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ABSTRACT

Geographic variation in digital inequality manifests as a result of a range of demographic, attitudinal, behavioural and locational factors. To better understand this
multidimensional geography, our paper develops a new geodemographic classification for the spatial extent of Great Britain. In this model, we integrate a range of
new small area measures that are drawn from multiple new forms of data including consumer purchasing data, survey and open data sources. Our analytical approach
innovatively provides an integration of machine learning into a small-area estimation technique to obtain Lower Super Output Area / Data Zone estimates of Internet
use, alongside a range of online engagement and consumption measures. Following the collation of a range of input measures, we implemented a more standard
geodemographic framework that utilises the unsupervised clustering algorithm k-means to produce a map of the multidimensional characteristics of digital inequality
for Great Britain; creating the Internet User Classification (IUC). Our outputs provide a new and nuanced understanding of the contemporary salient characteristics of
digital inequality in Great Britain, which we evaluate both internally and externally within the context of preparations for the 2021 UK Census of the Population,
exploring the geodemographic patterns of Census test response rates and the prevalence to complete the survey online. Our innovative work illustrates the strength of
a geodemographic approach in mapping spatial patterns of digital inequality, and through the presented application concerning Census response rates and char-

acteristics we demonstrate how the IUC can be operationalised within such settings for local intervention or benchmarking.

1. Introduction

Digital inequality is observable where access to online resources and
those opportunities that these create are non-egalitarian. As a result of
variable rates of access and use of the Internet between social and
spatial groups (Inkinen, Merisalo, & Makkonen, 2018), this leads to
digital differentiation, which entrenches difference and reciprocates
digital inequality over time. Digital inequality has been shown to be
enacted across multiple divides (Biichi, Just, & Latzer, 2015), including
those of individual attributes such as age, gender, and ethnicity; and
additionally, can be further impacted through interactions between
themselves, or across different social or spatial contexts (Blank,
Graham, & Calvino, 2018; Chang, McAllister, & McCaslin, 2015;
Friemel, 2016; Hunsaker & Hargittai, 2018; Longley & Singleton, 2009);
and include impacts of physical infrastructure such as connectivity
(Gonzales, 2016; Grubesic, Helderop, & Alizadeh, 2018; Marler, 2018;
Tsetsi & Rains, 2017).

Beyond variability in access, for those who do connect, digital in-
equality manifests across a range of engagement activities, for instance
in terms of social network use (Yu, Ellison, McCammon, & Langa, 2016)
or online shopping (Lissitsa & Kol, 2016). Within many contexts, such
engagement patterns have been shown to have potential impacts upon

life chances, with evidence including health (Borg, Boulet, Smith, &
Bragge, 2018; Mesch, 2015) and employment (Peng, 2017). Given such
social and economic imperatives of mitigating digital inequality, there
is significant need for better data that delivers necessary information to
enable investments to be targeted or evaluated. Within such contexts,
measures are required for national extents (Szeles, 2018; Thomas et al.,
2017) and, in recognition of the dynamic nature of digital exclusion
(Van Dijk & Hacker, 2003), should be in a form that might be updated
over time.

The interrelated factors that produce digital inequalities are highly
dimensional and lend themselves to study through compound and
multidimensional indicators (Vehovar, Sicherl, Hiising, & Dolnicar,
2006), rather than monotopical measures (Barzilai-Nahon, 2006; Borg
& Smith, 2018). Such an approach enables the capture of both the
breadth of influences, but also instances where such relationships are
complex: for example, age is generally assumed to influence rates of
Internet use, however, this relationship may vary across space as
aligned to the geography of infrastructure provision or other com-
pounding geographical factors. Within such contexts, geodemographics
has a legacy of successful application in both the public and private
sector (Harris, Sleight, & Webber, 2005; Singleton & Spielman, 2014;
Webber & Burrows, 2018). In general terms, a geodemographic
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Fig. 1. Methodology flow chart.

Table 1
Domains, dimensions and measures of digital inequality.

Domains Dimensions Measures

Context Durables Own desktop PC

Own laptop PC

Median download speed
Broadband access

Cable broadband by TV provider
No access

Less than 3 years

More than 6 years

Never but I have access
Once a week or less

Daily

PC at home

PC at work, school etc.
Public place

Mobile device

Information on hobbies or
interests

Information on products or

Infrastructure

Access Internet history

Internet frequency

Access method

Behaviour  Information seeking and services

services

Financial services
Communication and Social networks
entertainment VOIP
Download or stream media
Gaming
Buy groceries
Buy non-groceries
Clothing on credit
White goods

Online shopping

classification is created by assembling a wide range of measures that
describe the characteristics of areas and/or those people living within
them, and then, through the implementation of unsupervised learning
(clustering), identifies groups of areas that share common character-
istics. Emerging clusters may be divided or aggregated to create a
hierarchy, and it is typical that these be accompanied by labels, de-
scriptions, photographs, diagrams and graphs. Classifications are cre-
ated to fulfil a general purpose or can be tailored to bespoke applica-
tions including substantive topics or constrained geographical extents.

