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Abstract

A robust Internet typology is essential for monitoring how individuals are responding to the digital
transformation and for assessing the divide between digital ‘haves’ and ‘have nots’. Individuals’
capacities to use the Internet and digital technologies are an important aspect of this digital divide.
Using data from the 2018 Canadian Internet Use Survey (CIUS), this study presents an Internet-
use typology that is based on the range and complexity of online activities and digital skills that
Canadians report they perform. Five Internet-user groups are identified. About 9% of Canadians
are Internet Non-users and another 16% are ‘Basic users’. Together, almost one-in-four
Canadians (24%) had either no engagement or only very limited engagement with the Internet
and digital technologies in late 2018 or early 2019. Another 20% of Canadians are identified as
‘Intermediate users’ of the Internet and digital technologies, with a further 22% identified as
‘Proficient users’ and 34% identified as ‘Advanced users’. Age and education are strongly
associated with the distribution of Canadians across these groups. About 63% of seniors are
either Non-users or Basic users of the Internet and digital technologies, as are 40% of Canadians
with a high school diploma. In contrast, 77% of Canadians aged 15 to 34 are either Proficient or
Advanced users, as are 76% of Canadians with a Bachelor’s degree or higher. Individuals in these
latter Internet-user groups are most well-positioned to access online programs and services and
adapt in an increasingly online society.
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Executive summary

The economic and social changes associated with digital technologies continues to reshape the
lives of individuals, communities, and societies. The degree to which individuals are able to
operate and adapt in this context is an important issue, as it speaks to their capacity to benefit
from the opportunities and avoid the risks associated with the Internet and digital technologies.

This paper presents a typology of Internet users in Canada. The analysis uses the 2018
Canadian Internet Use Survey (CIUS), and specifically, responses to 36 questions regarding
respondent’s online activities and digital skills. A k-modes cluster algorithm using these
variables was run 2000 times and the specification that yielded the highest within-group
homogeneity of observations was selected.

The cluster analysis yielded four distinct groups of Internet users that we labelled as Basic,
Intermediate, Proficient, and Advanced. A fifth group of Internet Non-users was also identified.
Across Canada’s 10 provinces, 9% of Canadians aged 15 or older were Non-users of the Internet
and just under 16% were Basic users. Together, just under one-in-four Canadians (24%) had
either no engagement or very limited engagement with the Internet and digital technologies when
surveyed between November 2018 and March 2019. Another 20% of Canadians were
categorized as Intermediate users, with a further 22% categorized as Proficient users and 34%
as Advanced users.

Of the 36 activities and skills used in the analysis, the average number reported ranged from 5.1
among Basic users to 28.9 among Advanced users. Types of activities and skills varied across
the four user groups. Instant messaging, for example, was used by most Intermediate, Proficient,
and Advanced users, at 78%, 86%, and 94%, respectively, but by only 28% of Basic users. Other
activities set other groups apart. For example, 88% of Advanced users uploaded files to the cloud
compared with just 39% of Proficient users, 16% of Intermediate users, and 6% of Basic users.

An ordered logistic regression model was used to estimate the strength and significance of the
relationships between eight socioeconomic characteristics—age, education, income, urban/rural
status, household size, immigration status, employment status, and sex—and the likelihood of
being in each of the five groups. Age and education were the strongest predictors. Net of other
characteristics in the model, individuals aged 15 to 34 were 12.3 percentage points more likely to
be classified as Advanced users and 3.9 percentage points less likely to be classified as Basic
users than the reference group comprised of individuals aged 35 to 49. In contrast, individuals
aged 65 or older were 27.6 percentage points less likely to be classified as Advanced users and
12.9 percentage points more likely to be classified as Non-users than 35- to 49-year-olds.

A strong relationship between educational attainment and membership in user groups was also
observed. For example, compared with individuals who have a high school diploma, those with a
university degree were 22.7 percentage points more likely to be Advanced users and
9.8 percentage points less likely to Basic users, net of other characteristics in the model. Income
and, to a much lesser extent, urban/rural status, household size, immigration status and
employment status were significantly correlated with membership in user groups. Sex was the
only variable in the model that was not statistically significant.

Forthcoming analysis will use both the 2018 and 2020 cycles of the CIUS to estimate the how
the distributions of Canadians across Internet-user groups differed prior to and during the
COVID-19 pandemic.
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1 Introduction

The COVID-19 pandemic has both highlighted and accelerated the roles that digital technologies
and Internet connectivity play in our lives. Physical distancing and “stay-at-home” responses have
changed how Canadians work, shop, attend school, and spend their leisure time. In September
2020, over 40% of Canadians reported that since the start of the pandemic they were spending
more time on social media and messaging services, and about one-third reported they had
increased their spending on home and mobile Internet connectivity (Statistics Canada 2020a).

From February to May 2020, total retail sales fell 17.9%, while retail e-commerce doubled,
reaching $3.9 billion (Aston et al. 2020). This accelerated an ongoing shift, with the share of total
retail sales comprised of e-commerce increasing from 2.4% to 4.0% from 2016 to 2019, and then
surging to 11.4% in April 2020.

In the workforce, the share of paid employees who were teleworking reached 40% in April 2020—
comparable to the estimated share of Canadian workers estimated to be in jobs that could
possibly be carried out from home (Statistics Canada 2020b). As Deng, Morissette, and Messacar
(2020) note, this suggests that “...the Canadian labour market responded very quickly to the onset
of the pandemic by increasing its prevalence of telework to the maximum capacity.” The share of
businesses using telework arrangements increased from 17% to 33% from February to May 2020,
with such arrangements used by over half of firms in some industries (Statistics Canada 2020c).
One-in-seven workplaces (14%) said it was likely or very likely to continue to use such
arrangements once the pandemic is over.

The transformative impacts of technological change have long been recognized, and the shifts
observed through the pandemic are part of the ongoing digital transformation. Nonetheless, the
prevalence and impacts of digital technologies have been highlighted through the pandemic. This
includes recognition that not all Canadians are equally well-positioned to cope with, adapt, or
even thrive in the increasingly online environment (Frenette, Frank, and Deng 2020). The extent
to which there is widespread capacity across individuals to benefit from the opportunities and
avoid the risks presented by the digital transformation is an on-going public policy concern. This
is often presented in terms of “digital divides”—the distinction between digital ‘haves’ and ‘have-
nots.” This divide may stem from various factors, such as the quality and availability of digital
infrastructure, access to digital devices, and the skills to use both (OECD 2019).

So how well were Canadians positioned in terms of digital skills and capacities on the eve of
the COVID-19 pandemic? As life in Canada was about to go increasingly online, to what extent
might they best be characterized as basic, intermediate, or advanced users of the Internet and
digital technologies? This paper provides such a perspective, focusing on the online activities
and skills of Canadians as reported on the Canadian Internet Use Survey (CIUS) fielded from
November 2018 to March 2019. CIUS information is used to classify respondents into five
mutually exclusive categories, from those who were highly skilled and adept users of the
Internet and digital technologies to those that did not use them at all. This provides a pre-
pandemic benchmark of how Canadians were engaging in and adapting to the changing digital
environment at that time. Current and future Internet use surveys during and after the pandemic
will provide subsequent snapshots.

A typology is offered, comprised of four groups of Internet users differentiated by the online
activities and digital skills they exhibit, and a fifth group comprised of non-users of the Internet.
Previewing the results, many Canadians engage in a wide range of online activities using a
broad range of skills, with over one-half identified as either ‘Proficient users’ or ‘Advanced
users’. In contrast, one-quarter of Canadians either do not use the Internet at all or do so in only
the most basic way. This activities- and skills-based approach sheds new light on the digital
divide in Canada.
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The paper is organized into four sections. Section 2 below provides a review of the relevant
research literature. Section 3 presents the data sources and methodology used. Section 4
presents the results of the analysis, detailing the distribution of Canadians across the Internet-
use typology, the features of each group, and the sociodemographic characteristics associated
with inclusion in each. Section 5 discusses the implications and limitations of the study.

2 Literature review

One way to assess Canadians’ capabilities in an increasingly digital society is to develop a
typology. Internet-user typologies divide people into discrete groups based on tendencies in
their online activities and practices. These typologies are useful for understanding Internet use
in general and also for examining how differences in Internet use correspond to
sociodemographic characteristics and other individual-level attributes (Blank and Groselj 2014;
Brandtzaeg, Heim, and Karahasanovi¢ 2011). Such differences, or digital divides, have been
described as a “new form of social inequality” that affects life chances via the activities that
people conduct online (Zillien and Hargittai 2009). Previous studies have shown that digital
divides follow traditional forms of inequality since characteristics such as education, age, and
income associate with the types of activities that people tend to conduct online (Blchi, Just,
and Latzer 2016; Helsper and Galacz 2009; Lutz 2019; Robinson, Winborg, and Schulz 2018;
Scheerder, van Deursen, and van Dijk 2017).

