that parents generally believe they know how much 

screen time is appropriate for their children and they have house rules in place for using 

technologies. 

Our survey found that health-related issues might play a role in influencing the Individual 

Determinants of using digital technologies. Even though the long-term illness of parents does 

not appear to play a significant role in differentiating digital experiences, the number of 

children with disabilities negatively predicts Access, Capabilities, and Motivation and 

increases the need for Support. This result should be interpreted in light of the pandemic context 

in which the survey was conducted, which may have influenced parents' responses, particularly 

in terms of the support required to use digital technologies when having children with 

disabilities. This interpretation is supported by a study conducted in the US during the 

pandemic, which found that the most common barriers reported by parents were related to 

assisting their children with learning disabilities with their distance learning. The same study 

also reports that access (and lack of devices), lack of specialised skills, and emotional stress of 

parents were strictly connected to supporting children with special needs (Garbe, 2020). 

In terms of Lifestyle and Behaviour, frequent use of technology is associated with higher 

Capabilities and Motivation. This can be interpreted as an expression of “learning by doing”, 

which is not necessarily related to educational qualifications. Those who spend more time 

online develop more skills, require less assistance and see the benefits of their use, which 

motivates them. However, investing in technologies does not necessarily predict Access but 

only Device and Connectivity. Spending more money on technologies is also associated with 

higher levels of support required, which suggests that money might not be spent to address the 

individual needs of the respondents. Finally, as aforementioned, online behaviours might also 

differ depending on a variety of factors, including the gender of the parent.  

In terms of exploring the circumstantial determinant related to psychosocial factors, the 

relationship between the proxy “Life Satisfaction” and the use of technologies was 

investigated. Life Satisfaction positively correlates with almost all the Indexes. However, one 

might expect this psychosocial factor to be related to Motivation positively. By contrast, 



   
 

   
 

Motivation is the only individual determinant that is not significantly connected to this aspect. 

Previous research on the relationship between technology and subjective well-being showed 

both positive and negative effects of technologies on life satisfaction (Pénard et al., 2013; Zhan 

and Zhou, 2018). For example, in a study of the effects of digital acceleration during the Covid 

Pandemic in Italy, Canale et al. (2021) found that digital technologies helped individuals cope 

with difficulties raised by the COVID-19 pandemic and encouraged positive responses. By 

contrast, Arora et al. (2021) found negative effects on mental and emotional health caused by 

addictive uses of technologies during the pandemic worldwide. Reviewing the literature on 

happiness and technology, Mochón (2018) argues that individuals quickly become accustomed 

to the use of technologies, and that, despite an initial pick of happiness, users get rapidly used 

to the benefits. This could also be applied to the lack of increasing motivation in using digital 

technologies, which parents may have become accustomed to as a result of the technology's 

pervasive presence during the pandemic.  

This study has limitations. Due to the online nature of the sample, considerations are limited to 

those who are already digital users. However, this was instrumental to the purpose of the 

research aimed at understanding the exposure of a specific category of users to new digital 

vulnerabilities. Moreover, the quantitative analysis cannot give a uniformly valid explanation 

of the nature of Digital Poverty and cannot provide depth and context. Future studies might 

include qualitative methodologies, to better understand how the interaction between Individual 

and Circumstantial Determinants influence Digital Poverty. Furthermore, qualitative 

methodologies could investigate further what could be done to mitigate the effects of digital 

poverty and address digital inequalities.  

To conclude, given the e-government agenda of the UK, which has been moving essential 

services online (The Cabinet Office et al., 2012), it is critical to identify what barriers still play 

a role in limiting the metabolisation of a proficient digital experience. Because mere access to 

the digital realm does not necessarily imply digital inclusion, our study focused on a specific 

category of users with varying levels of competency. We found that financial factors and 

having children with disabilities are important predictors of almost all Individual Determinants 

when we investigated parents' experiences in the COVID-19 era. Moreover, additional socio-

demographic traits (such as age and education), parental status, lifestyles and digital behaviours 

also play a role in predicting some of the Individual Determinants. While the type of proxies 

used to investigate the various Determinants can influence the results, this study represents a 

first step toward identifying the characteristics of users who may be on the edge of DP. 