The objective of this paper is therefore to develop a nationwide
geodemographic classification that provides insight into the geography
of digital inequality. As discussed earlier in this section, such inequality
arises through digital differentiation, which is a multidimensional
construct that can manifest in complex ways and across multiple dif-
ferent divides. For more wholistic insight, this necessitates the devel-
opment of a comprehensive set of measures that aim to describe these
various dimensions. As such, in Section 2, we outline the creation of a
database of small area measures that have coverage for the national
extent, with the objective of characterising multiple aspects of digital
differentiation; either in terms of its manifestation, or to account for
known exogenous drivers of these patterns. The multifaceted nature of
digital differentiation is not well captured by attributes contained
within traditional sources of geographically referenced data such as the
Census. As such, alternative data were required to develop measures
that provide insight into the different dimensions of this construct.

Both direct measures (available for a nationally extensive geo-
graphy) and small area estimates created from large nationally re-
presentative surveys were identified for this purpose. We provide a
theoretical framework that guided how the measures were assembled in
Section 2; but broadly concerns context (constraints to getting online),
access (frequency and prevalence) and behaviour (activities online).
Within this framework, measures were derived from a range of different
data sources. These included a number of datasets with national cov-
erage: two capturing aspects of online consumer behaviour as recorded
by two large retailers (Section 2.1), and further data that measured
Internet connectivity through broadband speed (Section 2.2). To garner
further insights into online consumption and capture a wider range of
associated behavioural measures, a large nationally representative
survey was examined. However, this did not directly have coverage or
sample size that was sufficient to provide estimates for all small areas.
As such, and as outlined in Section 2.3, we applied a small-area esti-
mation technique to provide estimates for a wide variety of attributes
related to Internet use and engagement. Innovatively, this applied a
machine learning gradient boosting framework to obtain robust small-
area estimates.

Once input measures were assembled, we implemented the un-
supervised learning technique of k-means to generate a set of clusters
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Table 2
Recoded variables, common between the UK 2011 Census and the BPS.
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Domain Variables

Age structure

Marital status

Car ownership

Number of people in household
Highest qualification

Social grade - NS-SeC
Employment / working status

Single; Married; Separated; Divorced; Widowed.
No Car; 1 Car; 2 Cars; 3 Cars or more.
Number of persons 1; 2; 3; 4; 5 or more.

Other.
Household tenure
Ethnicity

Age 15-17; 18-24; 25-34; 35-44; 45-54; 55-64; 65 Plus.

Qualification None & Other; Qualification 1 & 2 or Apprenticeships; Qualification 3 & 4 or above (based on 2011 Census categories).
Social Grade A & B (NS-Sec 1 & 2); Social Grade C1 (NS-Sec 3 & 4); Social Grade C2 (NS-Sec 5 & 6); Social Grade D & E (NS-Sec 7, 8 & Student).
Part Time; Full Time; Self Employed; Unemployed; Retired; Housewife; Long Disabled; Student (Working and Not working); Not Working

Owned; Mortgage; Rented (LA); Rented (Social Other); Rented (Private); Rent Free.
White British; White Irish; White Other; Indian; Pakistani; Bangladeshi; Chinese; Other Asian; Black; Mixed; Other.

Predicted

0.00 0.25 0.50 075 1.00

Observed

Fig. 2. Observed versus predicted values for the model describing the percen-
tage of LSOA population that recently used the internet to visit social net-
working sites, blogs and forums (variable Social Networks).

Retired -

Age 65 Plus -

Age 1810 24 -

Tenure: Owned -

Tenure: Rented (Private) -
Qualification: None / Other -
Ethnicity: Pakistani -
Qualification: Level 3 or 4 -
Age 55 - 64 -

Qualification: Level 1 or 2 -
Employment: Student -
Age 25-34-

Variables

Persons in Household: 1-

Tenure: Mortgage =

NS-Sec: 7 or 8 or Student -
Ethnicity: White British =

Car Ownership: None =

Marital Status: Divorced =
Persons in Household: 5 or More -

Employment: Unemployed -
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that described groupings of areas with shared salient characteristics
(Section 3). This created a simple indicator that highlighted patterns of
digital differentiation and reflected its compound, complex and multi-
dimensional nature. An alternative approach might have been to pro-
duce rankings for different input measures and to compile these into an
overall index. However, such an approach does not account well for
non-linearity as a result of complex interactions that might emerge
between areas; for example, where infrastructure's variable provision
may constrain or enable behaviour. A geodemographic or cluster-based
approach mitigates such issues. In Section 3.1, to maximise the utility of
the created typology, we present a range of measures that describe
those salient characteristics of the clusters and map these for the na-
tional extent: producing names and “pen portrait” descriptions. These
are a helpful to guide to end users in the operationalisation of the
classification for applications looking at issues related to digital dif-
ferentiation.