The Internet is a “multipurpose infrastructure” that can be used for an extensive range of activities
and purposes (Bichi, Just and Latzer 2016). With the growth of the Internet, patterns of Internet
use have become progressively more complex and differentiated. Developing an Internet-user
typology involves condensing this plethora of usage into a smaller set of empirically-derived
categories (Blank and Groselj 2014). Typical points of comparison have included the amount of
Internet use, variety of use, and content preferences (Blank and Groselj 2014; Brandtzaeg, Heim
and Karahasanovi¢. 2011; Montagnier 2007; Spiezia and Montagnier 2010). Amount of use
compares people on rates of Internet access (users versus non-users) and on frequency (daily,
weekly, monthly) and duration (hours per day or week) of Internet use. The variety of Internet use
refers to the number of activities an individual performs online, capturing the extensiveness of
online engagement. Content preferences refer to the different types of activities performed online,
such as social media, entertainment, financial transactions, and searching for information.

In the first decade of the Internet, the key points of differentiation among Canadians were between
users and non-users of the Internet and how frequently individuals used the Internet (Middleton
and Sorensen 2005; Singh 2004). This refers to the “first-level” digital divide, which stemmed
largely from the uneven distribution of telecommunications infrastructure across regions and the
affordability of technology across households. The first-level divide has disappeared for most
Canadians. In 2018, about 91% of Canadians reported using the Internet for personal use (this
excludes work- and school-related use) in the previous three months (Statistics Canada 2021).
However, gaps in Internet access still persist. According to a recent CRTC (2020) report, rural
areas! and the territories trail well behind the rest of Canada in access to high-speed Internet
service. About 59% of households in rural areas do not have access to broadband services that
meet the CRTC benchmark (50 Mbps download and 10 Mbps upload speeds and unlimited data
transfer) and these services are unavailable throughout the Yukon, Northwest Territories, and
Nunavut. In contrast, these broadband services are available to almost all Canadian households
in places that have populations of 100,000 persons or more.

Beyond access to infrastructure, attention regarding the digital divide has turned to how the
Internet is accessed (Frenette, Frank and Deng 2020; Hargittai 2002; Napoli and Obar 2014; van

1. Population of less than 1,000 or a population density of fewer than 400 persons per square kilometre.
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Deursen and van Dijk 2019). Napoli and Obar (2014) argue that there are qualitative differences
in Internet access between people who use multiple devices and those who depend on mobile
devices alone. A smartphone may allow students to check class schedules or grades but is less
optimal than a laptop or desktop computer for writing a term paper or other tasks that are easier
to perform with a full keyboard and larger screen. Among Canadian households with children
under age 18, 24% of those in the lowest income quartile depend on mobile devices to access
the Internet compared with 8% of those in the highest income quartile (Frenette, Frank and Deng
2020). One implication is that some Canadian children, particularly those from lower income
households, may not have devices best suited to participation in online learning activities during
COVID-19 lockdowns.

Overall, in Canada and other countries where Internet use is at near-saturation levels, the
distinction between haves and have-nots is no longer primarily a matter of barriers to Internet
access or frequency of use (Borg and Smith 2018; Scheerder, van Deursen, and van Dijk 2017).
More recent studies distinguish Internet-user groups based on a combination of amount of use
and the extensiveness and types of activities that people conduct online (Blank and Groselj 2014;
Haight, Quan-Haase, and Corbett 2014; Middleton, Veenhof, and Leith 2010; Montagnier and
Wirthmann 2010). On the latter, online behaviours have been differentiated in terms of capital-
enhancing versus leisure-oriented activities (Borg and Smith 2017; van Deursen and van Dijk
2015). Capital-enhancing activities are those that provide offline benefits, such as using the
Internet for job searches, e-learning, financial transactions, or professional networking. Research
indicates that individuals in disadvantaged groups tend to use the Internet comparatively less for
capital-enhancing activities and comparatively more for leisure (Helsper and Galacz 2009; van
Deursen and van Dijk 2014; Zillien and Hargittai 2009). In other words, having equal access to
the Internet is not equivalent to having equal opportunities to benefit from it (Brandtzaeg, Heim,
and Karahasanovi¢ 2011; Bichi, Just, and Latzer. 2016). Among people connected to the
Internet, digital divides arise from differences in human capital and social capital needed to adopt
new technologies and leverage Internet-enabled opportunities into benefits (Chen 2013; Biichi,
Just and Latzer 2016; Korupp and Szydlik 2005). Skills are critical in this regard.

Van Dijk and van Deursen (2014) define six types of Internet skills.? To begin, the operational
skills that are needed to use computer hardware, software programs, and Internet applications
and the formal skills that are needed to navigate the hypermedia structures of the Internet. But
digital literacy involves more than technical skills. Van Dijk and van Deursen describe four
content-related competencies needed to benefit from Internet use, including information skills,
communication skills, content-creation skills, and strategic skills, and argue that the ability to
exercise one type of skill is contingent on competencies on other types of skills. For example,
conducting communication-based activities requires basic technical proficiencies to navigate
websites, the ability to find and use information, and perhaps even the ability to create content.
The breadth of skills involved raises the prospect that deficits in one area will impede progress
in others, diminishing overall capacity to engage in, and derive benefit from, the Internet and
digital technologies.

Rapid change in Internet use, particularly the constant evolution of online activities, underscore
the need to continually update the metrics used to differentiate Internet users (Btichi, Just, and
Latzer 2016). The amount of “know-how” needed for digital literacy continues to advance with
technological innovations and the shift of both routine activities and essential services into digital
environments. This places the emphasis on the skills needed to use Internet-enabled devices, to
establish and manage online connectivity, to use software and applications, and effectively
navigate the Internet (Hargittai and Micheli 2019; Scheerder, van Deursen, and van Dijk 2017).
These elements, broadly defined as both activities and skills, are reflected in the approach to
Internet-user groups outlined next.

2. For a complementary review of Information and Communication Technologies (ICT) skills see OECD (2016).
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3 Data and methods

3.1 Data

Data for the Internet-user typology presented in this study are from the 2018 Canadian Internet
Use Survey (CIUS). The 2018 CIUS was completed by a nationally representative sample of
almost 14,000 Canadians aged 15 years and older living in the 10 provinces, excluding full-time
residents of institutions. The survey was fielded from November 2018 to March 2019, just over a
year prior to the onset of the COVID-19 pandemic. The CIUS collected information on individuals’
use and experiences with the Internet and digital technologies, including the types of activities
and tasks they perform, their encounters with security threats and online harassment, and their
digital and software skills.

The CIUS includes variables identifying whether or not respondents had home access to the
Internet and whether or not they used the Internet in the past three months. The typology
presented here treats ‘Non-users’ as a distinct group, being one of the five groups identified in
the analysis. This group is set aside in generating the typology as described below, but is included
in the presentation of results.

In generating the typology, we focused on variables that gave a profile of the typical online
activities respondents engaged in, as well as those variables that demonstrated proficiency with
digital technologies. Activity variables related to communication, accessing information,
entertainment, and e-commerce, as well as skill variables related to learning, software use,
privacy, and personal device features were all included in generating the typology. Other variables
related to where and how respondents accessed the Internet were not used to generate the
typology, but are included as supplementary information.

3.2 Methodology

We use a cluster algorithm approach to generate our typology of Internet users in Canada. Cluster
algorithms are designed to group a dataset in such a way that within each cluster group,
observations are more ‘similar’ to or ‘near’ one another than they are with observations in other
groups. When appropriately applied, the cluster groups can be interpreted as distinct typological
groups of users. Furthermore, this approach reduces bias in the results by making the process
data-driven and less dependent on preconceived ideas of which activities or skills are more or
less important than others.

Our typology utilizes the k-modes algorithm developed in Huang (1998) to generate typology
groups on Internet users, omitting non-users and assigning them to a separate group ex ante.
The k-modes algorithm is related to the popular k-means algorithm, which generates k cluster
groups on a dataset given a pre-defined number k. The k-means algorithm has been known to
produce arbitrary cluster results on discrete data, whereas the k-modes algorithm does not. Given
the nature of the CIUS data and Internet surveys in general, the k-modes seems well suited for
generating our user typology, and is employed as the primary algorithm in this study for generating
the final typology.?

Given a dataset of N observations with P variables and a desired number of groups k, the k-
modes algorithm produces a vector of length N that assigns each observation to one of k cluster
groups, as well as a k X P matrix of ‘modes’. Each row in this matrix of modes represents a mode

3. A cluster approach, as opposed to other dimensionality-reducing methods such as principal component analysis
(PCA), has the advantage of compressing data points themselves into groups as opposed to compressing variables,
which is the case for PCA. This results in a typology based on user profiles as opposed to correlations between
activities and skills, which was not particularly informative given the volume and diversity of CIUS variables.

Analytical Studies — Research Paper Series -10 - Statistics Canada — Catalogue no. 11F0019M, no. 465



in the data space* that has iteratively been determined to be central to each cluster group. That
is to say, an observation belongs to group K if and only if the observation is nearest to the mode
corresponding to group K. In the k-modes algorithm, ‘nearness’ is based on simple matching
between two records for each of the P variables. Two observations have distance zero if and only
if they are identical in each variable, and the distance is otherwise equal to the number of variables
in which they differ.

3.3 Variable selection

The CIUS contains questions on a wide variety of activities and skills related to Internet use. In
total, 64 variables within the CIUS data are potentially relevant for generating our typology.
Following recent literature (e.g., Blank and Groselj 2014; Borg and Smith 2017; van Deursen and
van Dijk 2015), we limit the generation of the typology to variables pertaining to activities and
skills, and leave other variables related to the type or frequency of use for subsequent analysis.