Moreover, these results should be interpreted as an exchange between online and offline 



   
 

   
 

experiences (see Ragnedda, Ruiu and Addeo, 2022b). Both the Circumstantial and Individual 

Determinants should be interpreted theoretically as a synthesis of structural and agentic factors. 

Some of the contextual determinants, such as lifestyle and behaviour, can be easily understood 

as the result of both context-dependent and individual willingness; however, others, such as 

income, should be interpreted as the result of respondents' agentic power and existing 

background. 

 

 

Reference List 

Annan, K. (2015). Digital development: Report of the secretary-general. 

http://unctad.org/meetings/en/SessionalDocument 

Arora, A., Chakraborty, P., and Bhatia, M.P.S. (2021). Problematic Use of Digital 

Technologies and Its Impact on Mental Health During COVID-19 Pandemic: Assessment 

Using Machine Learning. In: Arpaci, I., Al-Emran, M., A. Al-Sharafi, M., and Marques, G. 

(eds) Emerging Technologies During the Era of COVID-19 Pandemic. Studies in Systems, 

Decision and Control, vol 348. Springer, Cham. https://doi.org/10.1007/978-3-030-67716-

9_13 

Attewell, P. (2001). The first and second digital divides. Sociology of Education, 74, 252 – 

259.   

Barrantes, R. (2007). Analysis of ICT demand: what is digital poverty and how to measure it? 

In Glaperin, H. and Mariscal, J. (eds.), Digital Poverty: Latin American and Caribbean 

perspectives. Warwickshire: Practical Action Publishing, pp. 29-54. 

Blank, G., Groselj, D. (2014), Dimensions of Internet use: Amount, variety, and types. 

Information, Communication & Society, 17(4), 417–435. 

Bell, D. (1999). The Coming of Post-Industrial Society. New York: Basic Books. 

Castells, M. (1996–8). The Information Age: Economy, Society and Culture, Vol. 1: The Rise 

of the Network Society; Vol. 2: The Power of Identity; Vol. 3: End of Millennium. Oxford: 

Blackwell. 

Cabinet Office (1998). Our Information Age: The Government’s Vision. London: Cabinet 

Office.  

Canale, N., Marino, C., Lenzi, M., Vieno, A., Griffiths, M.D., Gaboardi, M., Giraldo, M., 

Cervone, C., and Massimo, S. (2021). How Communication Technology Fosters Individual 

and Social Wellbeing During the Covid-19 Pandemic: Preliminary Support for a Digital 

Interaction Model. Journal of Happiness Studies, 23, 727–745. 

https://doi.org/10.1007/978-3-030-67716-9_13
https://doi.org/10.1007/978-3-030-67716-9_13


   
 

   
 

Chatman, E.A. (1996). The impoverished life-world of outsiders. Journal of the American 

Society for Information Science, 47(3), 193-206. 

Coleman, V. (2021). Digital divide in UK education during COVID-19 pandemic: Literature 

review. Cambridge Assessment Research Report. Cambridge, UK: Cambridge Assessment. 

Department for Digital, Culture, Media & Sport (2021). Department for Digital, Culture, 

Media & Sport: Assessing the UK’s Regional Digital Ecosystems. 

https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_d

ata/file/1020407/Digital_Regional_Ecosystems_report_v9.1.pdf 

Diener, E., Sandvik, E., Seidlitz L., and Diener, M. (1993). The relationship between income 

and subjective well-being: Relative or absolute? Social Indicators Research, 28, 195-223 

(https://fetzer.org/sites/default/files/images/stories/pdf/selfmeasures/SATISFACTION-

SatisfactionWithLife.pdf).  

Digital Poverty Alliance (2022). How we define digital poverty & inequality. 

https://digitalpovertyalliance.org/ 

DiMaggio, P. and Garip, F. (2012). Network effects and social inequality. Annual Review of 

Sociology, 38, 93–118.  