The different stages in the methodology implemented to create the
classification are summarized in Fig. 1.

Although we evaluate the classification performance internally in
Section 3 through examining a variety of cluster fit statistics; it is also
good practice to provide an external evaluation (see Section 4). Here we
present an example policy application; exploring how digital differ-
entiation might be planned for in the implementation of the next UK
Census that is due in 2021. In preparation, the Office for National
Statistics (ONS) has been conducting various Census tests within
England and Wales that are aimed at optimising their delivery metho-
dology. A major change from the previous Census delivered in 2011 is
that in 2021 this will predominantly be delivered online. Data from one
of these tests are examined by the created classification to explore how

.
0.50
Relative Importance

Fig. 3. Independent variable importance (1.0 being the most influential) for the final model predicting “Buy Groceries Online: Yes”, top 20 variables.
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Fig. 4. Clustergram showing potential k values for the initial partitioning of the input data.

this might impact response rates and frame potential mitigation stra-
tegies. We conclude in Section 5 by drawing conclusions from this
work, and discuss some areas that we would like to explore in future
research.

2. Creating a database of measures describing digital inequality

Digital inequality is the produced outcome of differential consumer
uptake of the Internet, alongside variations in online user behaviour. As
identified in the literature in Section 1, a range of socio-economic and
demographic factors influence the spatial variegation of such patterns
which can be enhanced or constrained by available infrastructure. This
section presents work that captured measures for small-area geography
describing the multiplex of ways in which the areas or inhabiting local
populations are digitally differentiated.

Data sourced for this study included a number extracts supplied by
the ESRC Consumer Data Research Centre (CDRC),! which is a national
provider of consumer data within the UK, and included: two sets of
major Internet retailer transactional data pertaining to online shopping
at the customer level (see Section 2.1); alongside the British Population
Survey (BPS),” which is a commercial survey that provides individual-
level behavioural characteristics regarding various aspects of Internet
use (See Section 2.3). These data were supplied by the CDRC and ac-
cessed through their secure data lab. Other characteristics, such as
broadband speed were supplied by Ofcom (see Section 2.2) as open
data, and were publicly available.®

Measures were required for the extent of Great Britain (GB) and at
the small area level. For England and Wales, the Census geography of
Lower Super Output Area (LSOA) was selected (34,753 zones),

! The CDRC provide access to a range of consumer data for research appli-
cations in the public good - the catalogue of data holdings alongside metadata
are available here - http://data.cdrc.ac.uk/

2 http://www.thebps.co.uk

3 https://www.ofcom.org.uk/research-and-data/data/opendata

alongside their equivalent of Data Zones (DZ) in Scotland (6976 zones).
LSOAs are designed to have a population between 1000 and 3000 and
DZs between 500 and 1000; with their combined geography giving
coverage of the full extent of GB (41,729 zones). These geographic units
offered a good balance between a granularity that provided useful local
differentiation yet were aggregate enough that estimates could be cal-
culated robustly.

In the remainder of this section, we describe the compilation of
inputs to the geodemographic classification. Table 1 presents a sum-
mary of measures, which are ordered across a range of dimensions and
three domains of Context, Access and Behaviour. The domain of
“Context” refers to rates of durables or aspects of infrastructure that are
known to enhance or constrain access. The “Access” domain considers
the longevity, frequency and predominant method used to access the
Internet. “Behaviour” considers those rates of different types of activity
that are being conducted online. The specificity of the measures se-
lected were shown to be either an important influence or outcome of
digital inequality in the literature (see Section 1), have demonstrated
utility in previous work (Dolega, Reynolds, Singleton, & Pavlis, 2019;
Singleton, Dolega, Riddlesden, & Longley, 2016), or could be estimated
effectively from the available data. Unlike many traditional geodemo-
graphic classifications, we did not include aspects of demography or
socio-economic status directly as inputs. As we will discuss in Section
2.3, these were instead utilised as donor variables within the small-area
estimation framework.