Many of the activity and skill variables in the data have relatively low uptake. Some variables,
such as online gambling, may have low uptake due to low demand or low confidence in engaging
with that activity. Others, such as searching for employment or receiving free training from a
community centre or seniors care facility are dependent on other factors and may not be widely
applicable to the whole population. Additionally, there are some variables that are nearly
ubiquitous across Internet users, such as the use of email and researching information.

Because the k-modes algorithm determines distances between observations using a simple
matching metric, it is particularly sensitive to differences in any variable that is used to generate
cluster groups. In particular, low-uptake variables will have an impact on the final clustering
when a respondent’s value for that variable is one. Similarly, high-uptake variables will have an
impact if a respondent’s value is zero. As such, it is desirable to remove these variables from
consideration in generating the analysis, as they add ‘noise’ to the clustering that will impact
final results.

A selection criteria was developed to eliminate variables with high or low uptake so that the
typology was generated only on those variables with sufficient variation. (Details of the selection
criteria can be found in Section 6.2). In total, 25 variables were removed due to low uptake and
3 were removed due to high uptake, leaving 36 variables to be used in generating the typology.
The three variables removed due to high uptake or near ubiquity in the data corresponded to
using email, searching for information online, and checking the weather. Although these
variables are not included in generating the typology, they are included in parts of the results
and analysis section.

3.4 Generating the typology

The k-modes cluster algorithm initializes by randomly selecting k modal observations from the
data and iteratively generating cluster groups. At each iteration, it determines which points in the
data are closest to each of the k modes, and redefines the mode to be the observation that
minimizes within-group distances for all points relative to the mode. Because the algorithm begins
by randomly selecting k observations, it does not generate identical cluster groups between
applications. As such, an individual application of the k-modes algorithm does not generate a
stable typology.

To overcome this limitation, we ran the k-modes cluster algorithm a large number of times (2000)
and selected the specification that yielded the highest within-group homogeneity of observations.

4. Modes are not guaranteed to correspond to observations in the data; however, each entry in each mode does
correspond to a category present in the data. For example, if a variable has observed values {a,b,c,d}, then each

mode’s value at that variable must be one of {a,b,c,d}.
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Cluster algorithms seek to find groupings where observations within a group are more similar to
one another than to observations in other groups, so choosing the best fit out of a large sample
of applications of the algorithm produces the optimal result for the typology. (Details on
determining best fit, as well as greater detail about the approach taken to generate the 2000
specifications can be found in Section 6.2.)

Although our final typology is based on the best fit from a large number of specifications, it is
important to compare it against all other specifications generated to ensure our results are not
coincidental. With this in mind, we present our results for the best fit cluster typology in the
upcoming sections, and include a more detailed robustness analysis in Section 6.2.

4 Results

4.1 Internet-user groups—on-line activities and digital skills

The cluster analysis yielded a typology composed of four distinct groups of Internet users, to
which is added a fifth group of Internet non-users. The four user groups are ordered from ‘Basic’
to ‘Advanced’, reflecting the activities and skills of their constituents. Almost 9% of Canadians
were Non-users of the Internet and just under 16% were ‘Basic users’ (Chart 1). Of the 36
activities and skills used to define the cluster groups, Basic users engaged in 5.1 on average.®
Considering both groups together, just under one-in-four Canadians (24%) had either no
engagement with the Internet or very limited engagement when surveyed in late 2018 and early
2019. These groups could be argued to be on the have-not side of the digital divide.

Another 20% of Canadians were identified as ‘Intermediate users’ of the Internet and digital
technologies, with a further 22% identified as ‘Proficient users’. Individuals in these groups on
average did, respectively, 12.3 and 20.4 of the 36 skills and activities used in the cluster analysis,
with differences also observed in terms of the sophistication of skills. Finally, 34% of Canadians
were identified as ‘Advanced users’ on the basis of the activities and skills they exhibit. On
average, they did 28.9 of the 36 activities and skills used in the cluster analysis.

5. The average number of activities across all CIUS respondents for the 36 activities (variables) included in the cluster
specification was 17.5.
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Chart 1
Distribution of Canadians aged 15 or older across Internet-use
typology, Canada, 2018

Non-users

Basic users

Advanced users 5.1 activities and skills

28.9 activities and skills

Intermediate users
12.3 activities and skills

Proficient users
20.4 activities and skills

Note: Activities and skills: average number reported by group; maximum = 36.
Source: Statistics Canada, 2018 Canadian Internet Use Survey.

The shares of individuals in each Internet-user group exhibiting the 36 activities and skills
underlying the typology are presented in Table 1. A selection of those activities and skills are
shown graphically in Chart 2. Most Basic users, like Internet users overall, use the Internet for
email (74%), checking the weather (60%), and finding basic information (60%).6 Aside from these
high-uptake activities, Basic users engaged in other common activities to a much lesser extent
than other user groups. For example, less than 40% of Basic users use the Internet to access the
news, obtain directions, or do their banking and less than 30% use instant messaging or social
media. The vast majority of individuals in the other Internet-user groups do these things. It is
plausible that keeping up in a rapidly changing digital environment could be a challenge for
individuals in the Basic-user group.

In contrast to Basic users, far larger shares of individuals in the Intermediate-user group
engaged in online communications, with about three-quarters of them using instant messaging
and social media. Intermediate users were also more likely to consume online entertainment,
with almost two-thirds of them listening to music and using video-sharing websites such as
YouTube and almost half (45%) watching streamed content. Intermediate users also exhibited
significant uptake of e-commerce activities such as online banking (81%) and buying new goods
and services online (58%).

The Proficient-user group is generally more adept with technical skills related to basic office skills,
as well as uploading files to the cloud, browser and email management, and wireless connectivity.
A large majority (84%) of them use word processing software, move folders and files (82%), use
spreadsheet applications (61%), and download files (62%). Relative to Intermediate users,
Proficient users were more likely to be familiar with Wi-Fi (75%) and Bluetooth (71%) connectivity,
and to consume paid streaming services.

The Advanced-user group exhibits the most activities and skills. Some 80% or more of Advanced
users adjust their security settings to limit personal and location information, and most (88%)
upload files to a cloud storage service of some kind, many doing so for the purpose of sharing

6. These activities were not used in the cluster analysis, as their high uptake limits their utility in differentiating internet-
user groups. See Appendix Table 1.
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(73%) or backing up files (75%). Online technologies appear to be part of Advanced users’ daily
lives, with most booking appointments (65%), registering for courses or checking class schedules
(67%), or conducting video/audio calls online (74%).

Chart 2
Percentage of Internet users engaged in selected activities and skills, by Internet-user group,
Canada, 2018

Selected activities and skills
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Source: Statistics Canada, 2018 Canadian Internet Use Survey.

In addition to the 36 activities and skills used in the cluster analysis, information can be gleaned
from the 28 activities and skills that were considered but not used. The shares of individuals in
each Internet-user group exhibiting these excluded activities and skills are shown in Appendix
Table 1. Although many of the activities and skills presented in this table are generally less
common than the variables used in the cluster analysis, the magnitude of the difference between
Basic users and other users and the difference Advanced users and other users are both notable.
On most items presented in Appendix Table 1, there is a fairly large increase in the uptake when
moving from a Basic user to an Intermediate user. While the difference between other user groups
tends to be more modest and is small on some items (e.g., emailing, checking the weather), there
is still a general increase between adjacent user groups on all items. Advanced users have the
highest uptake on all items, particularly on more sophisticated activities such as uploading
content, blogging, online training, and software skills.
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Table 1
Percent of Canadian Internet users who reported doing on-line activities and
skills, by Internet-user group, Canada, 2018

Basic Intermediate Proficient Advanced

user user user user
percent
Communication
Instant messaging 28.4 77.9 85.5 94.2
Contact government 27.3 67.0 80.2 90.2
Social media 254 76.0 80.9 92.1
Online voice/video call 13.1 35.7 575 73.6
Book appointments 7.4 23.0 285 64.5
Accessing info
Access news 37.0 78.7 83.3 90.7
Obtain locations/directions 37.9 88.6 94.2 97.6
Entertainment
Listen to music 234 70.1 77.2 90.2
Watch video-sharing (e.g., YouTube) 18.8 68.4 79.5 91.8
Watch streamed content 16.2 45.2 71.6 82.9
Read books and magazines 5.0 16.2 25.0 44.3
Listen to podcast 3.6 18.7 25.7 45.4
E-commerce
Online banking 34.6 80.9 875 91.8
Buy new goods and services 15.1 57.8 70.5 84.6
Training/education
Check schedules / register for classes 5.1 23.6 295 67.1
Informal training/learning 3.3 16.2 23.3 49.7
Software skills
Word processing 18.5 30.7 84.5 94.5
Copy/move files/folders 14.8 26.8 81.9 92.9
Spreadsheets 9.0 14.7 61.2 82.7
Upload files to cloud 5.6 16.2 38.9 87.9
Photo editing 43 10.2 31.8 72.7
Pow erPoint, etc. 4.4 11.0 40.9 78.0
Internet skills
Delete brow ser history 24.0 32.8 69.5 80.1
Block email/spam 20.3 27.2 63.0 85.8
File dow nload 8.5 17.4 62.3 86.7
Privacy settings - personal info 6.5 13.2 27.3 78.3
Block other messages 5.9 11.9 225 61.5
Privacy settings - location 5.8 13.1 30.7 84.1
File backup via cloud 4.3 10.0 22.9 75.4
File share via cloud 1.6 5.9 18.1 73.0
Device skills
OS updates 18.0 21.2 60.4 78.1
Smartphone as GPS 17.4 37.8 83.9 90.8
Wi-Fi connect 16.1 275 75.0 87.3
Photo/video transfer betw een devices 11.3 20.1 65.7 824
Bluetooth connect 9.6 22.0 70.8 84.0
Device settings - location 4.8 12.2 33.8 81.6
number

Average number of activities and skills reported

(Maximum = 36) 5.1 12.3 20.4 28.9
Note: OS: Operating system; GPS: Global Positioning System.