Di Franco G, Marradi A (2013). Factor Analysis and Principal Component Analysis. Milano: 

FrancoAngeli. 

Elena-Bucea, A., Cruz-Jesus, F., Oliveira, T., and Coelho, P.S. (2021). Assessing the Role of 

Age, Education, Gender and Income on the Digital Divide: Evidence for the European 

Union. Information Systems Frontiers, 23, 1007–1021. 

Fuchs, C. and Horak, E. (2008). Africa and the digital divide. Telematics and Informatics, 25, 

99-116. 

Garbe, A., Ogurlu, Z., Logan, N., and Cook, P. (2020). COVID-19 and Remote Learning: 

Experiences of Parents with Children during the Pandemic. American Journal of Qualitative 

Research, 4(3), 45-65. 

Gebremichael, M.D., Meseret, D. and Jason, W.J. (2006). Bridging the gap in sub-Saharan 

Africa: A holistic look at information poverty and the region’s digital divide. Government 

Information Quarterly, 23, 267-280.  

Giddens, A. (1984). The constitution of society: Outline of the theory of structure. Berkeley: 

University of California Press. 

Good Thing Foundation (2021). Understanding the motivations of non-users of the internet. 

https://www.goodthingsfoundation.org/wp-

content/uploads/2021/02/understanding_motivations_of_non-users_of_the_internet.pdf. 

https://fetzer.org/sites/default/files/images/stories/pdf/selfmeasures/SATISFACTION-SatisfactionWithLife.pdf
https://fetzer.org/sites/default/files/images/stories/pdf/selfmeasures/SATISFACTION-SatisfactionWithLife.pdf
https://www.goodthingsfoundation.org/wp-content/uploads/2021/02/understanding_motivations_of_non-users_of_the_internet.pdf
https://www.goodthingsfoundation.org/wp-content/uploads/2021/02/understanding_motivations_of_non-users_of_the_internet.pdf


   
 

   
 

Greenhalgh, T. and Stones, R. (2010). Theorising Big IT Programmes in Healthcare: Strong 

Structuration Theory Meets Actor-network Theory. Social Science & Medicine, 70, 1285–

94. 

Helsper, E. (2021). The digital disconnect: The social causes and consequences of digital 

inequalities. London: Sage. 

Helsper, E. J. (2012). A corresponding fields model for the links between social and digital 

exclusion. Communication Theory, 22(4), 403–426. 

Herbert, S. (2017). Digital development and the digital gender gap. 

https://assets.publishing.service.gov.uk/media/5a5f228f40f0b652634c6f4a/249-Digital-

development-and-the-digital-gender-gap.pdf 

Horrigan, J.B. (2010). Broadband adoption and use in America. Federal Communications 

Commission Omnibus Broadband Initiative Working Paper Series No. 1. 

www.fcc.gov/DiversityFAC/032410/consumer-survey-horrigan.pdf 

Hutton, G. (2021). Tackling the digital divide. UK Parliament. 

https://commonslibrary.parliament.uk/research-briefings/cdp-2021-0175/ 

Jara, I., Claro, M., Hinostroza, J. E., San Martín, E., Rodríguez, P., Cabello, T., Ibieta, A., and 

Labbé, C. (2015). Understanding factors related to Chilean students’ digital skills: A mixed 

methods analysis. Computers & Education, 88, 387–398. 

Katz, J.E., Rice, R.E. and Aspden, P. (2001). The internet, 1995-2000: access, civic 

involvement, and social interaction. American Behavioral Scientist, 45(3), 405-419. 

La Rue, F. (2011). Report of the Special Rapporteur on the promotion and protection of the 

right to freedom of opinion and expression. New York: United Nations.  

Lazarus, W., Mora, F. (2000), On-line Content for Low-income and Undeserved Americans: 

The Digital Divide’s New Frontier. Santa Monica, CA: Children’s Partnership. 

Lee, J.-W. (2010). The roles of demographics on the perceptions of electronic commerce 

adoption. Academy of Marketing Studies Journal, 14, 71-89. 

Litt, E. (2013), Measuring users’ internet skills: A review of past assessments and a look toward 

the future, New Media and Society, 15(4), 612–630.  

Lucas, P.J., Robinson, R. and Treacy, L. (2020). What Is Data Poverty? Scotland: Nesta. 

Lyubomirsky, S. and Lepper, H. (1999). A measure of subjective happiness: Preliminary 

reliability and construct validation. Social Indicators Research, 46, 137-155.  

Mariscal, J. (2005). Digital divide in a developing country. Telecommunications Policy, 29, 

409-428.  

http://www.fcc.gov/DiversityFAC/032410/consumer-survey-horrigan.pdf
http://sonjalyubomirsky.com/wp-content/themes/sonjalyubomirsky/papers/LL1999.pdf
http://sonjalyubomirsky.com/wp-content/themes/sonjalyubomirsky/papers/LL1999.pdf


   
 

   
 

Martín, A.G., Tyner, K., (2012), Media education, media literacy and digital competence, 

Comunicar Journal, 19(38), 31-39. 

Mochón, F. (2018). Happiness and Technology: Special Consideration of Digital Technology 

and Internet. International Journal of Interactive Multimedia and Artificial Intelligence, 5( 

3), 162-168. 

Murdoch, G. (2002). Review Article: Debating Digital Divides. European Journal of 

Communication, 17(3): 385–390. 

Mubarak, F., Sumi, R, and Kantola, S.P. (2020). Confirming the links between socio-economic 

variables and digitalization worldwide: the unsettled debate on digital divide. Journal of 

Information, Communication and Ethics in Society, 18(3), 415-430. 

Nanda S. (2021). Inequalities and COVID-19. In Ryan J. M. (2021) COVID-19: Global 

Pandemic, Societal Responses, Ideological Solutions (109–23). Taylor & Francis Group. 

National Institute of Economic and Social Research (2020). Failure to tackle digital skills 

divide will worsen regional inequality. https://www.niesr.ac.uk/blog/failure-tackle-digital-

skills-divide-will-worsen-regional-inequality 

Neves, B.B., Waycott, J., Malta, S. (2018). Journal of Sociology, 54(2), 236–248. 

Ofcom. (2021). Online Nation. 

https://www.ofcom.org.uk/__data/assets/pdf_file/0013/220414/online-nation-2021-

report.pdf 

Ofcom. (2020). Technology Tracker 2020. 

https://www.ofcom.org.uk/__data/assets/pdf_file/0037/194878/technology-tracker-2020-

uk-dataTables.pdf 

Ofcom (2018). Adults’ media use and attitudes report. London: Ofcom. 

Pew Research Center (2020). Parenting Children in the Age of Screens. 

https://www.pewresearch.org/internet/2020/07/28/parenting-children-in-the-age-of-

screens/  

Pick, J.B. and Nishida, T. (2015). Digital divides in the world and its regions: a spatial and 

multivariate analysis of technological utilization. Technological Forecasting and Social 

Change, 91: 1-17. 

ONS (2019). Great Britain: 2019. Internet Access – Households and Individuals.  

Pénard, T. Poussing, N. and Suire, R. (2013). Does the Internet make people happier? Journal 

of Socio-Economics, Elsevier, 46, 105-116. 

Ragnedda M, Muschert GW (eds) (2013) The Digital Divide: The Internet and Social 

Inequality in International Perspective. Oxford: Routledge. 

https://www.ofcom.org.uk/__data/assets/pdf_file/0037/194878/technology-tracker-2020-uk-datatables.pdf
https://www.ofcom.org.uk/__data/assets/pdf_file/0037/194878/technology-tracker-2020-uk-datatables.pdf


   
 

   
 

Ragnedda, M. (2017). The third digital divide: A Weberian approach to digital inequalities. 

London: Routledge. 

Ragnedda, M., Ruiu, M.L., and Addeo, F. (2020). Measuring Digital Capital: An empirical 

investigation. New Media and Society, 22(5), 793-816. 