Source: Statistics Canada, 2018 Canadian Internet Use Survey.
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Three batteries of additional questions from the CIUS provide additional insight on the Internet-
user groups. The first set of questions asked individuals about whether they use each of six types
of Internet-enabled devices. As shown in Table 2, Smartphones were most prevalent, used by
44% of Basic users and by virtually all Proficient and Advanced users. Laptops and netbooks are
also widely used, with prevalence ranging from 40% of Basic users to 83% of Advanced users.
Desktop computers and tablets were used by smaller shares of individuals in each group, but
were quite prevalent. The average number of devices used by individuals in each group is shown
at the bottom of Table 2. This increases steadily from an average of 1.6 devices used by Basic
users to 3.5 devices used by Advanced users.” Looking more closely, 12.4% of Basic users
accessed the Internet only using a Smartphone compared with 9.9% of Intermediate, 3.3% of
Proficient, and 1.6% of Advanced users.

The second battery of questions asked respondents about the locations where they access the
Internet. Most individuals accessed it from home, with this share ranging from 86% among Basic
users to 97% among Advanced users. Very few Basic users accessed the Internet elsewhere,
such as in business establishments or other public locations. The preponderance of seniors and
near-seniors in this group is an important consideration, resulting in fewer in the Basic-user group
accessing the Internet at work or school, and perhaps less general mobility associated with health
or access issues. Still, it is important to note that digital engagement does not occur outside the
home for most Basic users. Individuals in this group accessed the Internet in an average of 1.4
locations, compared with 3.9 among Advanced users.® And while 62% of Basic users only
accessed the Internet at home, just 7% of Advanced users did so.® For the latter, more wide
ranging access is consistent with a profile in which digital technologies and Internet connectivity
are a greater part of their daily lives.

The third set of questions aims to a capture the digital nature of daily lives is the use of Internet-
enabled home technologies. As shown in Table 2, the shares reporting that they use a Smart TV
ranged from 19% among Basic users to 48% among Advanced users. One interpretation is that,
although Smart TVs are increasingly prevalent, the differences above reflect variation in the use
of their Internet connectivity.!® Given the dominance of smart TVs in the market as of 2018, it may
also simply reflect who most recently bought a TV. Smart speakers and other Internet-enabled
devices are perhaps clearer measure of home technology adoption. The use of Smart speakers
ranges from 4% among Basic users to almost 22% of Advanced users, while the use of other
Internet-enabled devices derived from six CIUS questions, ranged from 7% to 31%. So even
among the most advanced group, the adoption of such technologies was not widespread in late
2018 or early 2019, but followed the expected pattern of increasing prevalence across the four
user groups.

7. Onarange of 1to 6.

8. Onarangeoflto?.

9. In addition, 33% of Intermediate users and 20% of Proficient users only accessed the internet from home.

10. The CIUS defined Smart TVs as those “...with integrated Internet capabilities or a set-top box for television that
offers computing ability and Internet connectivity.” (Statistics Canada n.d., Question Ul_23).

Analytical Studies — Research Paper Series -16 - Statistics Canada — Catalogue no. 11F0019M, no. 465



Table 2
Selected Internet-related characteristics, by Internet-use group, Canada, 2018
Basic Intermediate Proficient Advanced

user user user user
percent
Access Internet using ...
Smartphone 44.0 79.7 92.9 97.5
Laptop or netbook 40.0 56.1 69.9 82.8
Desktop computer 35.3 37.7 49.5 56.1
Tablet 31.8 44.5 51.4 52.2
Media streaming device 4.3 15.1 27.1 42.1
Other mobile devices 1.9 5.8 7.8 16.6
Access Internet ...
At home 86.3 92.7 94.8 97.3
At work 18.3 42.6 55.3 66.5
At someone else’s home 15.5 41.3 52.8 71.9
At business establishment 8.6 30.1 41.3 62.2
At another public location 7.4 24.1 34.0 53.0
At school 4.2 10.5 13.8 26.7
At public library 4.2 8.0 9.8 17.3
Internet-enabled home technologies
Smart TV 18.6 34.8 46.3 48.0
Smart speaker 3.9 10.4 15.0 215
Other Internet-enabled device® 6.8 13.4 20.0 313
number
Mean number of Internet-enabled devices 1.6 2.4 3.0 35
Mean number of access locations 14 25 3.0 3.9
Mean number of Internet-enabled home devices 0.3 0.7 0.9 1.2

1. This includes the follow ing: Video cameras connected to the Internet; Smart door or window locks;
Smart thermostats; Smart switches or lights; Smart large appliances; and other devices not including
smart TVs or speakers.

Source: Statistics Canada, 2018 Canadian Internet Use Survey.

4.2 Sociodemographic characteristics of individuals in user groups

Thus far, the analysis has focused on the activities and skills exhibited by individuals in each user
group. Sociodemographic characteristics are now incorporated into the analysis. Table 3 shows
how Canadians with specific sociodemographic characteristics are distributed across the five
groups in the typology.

Age, educational attainment, and income!! are strongly associated with the distribution of
individuals across the Internet-user groups. As expected, the shares of individuals in the
Advanced-user and Proficient-user groups decline across age groups. Over one-half (54%) of
Canadians aged 15 to 34 are Advanced users and another 23% are Proficient users of the Internet
and digital technologies. Together, almost 8-in-10 individuals in this age range are in the two most
tech-savvy groups. About two-thirds of individuals aged 35 to 49 are in these two groups, with
42% classified as Advanced users and 26% as Proficient users. A smaller share of individuals
aged 50 to 64 are classified as Advanced users (23%), but still, almost half of individuals in this
age group are either Advanced or Proficient users. In contrast, over 60% of Canadians aged 65
or older are either Non-users or Basic users of the Internet and digital technologies. Age profiles
within Internet-user groups (i.e., compositional characteristics) offer an additional perspective and
are shown in Appendix Table 2. For example, of all individuals in the Non-user group, 68% are
aged 65 or older and 88% are aged 50 or older.

11. Incomes in the CIUS are based on a combination of self-reported income and imputation based on demographic
variables.
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Table 3
Distribution of individuals across Internet-user groups, by socioeconomic characteristics,
Canada, 2018

Non- Basic Intermediate Proficient Advanced
users users users users users Total
percent

Age group

15 to 34 years 1.2 5.8 16.0 23.2 53.7 100.0

35to 49 years 2.7 8.2 21.2 25.9 42.0 100.0

50 to 64 years 7.1 20.0 24.8 24.8 23.2 100.0

65 years or older 28.8 33.8 17.6 13.1 6.7 100.0
Educational attainment

Less than high school 40.9 29.2 16.4 8.4 5.0 100.0

High school diploma 16.2 23.6 21.9 19.3 19.0 100.0

Non-university postsecondary 6.1 16.7 20.9 27.0 294 100.0

Bachelor or higher 2.1 8.0 13.9 27.6 48.4 100.0

Student 0.9 5.3 14.2 20.9 58.7 100.0
Household income

$24,999 or low er 29.5 22.6 17.7 13.9 16.4 100.0

$25,000 to $49,999 14.9 22.6 20.4 18.5 235 100.0

$50,000 to $74,999 5.8 18.8 23.1 21.8 30.5 100.0

$75,000 to $99,999 2.9 134 22.8 255 35.4 100.0

$100,000 or more 11 7.9 16.8 26.1 48.0 100.0
Place of residence

Urban 8.3 15.1 194 21.9 354 100.0

Rural 10.6 18.5 21.7 24.0 25.3 100.0
Household size

Multi-person household 6.0 14.6 19.9 235 36.0 100.0

Single-person household 23.3 21.1 18.8 15.0 21.8 100.0
Immigration status

Canadian-born 9.0 14.7 16.9 23.2 36.1 100.0

Immigrant 9.6 15.3 18.5 23.9 32.6 100.0
Sex

Male 7.8 15.3 18.5 24.0 34.4 100.0

Female 9.5 15.9 20.9 20.5 33.2 100.0
Employment status

Employed 3.0 10.8 20.3 25.2 40.8 100.0

Not employed 18.1 23.5 18.9 17.2 22.2 100.0

Note: Percentages may not add up to 100.0% because of rounding.
Source: Statistics Canada, 2018 Canadian Internet Use Survey.

Educational attainment is strongly correlated with the distribution of individuals across user
groups. Almost half (48%) of individuals with a Bachelor’'s degree or higher were Advanced users,
while this was the case for 29% of those with a non-university post-secondary credential, and
19% of those with a high school diploma (Table 3). This may reflect the confounding effect of age
as, on average, older Canadians have lower levels of educational attainment than younger
Canadians (Ferguson and Zhao 2013). This is partially shown in Appendix Table 2, which shows
that 76% of Basic users are aged 50 and older and 79% of Basic users have an educational
attainment of less than a Bachelor’s degree.

The shares of individuals identified as Advanced users increased steadily across categories of
household income, from 16% among those with incomes under $25,000 to 48% among those
with incomes of $100,000 or more. Similarly, individuals who were employed rather than non-
employed were about twice as likely to be Advanced users (at 41% and 22% respectively). Again,
these results likely the confounding effects of age and education, two characteristics correlated
with income and employment.
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Smaller differences in distributions across user groups are observed across other socioeconomic
characteristics. An urban/rural difference is observed, with the share of rural residents identified
as Advanced users 10 percentage points smaller than the share of urban residents (at 25% and
35%, respectively). Individuals living alone are more likely to be Non-users or Basic users than
those living with others.

Finally, differences in the distributions of women and men across user groups were generally
small, as were the distributions of immigrants and Canadian-born individuals.

To more precisely estimate the strength and significance of the relationships between each socio-
economic characteristic and the likelihood of being in each user group, an ordered logistic
regression model was run. The results are presented as marginal effects in Table 4, interpreted
as the percentage point difference in the likelihood of individuals in one category (e.g., female)
being in an Internet-user group relative to a reference category (e.g., male), net of other variables
in the model.

The multivariate results confirm that age and education are the strongest predictors of being in
each of the five user groups. Net of other characteristics in the analysis, individuals aged 15 to 34
were 12.3 percentage points more likely to be classified as Advanced users and 3.9 percentage
points less likely to be classified as Basic users than the reference group composed of individuals
aged 35 to 49. Seniors, in contrast, were 27.6 percentage points less likely to be classified as
Advanced users. Being a senior was also the strongest predictor of being a Non-user or a Basic
user, after accounting for education and other characteristics that could confound the relationship
between age and Internet use. Persons aged 65 and older were 12.9 percentage points more
likely to be classified as Non-users and 16.4 percentage points more likely to be classified as
Basic users than the reference group.
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Table 4
Estimated percentage point difference in likelihood of being in each Internet-user group relative
to reference group

Non- Basic Intermediate Proficient Advanced
users users users users users
estimated percentage points
Age group
Age 15to 34 -1.69 *** -3.90 *** -4.32 *rx -2.37 *** 12.28 ***
Age 35 to 49 (reference group)
Age 50 to 64 3.89 *** 6.79 *** 5.01 *** -1.02 *x -14.67 ***
Age 65 or older 12.90 **=* 16.35 *** 6.69 *** -8.37 *** -27.56 ***
Educational attainment
Less than high school 11.41 ** 8.06 *** 0.51 -7.43 *+* -12.55 **
High school (reference group)
Non-university postsecondary -3.54 ** -4.25 = -2.19 = 1.39 *+* 8.60 ***
University degree or higher -6.84 *r* -9.81 *+* -6.41 ** 0.35 22.70 **
Enrolled as student -6.57 *** -0.27 ¥ -5.93 ** 0.62 21.14 **=
Household income
Income less than $25,000 6.54 *x* 6.22 *** 2.83 -2.08 *** -13.50 ***
Income $25,000 to $49,999 1.47 ** 1.67 * 0.97 ** -0.16 * -3.95 **
Income $50,000 to $74,999 (reference group)
Income $75,000 to $99,999 -0.67 -0.83 -0.54 -0.03 2.06
Income $100,000 or more -2.52 ** -3.39 *** -2.41 *** -0.57 *** 8.90 ***

Place of residence
Urban (reference group)
Rural 0.89 * 0.86 * 0.57 * 0.06 ** -2.38 *
Household size
Multi-person household
Single-person household 1.41 »* 1.37 ** 0.88 *** 0.05 -3.72 **
Immigration status
Non-immigrant (reference group)
Immigrant 1.29 »+* 1.24 »+* 0.81 *** 0.10 ** -3.45 **

Sex
Male (reference group)
Female 0.42 0.41 0.28 0.05 -1.16

Employment status
Employed (reference group)
Not employed 1.69 *+* 1.76 *=* 1.13 ** 0.06 -4,63 ***

... not applicable

* significantly different from reference category (p < 0.05)

** significantly different from reference category (p < 0.01)

** significantly different fromreference category (p < 0.001)

Source: Statistics Canada, 2018 Canadian Internet Use Survey.

The strong relationship between educational attainment and membership in user groups also
remains evident in the multivariate results. For example, compared with individuals who have a
high school diploma, those with a university degree were 22.7 percentage points more likely to
be Advanced users and 9.8 percentage points less likely to Basic users. Non-university post-
secondary credentials, as well as student enrollment, were also positively correlated with being a
Proficient or Advanced user and negative correlated with being a Non-user, Basic user, or
Intermediate user of the Internet and digital technologies. The same patterns hold across
household income categories.

Individuals with annual household incomes of less than $25,000 were 13.5 percentage points less
likely to be in the Advanced-user group than individuals with household incomes ranging from
$50,000 to $74,999 (the reference group), while those with incomes of $100,000 or more were
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8.9 percentage points more likely to be in the Advanced-user group, net of education,
employment, and other characteristics.

Smaller differences in the likelihood of being in each user group are observed across other
variables in the multivariate models. Urban/rural place of residence, immigration status,
household size, and employment status are significantly correlated with the likelihood of being in
most user groups, although the estimated differences generally range from 1 to 4 percentage
points and are far smaller than the correlations associated with age, educational attainment, and
household income.

No significant differences in the likelihood of being in each of the five user groups are observed
between women and men when other characteristics are taken into account.

4.3 Telework and Internet-user groups

As highlighted in the introduction, the COVID-19 pandemic has had a large impact on
employment, including a sharp increase in the use of telework arrangements. The relationships
between telework and digital activities and skills likely runs in both directions. Individuals with
stronger Internet and digital skills may be more likely than others to telework, while teleworking
itself may strengthen the Internet and digital skills of those engaged in it. While the 2018 CIUS
does not allow conclusions to be drawn about the direction of causation, it does provide an
opportunity to explore the correlation between telework and the Internet-user groups
presented above.

CIUS respondents were asked if they had done any telework during the past 12 months.*? This is
quite a broad definition, and no information was collected regarding the frequency, regularity, or
intensity of telework over the year. Across all CIUS respondents, 13% of employed individuals
reported that they teleworked during the prior year, a rate comparable to estimates from previous
years (Turcotte 2010). Among employed individuals, 70% of those who had teleworked were
classified as Advanced users compared with 33% of those who had not teleworked.

Evidence from the late 2000s shows that age, education, and income!® are among the
characteristics positively associated with the likelihood of teleworking. One question this raises is
whether the strong relationship between telework and being an Advanced user remains when
these characteristics are taken into account. To assess this, the ordered logistic regression model
presented above was modified and re-run. Specifically, the analysis was limited to individuals
aged 15 to 64, an employment status / telework variable was included, and the Non-user and
Basic-user groups were combined into a single category because no teleworkers were in the Non-
user group. The rest of the model remains unchanged.

Net of other observed characteristics, employed individuals who teleworked were 26.4 percentage
points more likely to be classified as Advanced users than employed individuals who had not
teleworked (Table 5). The CIUS does not include information on other important correlates of
teleworking, such as occupation and industry, and hence this relationship warrants further scrutiny
as additional information becomes available. That said, the result in Table 5 is consistent with the
view that digital skills enable individuals to benefit from the opportunities provided by the digital
transformation, and highlights the possibility that elevated rates of telework during the COVID-19
pandemic strengthened the digital skills of those able to work in this way.

12. Telework was defined as “...a flexible work arrangement whereby employees have approval to carry out some or
all of their work duties from a place other than the employer's office.” (Statistics Canada n.d., Question OW_71).
13.In 2008, the incidence of telework was higher among employees in management and professional occupations—
two occupational groups with relatively high earnings—than among employees in all other occupational groups

(Turcotte 2010).

Analytical Studies — Research Paper Series -21- Statistics Canada — Catalogue no. 11F0019M, no. 465



Table 5
Marginal effects—estimated percentage point difference in likelihood of being in each user group
relative to reference category among Canadians aged 15 to 64

Non-users
and basic Intermediate Proficient Advanced
users users users users
estimated percentage points
Employed—yes telew ork -9.77 *x -9.67 *** -6.98 *+* 26.42 **
Employed—no telew ork (reference)
Not employed 0.48 0.33 0.05 -0.87

... not applicable

*** significantly different from reference category (p <0.001)

Note: Estimated percentage points calculated as marginal effects. Model also includes age group, educational attainment,
household income, urban/rural status, household size, immigration status, and sex.

Source: Statistics Canada, 2018 Canadian Internet Use Survey.