Ragnedda, M., Addeo, F., & Ruiu, M.L. (2022a). How offline backgrounds interact with digital 

capital. New Media & Society, 0(0). https://doi.org/10.1177/14614448221082649 

Ragnedda, M., Ruiu, M.L., Addeo, F., (2022b). The self-reinforcing effect of digital and social 

exclusion: The inequality loop. Telematics and Informatics 72, 101852,  

https://doi.org/10.1016/j.tele.2022.101852    

Robinson, L. (2009). A taste for the necessary. Information, Communication and Society, 12 

(4), 488-507. 

Robinson, L., Cotton, S. R., Ono, H., Quan-Haase, A., Mesch, G., Chen, W., … Stern, M. J. 

(2015). Digital inequalities and why they matter. Information, Communication & Society, 

18(5), 569– 582.  

Robinson, L., Schulz , J., Wiborg, Ø.N. (2021). The COVID Connection: Pandemic Anxiety, 

COVID-19 Comprehension, and Digital Confidence. American Behavioral Scientist, 

65(12), 1721–1746. 

Seah, K.T.M. (2020). COVID-19: Exposing digital poverty in a pandemic. Int J Surg., 79, 127–

128. 

Stones, R. (2005). Old and afraid of new communication technologies? Reconceptualising and 

contesting the ‘age-based digital divide’ Structuration Theory. London: Palgrave 

The Cabinet Office, Government Digital Service, & The Rt Hon Lord Maude of Horsham. 

(2012). GOV.UK: Making public service delivery digital by 

default. https://www.gov.uk/government/news/launch-of-gov-uk-a-key-milestone-in-

making-public-service-delivery-digital-by-default [Google Scholar]), 

van Deursen, A.J.A.M. and Helsper, E.J. (2015). The Third-Level Digital Divide: Who 

Benefits Most from Being Online? Communication and Information Technologies Annual, 

10, 29-52.  

Van Deursen, A.J.A.M., van der Zeeuw, A., de Boer, P., Jansen, G., and van Rompay, T. 

(2021). Digital inequalities in the Internet of Things: differences in attitudes, material 

access, skills, and usage. Information, Communication & Society, 24(2), 258-276. 

Van Deursen, A. J., & van Dijk, J. A. (2021). IQ and digital inequality: An empirical 

investigation. New Media & Society, 0(0), https://doi.org/10.1177/14614448211024012.  

https://doi.org/10.1177/14614448221082649
https://doi.org/10.1016/j.tele.2022.101852
https://www.gov.uk/government/news/launch-of-gov-uk-a-key-milestone-in-making-public-service-delivery-digital-by-default
https://www.gov.uk/government/news/launch-of-gov-uk-a-key-milestone-in-making-public-service-delivery-digital-by-default
http://scholar.google.com/scholar?hl=en&q=The+Cabinet+Office%2C+Government+Digital+Service%2C+%26+The+Rt+Hon+Lord+Maude+of+Horsham.+%282012%2C+October+17%29.+GOV.UK%3A+Making+public+service+delivery+digital+by+default.+https%3A%2F%2Fwww.gov.uk%2Fgovernment%2Fnews%2Flaunch-of-gov-uk-a-key-milestone-in-making-public-service-delivery-digital-by-default
https://doi.org/10.1177/14614448211024012


   
 

   
 

van Dijk, J.A.G.M. (2005), The deepening Divide: Inequality in the information society. 

London: SAGE.  

Woolgar, S. (1991) The turn to technology in social studies of science. Science, Technology 

and Human Values, 16(1), 20–50. 

Yu, L. (2006). Understanding information inequality: making sense of the literature of the 

information and digital divides. Journal of Librarianship and Information Science, 38(4), 

229-252. 

Zhan, G. and Zhou, Z. (2018). Mobile internet and consumer happiness: the role of risk. 

Internet Research, 28(3), 785-803. https://doi.org/10.1108/ 

 

 

https://doi.org/10.1108/

	1. Introduction
	2. Theoretical background
	3. Methods
	4. Results
	5. Discussion and Conclusion
	Reference List