5 Discussion and conclusions

The economic and social changes associated with digital technologies continues to reshape the
lives of individuals, communities, and societies. The breadth of the digital transformation is
immense, affecting virtually all aspects of peoples’ lives, and the pace of change is quick. The
degree to which individuals are able to operate and adapt in this context is an important issue, as
it speaks to their capacity to benefit from the opportunities offered by digital technologies and
Internet connectivity, while avoiding the risks they pose.

Gauging such capacity is a challenging task given the scope and pace of change, but new tools
are needed. The OECD Working Party on Measurement and Analysis of the Digital Economy
(WPMADE) recently recommended the development of a technology user typology “...based on
the clusters of digital technologies used, purpose and intensity of usage, and personal
characteristics to see how those affect well-being outcomes.” (Hatem and Ker 2021, p. 24). This
project offers such a tool.

Some observations about the typology process itself are warranted. We found that some online
activities, such as email and checking the weather are now so ubiquitous as to be unhelpful in
differentiating technology-user groups. Other online activities also provided little analytical leverage,
mainly because they were less prevalent overall. Overall, the questions needed to construct a
robust typology were certainly not clear at the outset of the process. The guestions needed for a
typology may also differ across countries because of different patterns of use, and would need to
be updated from time to time to keep pace with change. Creating a typology that could be
operationalized with fewer than 36 questions warrants consideration, if a more parsimonious
approach could allow technology-user groups to be identified on a broader range of surveys.

The typology presented above is composed of four groups of Internet users differentiated by
the online activities and digital skills, and a fifth group comprised of Non-users of the Internet.
About 9% of Canadians are Internet Non-users and another 16% are ‘Basic users’. Together,
almost one-in-four Canadians (24%) had either no engagement or only very limited engagement
with the Internet and digital technologies in late 2018 or early 2019. If both groups are
considered to be digital have nots, there may be more people on the wrong side of the digital
divide in Canada than previously thought. The majority of these individuals are seniors and
near-seniors, raising a host of questions regarding the impacts that their lack of digital
engagement has in their lives. What challenges does this create? What opportunities are
foregone? The same questions apply to the 11% of 35 to 49 year olds who are Non-users or
Basic users. When age is taken into account, the likelihood of being a Non-user or Basic user
of the Internet remained significantly correlated with educational attainment and income. As
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other analysts have noted, differentiation between digital haves and have nots follows well-
established dimensions of vulnerability and marginalization (Blichi, Lutz and Latzer 2016;
Reisdorf and Groselj 2017).

For organizations seeking to engage people online, the limited prospects of reaching some
populations may matter. It certainly does for e-government and the online delivery of publicly
administered programs and services. Over 90% of Canadian youth aged 15 to 34 are at least
Intermediate users and many (54%) are Advanced users. Similarly, about 90% of Canadians with
a Bachelor’s degree or higher are at least Intermediate users and about half (48%) are Advanced
users. These demographic groups are well-positioned to access online programs and services.*
Lessons derived from e-learning through the pandemic will be instructive in this regard. In
contrast, almost two-thirds of seniors (63%) are Non-users or Basic users of the Internet and
seem poorly-positioned to access programs and services online. The same is true for Canadians
with a high school education or less.

The fact that almost one-in-four Canadians have limited or no digital engagement has implications
for national statistical offices as well. Household surveys fielded online offer opportunities to
reduce the cost and increase the timeliness of surveys. The extent to which Basic users
participate in such surveys, and any unobserved characteristics that differentiate them from the
rest of the population, are important considerations in survey design.

Considering other user groups, 22% of Canadians were Proficient users of the Internet and
another 34% were Advanced users. Individuals in the latter group exhibited the broadest and
most in-depth digital engagement. This group demonstrated a high rate of adoption for many
activities and appeared to be well-positioned to make the shift on-line that occurred through the
COVID-19 pandemic. In particular, the high rate of Advanced users who had experience with
telework prior to the pandemic relative to other groups positioned them well for the sudden spike
in work from home.

In terms of next steps, a subset of at least the 36 questions used to create the typology should
be included in the final cycle of the Canadian Internet Use Survey (CIUS) scheduled to go into
the field in late 2022 and early 2023. With this widespread increases in telework, e-commerce, e-
learning, and other online activities, one might expect that the online activities and digital skills
exhibited by Canadians have increased, perhaps markedly. The CIUS can offer to estimate this
in quite precise terms.

14. This is not to diminish access issues associated with access to devices, skills and even infrastructure, as highlighted
by Frenette, M., K. Frank, and Z. Deng (2020).
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6 Appendix

6.1 Supplementary tables

Appendix Table 1

Percent of Canadian Internet users who reported doing on-line activities and
skills that were not used in the cluster analysis, by Internet-user groups,
Canada, 2018

Basic Intermediate Proficient Advanced

user user user user
percent
Communication
Email 73.6 93.3 97.4 99.0
Use dating sites and apps 1.1 3.9 5.0 9.5
Upload content 2.3 9.0 8.9 19.7
Blogging 0.6 3.2 4.4 14.4
Accessing info
Check w eather 57.8 91.8 94.7 97.0
Research information 56.5 88.0 95.0 97.8
Search for employment 5.2 18.3 22.6 33.0
Entertainment
Play video games 16.9 27.6 314 43.7
Watch other streamed live TV 4.2 19.8 27.1 40.9
Watch live-streamed sports 1.6 9.1 10.2 16.1
Gambling 0.7 1.9 2.4 2.5
E-commerce
Donate to registered charity 3.8 104 155 24.5
Buy used goods 4.3 16.7 21.6 33.1
Homeshare 15 4.8 13.2 24.5
Rideshare 2.0 5.6 175 35.1
Buy/sell stocks 11 5.0 7.3 12.5
Trade goods or services via app/site 0.8 5.2 7.0 14.8
Use virtual w allet 0.6 6.3 10.9 26.7
Training/education
Receive instructions from friends/family 25.1 22.7 27.9 345
Free online training 4.5 9.6 18.2 395
Formal training via organization/institution 2.2 9.1 135 25.2
Employer-provided training 1.9 3.0 7.7 15.2
Free training via community/senior centre 1.2 15 1.2 1.8
Self-paid training 0.9 1.2 3.4 8.0
Other public free training 0.6 13 2.2 6.4
Software skills
Advanced spreadsheet functions 15 2.8 15.7 42.2
Coding 0.5 14 4.5 22.4
Device skills
Set router security settings 2.0 2.7 11.7 29.7

Source: Statistics Canada, 2018 Canadian Internet Use Survey.
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Appendix Table 2
Compositional characteristics of Internet-user groups, by socioeconomic characteristics,
Canada, 2018

Non- Basic Intermediate Proficient Advanced
users users users users users Total
percent

Age group

15 to 34 years 45 11.7 25.4 32.7 49.6 31.2

35to0 49 years 7.4 12.4 25.4 27.7 29.4 23.7

50 to 64 years 20.3 317 31.0 27.6 17.0 24.7

65 years or older 67.8 44.2 18.1 12.1 4.1 20.4

Total 100.0 100.0 100.0 100.0 100.0 100.0
Educational attainment

Less than high school 375 16.3 7.6 3.0 12 8.2

High school diploma 34.3 30.2 235 15.7 10.2 19.0

Non-university postsecondary 19.9 32.9 345 34.0 24.4 29.3

Bachelor or higher 6.7 15.3 22.3 33.7 39.0 28.4

Student 15 5.4 12.1 13.6 25.2 15.1

Total 100.0 100.0 100.0 100.0 100.0 100.0
Household income

$24,999 or low er 41.0 17.4 10.8 75 5.8 12.0

$25,000 to $49,999 38.5 32.3 23.1 18.6 155 22.3

$50,000 to $74,999 10.2 18.4 17.9 15.0 13.8 15.3

$75,000 to $99,999 6.1 15.3 20.6 20.5 18.7 17.9

$100,000 or more 43 16.5 27.7 38.4 46.2 325

Total 100.0 100.0 100.0 100.0 100.0 100.0
Place of residence

Urban 81.2 81.8 83.1 83.4 88.5 84.6

Rural 18.8 18.2 16.9 16.6 115 15.4

Total 100.0 100.0 100.0 100.0 100.0 100.0
Household size

Multi-person household 59.2 79.5 85.6 89.8 90.2 84.8

Single-person household 40.8 20.5 14.4 10.2 9.8 15.2

Total 100.0 100.0 100.0 100.0 100.0 100.0
Immigration status

Canadian-born 73.8 66.8 60.6 74.1 75.6 70.8

Immigrant 25.4 22.4 21.4 24.6 22.0 22.8

Total 100.0 100.0 100.0 100.0 100.0 100.0
Sex

Male 44.6 48.3 46.4 53.3 50.3 494

Female 55.4 51.7 53.6 46.7 49.7 50.6

Total 100.0 100.0 100.0 100.0 100.0 100.0
Employment status

Employed 21.7 43.8 64.4 71.2 75.6 62.8

Not employed 78.3 56.2 35.6 28.8 24.4 37.2

Total 100.0 100.0 100.0 100.0 100.0 100.0

Note: Percentages may not add up to 100.0% because of rounding.
Source: Statistics Canada, 2018 Canadian Internet Use Survey.
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6.2 Methodology and robustness checks

This appendix provides additional detail on the procedures used to generate the typology and
results from robustness checks from the large set of cluster specifications generated.

6.2.1 The k-modes algorithm

The k-means algorithm is one of the most well-known algorithms in unsupervised machine
learning, and is commonly used for the purposes of clustering data due to its quick runtime and
wide applicability. Given a pre-defined value k, the k-means algorithm generates cluster groups
by iteratively calculating the Euclidean distance between all points in the data and each of k
‘means’, assigning each data point to the cluster corresponding to the closest mean, and re-
calculating the mean of each cluster group to feed into the next iterative step. The algorithm
terminates after a pre-specified number of iterations, or when data points no longer move
between groups.

The k-means algorithm is well-suited for continuous datasets, and although it produces results
that are sensitive to initial (random) conditions, it generally performs well in segregating data.
However, it has been known to produce arbitrary results on discrete datasets, in particular
because discrete data are congregated in a finite number of points within a continuous interval.
Furthermore, Euclidean distance is not an intuitive measure of distance on discrete data, and is
in fact not applicable for variables with more than 2 categories and no ordinal properties.

The k-modes algorithm developed in Huang (1998) is specifically designed to overcome the
limitations of the k-means algorithm with respect to discrete datasets. It does so by replacing the
concept of a ‘mean’ (the average value for each variable within a cluster group) with a mode
(based on the most commonly observed values for each variable in a cluster group), and by
replacing Euclidean distance with simple matching distance.'® Huang (1998) further demonstrates
that the k-modes algorithm performs well with real-world datasets and accurately classifies
discrete data within a reasonable bound of error for a wide range of data.

The limitations of the k-modes algorithm as it regards generating the user typology should be
noted. First, distances between observations can only take on integer values, hence the likelihood
of observations being equidistant to two different modes is relatively higher than for the k-means
algorithm. In such a circumstance, observations are randomly assigned to a cluster group.
Secondly, modes within cluster groups need not be unique, especially if each variable in the
parameter space is uniformly distributed.'® Third, distances are bounded above by the number of
variables used in generating cluster groups—if P variables are used to generate the clusters, then
the largest number of variables for which two observations can differ is P. A result of this is that
the k-modes algorithm on binary data appears to generate cluster groups that are ‘ordinal’ and
roughly order the data from observations with lower average positive responses to higher average
positive responses.

Caution should therefore be exercised in interpreting the meaning of cluster groups in this
typology. Cluster algorithms generate groups that are ‘predictive’ in the sense that given a set of
responses to the Canadian Internet Use Survey (CIUS), a respondent can be placed into a single
cluster group based on their distance to each group’s corresponding mode. However, given a
cluster group, one cannot necessarily generate a representative user profile corresponding to that

15. It's worth noting that, when applied to discrete binary data, the simple distance metric is equivalent to the Hamming
distance on binary strings of length P for P binary variables, and that the set of binary strings of length P combined
with the Hamming distance form a metric space. Simple matching distance on binary data is therefore an intuitive
and ‘natural’ way of measuring distance between any two observations.

16. This issue is relatively minor in our case, as the binary nature of the data combined with the large number of
observations reduces the probability that distribution within a given cluster group is exactly 50% for positive and
negative responses.
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cluster group that is representative of the entire group. The typology therefore does not reveal
any underlying fact corresponding to each group, but rather serves to label respondents with
regards to their similarity to one another.

6.2.2 Establishing number of clusters

The k-modes algorithm requires that the value k representing the number of clusters to be
generated must be specified beforehand. Many of the criteria for establishing the optimal number
k that are often applied to k-means specifications can also be applied to the k-modes algorithm.
Here, the value of k that is optimal is such that within-group similarity of clusters is maximized
while out-of-group similarity is minimized.

We use the elbow method and the gap statistic to determine the optimal number of clusters for
our typology. The elbow method determines the optimal number of clusters based on the within-
group sum of squared distances for a range of values of k, and yields the optimal k where the
magnitude of the second order change in within-group sum of squared distances is highest. The
gap statistic compares the actual distribution of the data with a null distribution, calculating within-
group variation of clusters relative to a uniform random distribution. The optimal k is the value
where the gap statistic is maximized, implying the within-group similarity is not random.

Using these two methods, we tested for the optimal number of clusters on the CIUS data excluding
non-users (that is, those who responded that they did not use the Internet in the past 3 months)
for values of k between 2 and 10. The elbow method resulted in an optimal number of k=3 clusters,
whereas the gap statistic returned k=5 as the optimal number. We therefore chose k=4 for the
number of user clusters, as it lay between these two values. Adding the Non-user group back into
the dataset resulted in a total of five cluster groups.

6.2.3 Variable selection criteria

Because the simple matching distance used in the k-modes algorithm only yields integer values,
it is particularly sensitive to differences in any variable used in the algorithm. For this reason,
variables with relatively low or high uptake across the full set of respondents will have a larger
impact on final cluster results than they would with other cluster algorithms. Furthermore, many
of these variables represent activities that are carried out conditional on other factors, including
demographic factors.

We establish a criteria to eliminate high and low uptake variables from being included in the
data used to generate the typology. Recall that the k-modes algorithm run on P variables
produces a k X P matrix of modes representing the k modes corresponding to each cluster
group. Because our specification is generated on binary data, we can assign positive responses
a value of 1 and negative responses a value of 0, and compute averages across cluster
specifications that represent the frequency that each entry in the mode matrix is a positive
response (represented by a 1).

In order to select our final set of variables, we run the k-modes algorithm 100 times and record
the mode matrix produced by each iteration. These can each be organized from low intensity user
groups to high intensity user groups based on the number of positive responses (1) in each mode.
Taking the average across all specifications gives us a matrix where each entry is the percentage
of positive responses present for each variable in each mode across the full set of cluster
specifications. Taking the average over the four modes yields a vector of length P that contains
‘uptake scores’ for each variable in the data which range between 0 and 1. A value of 0 means
that no mode in any specification contained a positive response for that variable, whereas a value
of 1 means that every mode in every specification contained a positive response for that variable.
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Using this vector, we assign a threshold of 0.05 and eliminate all variables whose uptake score
falls below that value. Similarly, variables whose uptake score exceeds 1-0.05 = 0.95 are also
removed and classified as ‘ubiquitous’ variables. These variables are not included in the data
used to generate cluster groups, but are retained for analysis after the typology has been
generated. The value 0.05 was chosen because it appeared to eliminate most redundant
variables from the data without eliminating too many variables that had limited uptake among
Advanced users.

6.2.4 Selecting the optimal specification

Having eliminated variables with high or low uptake, we are now in a position to generate the
typology. Because the k-modes does not generate a unique cluster specification between
iterations, we run the algorithm 2000 times and select the optimal specification as described
below. Although the k-modes algorithm terminates when the mode is stationary between
iterations, we add an additional check of stability for each iteration by feeding the resulting mode
matrix back into the k-modes algorithm until the output mode matrix is equal to the input mode
matrix. This ensures that each iterative step of the algorithm finds a set of modes that locally
minimizes the sum of within differences across groups.

For each specification, we save information on the sum of within differences, a vector of length k
containing the sum of distances between all points in each cluster. The sum of these values
across all four clusters is the total sum of within differences for that cluster specification. This
metric is low when within differences across cluster groups are low (that is, observations are
similar within groups) and high when they are not, hence serves as a useful simple metric for
evaluating the homogeneity of each of the cluster groups.

We selected cluster specifications that minimized the total sum of within differences. This resulted
in a set of cluster specifications, many of which were permutations of one another, but many of
which were not. From this group, we selected those specifications where the total average of
within differences was lowest. That is to say, we divided each value in the vector of sum of within
differences by the total number of observations in the group to produce the average within
difference, and took the sum across clusters of these values.

This resulted in a set of cluster specifications that were identical to one another, except with
regards to the arbitrary numeric labels assigned to them. Ordering the modes in the mode matrix
from each specification from lowest to highest number of positive responses showed that the
mode matrix for these specifications were also identical in this regard, as was the N-vector
assigning each observation in the data to each group. As these specifications all produced the
same cluster groups, the first specification from this set was selected and appropriately labelled
to serve as our final typology on the CIUS data.

6.2.5 Summary of steps

What follows is a summary of the steps taken to generate the final user typology using the k-
modes algorithm.

1. Determine the optimal number of clusters on Internet users using the elbow method and
gap statistic.

2. Establish a selection threshold between 0 and 1. Eliminate variables where the average
of modes across test specifications and cluster groups does not exceed the threshold, and
classify variables that exceed one minus the threshold as ubiquitous and similarly
eliminate them from the set of variables used to generate the typology.

3. Given the limited set of variables, run the k-modes algorithm a large number of times. For
each run of the algorithm, do the following:
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a. Initialize the algorithm with randomly generated modes; the algorithm will return the
final mode matrix.

b. Using the mode matrix output from Step a, re-run the algorithm, this time inputting
the matrix of modes into the algorithm instead of a value k.

c. Repeat Step b until the k-modes algorithm outputs the same mode matrix as the
matrix that was input.

d. Save the vector of length N assigning each observation in the data to clusters for
further analysis, as well as the within-group sum of differences for selecting the
optimal specification.

4. From the large number of k-mode results, select the cluster specification that minimizes
the sum of total within differences across all clusters. If there are multiple specifications,
select the one with the lowest average within differences across all clusters. (For each
cluster, divide the total sum of within differences and divide it by the number of
observations in the cluster, and take the average across all clusters).

5. Verify that the results of Step 4 only produce cluster specifications that are permutations
of one another. Select any of these permutations as the final cluster specification.

6. Rank the clusters based on the number of positive responses in each mode. The lowest
user group has the fewest number of positive responses in the mode, and the highest user
group has the highest number of positive responses in the mode.

6.2.6 Robustness checks

Because the k-modes clustering algorithm used in generating the typology does not generate a
unique typology with the same dataset, it is pertinent to check the other cluster groups generated
by the process in the methodology section to see how the typology could differ and how the
differences impact our main demographic results. The selected typology represents the best fit in
the sense that it minimizes within-group differences between individuals, and although the
typology was generated numerous times in the data, it is still not the only typology that resulted
from this process.

Using the full set of 2000 k-modes results on the CIUS data, we can compare how our base
typology differs from other possible typologies in a relatively large set of cluster specifications.
In particular, we look at how our base typology compares to other typologies with regards to
demographic composition between clusters, and how this impacts the results of the ordinal
regression analysis. It should be noted that each cluster specification classifies Non-users the
same by design, and so demographics of this group are identical between all specifications.
Marginal effects in the ordinal regression may differ between specifications however, as the
coefficients and the marginal effects for the Non-user group may be impacted by changes in
other groups.

Appendix Table 3 presents the average marginal effects for each demographic category and
cluster group, with averages taken across all 2000 cluster specifications. Indicators of statistical
significance are also taken from the average p-values across all 2000 cluster specifications. As
such, they do not represent the p-value of the estimate itself, but rather serve as an indicator for
overall confidence between models.
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Appendix Table 3
Average marginal effects across cluster specifications

Non- Basic Intermediate Proficient Advanced
Users Users Users Users Users
marginal effects
Age group
15 to 34 years -0.016 *= -0.052 *** -0.035 *** -0.013 ** 0.116 **=*
351049 years
50 to 64 years 0.040 **=* 0.090 *** 0.034 ** -0.018 -0.146 ***
65 years or older 0.131 *** 0.197 *** 0.023 * -0.083 ** -0.267 ***
Educational attainment
Less than high school 0.110 *= 0.084 **=* -0.017 * -0.062 *** -0.115 ***
High school diploma
Non-university postsecondary -0.037 *** -0.054 *+* -0.012 ** 0.017 ** 0.086 ***
Bachelor or higher -0.070 *** -0.125 *** -0.044 *** 0.016 * 0.222 **
Student -0.067 *** -0.117 **=* -0.039 ** 0.018 * 0.206 ***
Household income
$24,999 or low er 0.065 *** 0.073 *** 0.015 -0.023 * -0.130 ***
$25,000 to $49,999 0.015 ** 0.021 ** 0.007 * -0.003 -0.039 **
$50,000 to $74,999
$75,000 to $99,999 -0.007 -0.010 -0.004 0.001 0.020
$100,000 or more -0.024 ** -0.039 *** -0.017 *** -0.001 * 0.081 ***
Place of residence
Urban
Rural 0.006 0.007 0.003 0.000 -0.015

Household size
Multi-person household
Single-person household 0.013 ** 0.016 ** 0.006 ** -0.001 -0.033 #***
Immigration status
Canadian-born
Immigrant 0.012 ** 0.014 ** 0.006 ** -0.001 -0.031 **
Sex
Male
Female 0.005 0.007 0.003 0.000 -0.014
Employment status
Employed
Not employed 0.016 *=* 0.021 *=* 0.008 ** -0.002 -0.044 #x*
... not applicable
* significantly different from reference category (p < 0.05)
** significantly different from reference category (p < 0.01)
** significantly different from reference category (p < 0.001)
Source: Statistics Canada, 2018 Canadian Internet Use Survey.

Comparing these results to Table 4, we can see that many of the marginal effects from the main
result (using the selected user typology) are close to the average marginal effects across all of
the specification generated in our analysis. Patterns observed in the age of respondents for the
main result are also observed here, with younger individuals on average being more likely to be
placed in the Advanced-user group and older individuals more likely to be placed in the more
Basic-user or Non-user groups. Similarly, higher levels of educational attainment and higher
annual incomes are correlated with placement in the Advanced-user group, and vice versa for the
Basic-user or Non-user groups.

One notable difference in the main versus average marginal effects is with regards to urban and
rural respondents. The average marginal effects across specifications are lower in magnitude and
are not statistically significant for any cluster group. This is opposed to the main results, where
coefficients are relatively small but statistically significant for all cluster groups with 95%
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confidence. As these coefficients are small in either case: this result is somewhat marginal.
Results for single- or multi-person households, immigrant status, gender and employment status
yielded average marginal effects close to the main marginal effects presented in Table 4.

Appendix Table 4 builds on the results from Appendix Table 3 and presents the range
(minimum/maximal) of marginal effects for each demographic and cluster group. We observe for
age that the marginal effects for those ages 15 to 34 are always positive for the Advanced-user
group (that is, individuals in this group were always more likely to be Advanced users relative to
the baseline group), while the marginal effects for those aged 50 to 64 and 65 or older are always
negative. We observe the opposite patterns for Non-users and Basic users, with those aged 15
to 34 always being less likely to be in either the Non-user or Basic-user group, and those aged
50 or older always being more likely. By contrast, the marginal effect is more balanced (not always
positive) for Proficient users aged 15 to 34, as well as for Intermediate and Proficient users aged
50 to 64 and 65 or older.

Individuals with less than high school as their highest level of educational attainment were always
found to be more likely to be Non-users or Basic users, and were always found to be less likely
to be Proficient or Advanced users. Higher levels of education including current college and
university students were always more likely than high school graduates to be Advanced users,
and were always less likely to be Non-users or Basic users, with mixed effects for Intermediate
and Proficient users at all levels of education.

Among other demographic indicators, rural respondents were always found to be less likely to be
Advanced users, although the effect is marginal. Single-person households were always found to
be less likely to be Advanced users than multi-person households, and more likely to be Non-
users or Basic users. Immigrants were generally more likely to be Non-users, Basic users or
Intermediate users, and were always found to be less likely to be Advanced users. Results were
ambiguous for women relative to men, although the interval of marginal effects becomes
increasingly negative going from the Non-user group to the Advanced-user group. Unemployed
individuals were always found to be less likely to be Advanced users, and more likely to be Non-
users or Basic users.
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Appendix Table 4
Minimum and maximum marginal effects across cluster specifications
Non-users | Basic users | Intermediate users Proficient users Advanced users
minimum ~ maximum  minimum ~ maximum ~ minimum ~ maximum ~ minimum ~ maximum ~ minimum ~~ maximum
marginal  marginal marginal marginal marginal marginal marginal marginal marginal  marginal
effects effects effects effects effects effects effects effects effects effects

Age group
15 to 34 years -0.020 -0.011 -0.102 -0.019 -0.065 -0.009 -0.060 0.064 0.044 0.146
35 to 49 years
50 to 64 years 0.033 0.045 0.038 0.127 -0.016 0.077 -0.112 0.052 -0.187 -0.043
65 years or older 0.104 0.143 0.091 0.246 -0.100 0.118 -0.281 0.039 -0.360 -0.075
Educational attainment
Less than high school 0.092 0.128 0.048 0.098 -0.089 0.036 -0.154 -0.008 -0.182 -0.029
High school diploma
Non-university postsecondary -0.043 -0.032 -0.077 -0.027 -0.039 0.021 -0.018 0.079 0.028 0.115
Bachelor or higher -0.079 -0.058 -0.190 -0.057 -0.107 0.014 -0.063 0.150 0.079 0.264
Student -0.077 -0.049 -0.180 -0.053 -0.098 0.017 -0.054 0.144 0.063 0.258
Household income
$24,999 or low er 0.047 0.076 0.038 0.100 -0.023 0.048 -0.104 0.023 -0.168 -0.041
$25,000 to $49,999 0.008 0.021 0.008 0.035 -0.002 0.019 -0.027 0.010 -0.059 -0.013
$50,000 to $74,999
$75,000 to $99,999 -0.012 0.001 -0.022 0.001 -0.012 0.000 -0.007 0.016 -0.002 0.035
$100,000 or more -0.030 -0.016 -0.058 -0.018 -0.038 -0.001 -0.026 0.046 0.035 0.103
Place of residence
Urban
Rural 0.000 0.010 0.001 0.015 0.000 0.008 -0.009 0.005 -0.028 -0.001

Household size
Multi-person household
Single-person household 0.007 0.022 0.007 0.035 -0.001 0.017 -0.029 0.011 -0.053 -0.017
Immigration status
Canadian-born
Immigrant 0.005 0.018 0.006 0.027 0.000 0.014 -0.023 0.008 -0.049 -0.009
Sex
Male
Female -0.002 0.012 -0.002 0.018 -0.001 0.008 -0.013 0.005 -0.034 0.005
Employment status
Employed
Not employed 0.012 0.022 0.010 0.037 -0.001 0.022 -0.028 0.012 -0.063 -0.016
... not applicable
Source: Statistics Canada, 2018 Canadian Internet Use Survey.
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