2.1. Direct measures of online consumption

Data from two major national digital retailers were supplied by the
CDRC and provided insight into the online provision of goods. The first
retailer specialised in white goods and home appliances, and comprised
~5 million consumer records covering sales during the period January
2013 to February 2016; providing transactional information about
online orders of white goods at the product level, including attributes
related to product category, value and order location. The second data
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Fig. 5. Cluster fit scores presented for the GB national extent by LSOA/DZ.
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IUC Cluster

Fig. 6. Variability in cluster fit scores within the created classification.

provider was an online retailer specializing mainly in credit purchases
of clothing, electronics, furniture, homeware and jewellery. These data
pertained to ~1.6 m consumers making purchases within the period of
January-December 2015. Full metadata for this provider are publicly
redacted by the CDRC, but for the supplier of white goods and home
appliances, these can be found here: https://data.cdrc.ac.uk/dataset/
appliances-online-consumer-delivery-and-product-level-data.
Evaluation of these data gave assurance that these were both of a size
and geographic distribution effective for the application. From these
data, two measures of online shopping activity were constructed, each
calculated as the total number of transactions per LSOA/DZ, normalised
by the total population of that LSOA/DZ. A very small number of LSOA/
DZ (0.071%) had no transactions recorded, and were given a value of 0.
Other transactional measures, such as the average transaction value,
were highly correlated (> 0.99) and were not used in the analysis.

2.2. Direct measures of servicing fixed infrastructure

Ofcom is the UK's communications regulator and, as supplement to
their statutory duties, they also provide a range of open data including
information about fixed broadband characteristics, mobile and Wi-Fi
coverage. Fixed broadband data for 2016 were used here, which pro-
vided attributes on broadband type and speed at the postcode level. The
average median download speed per postcode was calculated for each
LSOA. Mobile data were unfortunately only provided at the Local au-
thority level and thus were unusable, whereas the Wi-Fi dataset, al-
though offered at the postcode level, is experimental and was deemed
to lack accuracy.

2.3. Small area estimation of Internet user behaviour using supervised
machine learning

The British Population Survey (BPS) is a commercial survey with a
monthly historical time series that dates back to January 2008. The BPS
provides a representative sample of responses to a variety of questions
concerning the socio-economic, demographic and consumer char-
acteristics (including consumer durable purchasing and online beha-
viour) of the British population. These data are collected through face-
to-face surveys with over 80,000 individuals per year, and utilises a
geodemographically stratified sample with additional target group
boosting. Out of the total 641,323 interviews, only those from the years
2011 to 2015 were used, amounting to 389,074 observations. In order
to maximise complete cases, a small number (< 0.85%) of missing
values (e.g. “Refused”, “Don't know” were imputed at the individual
level using a hot-deck k Nearest Neighbours (kNN) imputation tech-
nique (Kowarik & Templ, 2016). kNN replaced a missing value on a
specific record with a value obtained from a set of k most similar cases
in the dataset; in this instance, the median value out of 15 most similar
cases. One advantage of the kNN technique is the ability to handle a
variety of data, and it is particularly useful for dealing with surveys
where values are not missing at random. However, one disadvantage of
kNN was the large computational power that it required.

The BPS has over 30 variables regarding Internet use and engagement
(as well as several other attributes related to durables, such as owning a
desktop PC, laptop, or a gaming device) that appear to be asked con-
sistently throughout the years that the survey has been run. Those input
attributes selected from the survey described some aspect of online be-
haviour. However, we aimed to limit variables that had high correla-
tions, which can negatively impact a geodemographic classification
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Greater London Region

Internet User Classification

! e-Cultural Creators
e-Professionals
e-Veterans
Youthful Urban Fringe
e-Rational Utilitarians
e-Mainstream
Passive and Uncommitted Users
Digital Seniors
Settled Offline Communities
e-Withdrawn

Fig. 7. A Map of the IUC for Great Britain.

(Spielman & Singleton, 2015). A secondary consideration was the extent
of spatial information gained from a specific variable. For instance, “Do
you engage in online gaming for money?” might offer some valuable
information in the construction of a behavioural profile, but the geo-
graphic coverage of response was limited and, as such, offered limited
differentiation between areas. All questions were either binary (e.g. “Do
you buy groceries online?”) or converted to binary (e.g. “Which method
do you use to access the Internet?”). For other (ranked) questions, we
merged responses to create larger aggregate groups based on response
rates. For instance, in the case of the question “Which of these fre-
quencies best describes your Internet use?”, the values of “Around once a
week”, “2 or 3 times a month”, “Around once a month” and “Less than

around once a month” were recoded into “Once a week or less”.
Because the aim was to gather a set of measures with coverage for
all areas within GB rather than just a sample, simply pooling national
survey data alone would not meet this objective. Out of the 42,729
LSOA/DZ within GB, about half of these contained no information; and
several thousands more only contained a few responders. However, the
volume of response was high enough that it was possible to produce
estimated of rates of response for each small area using a methodolo-
gical framework collectively known as Small Area Estimation (SAE).
SAE techniques are diverse and well summarized elsewhere (Ghosh &
Rao, 1994; Rahman, Harding, Tanton, & Liu, 2010; Rao, 2017), but
these methods usually fall within two families of approach: spatial
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Fig. 8. Profiles of

microsimulation and statistical or regression-based approaches. Spatial
microsimulation approaches have the advantage of deriving synthetic
microdata for each small area and not just point estimates (Lovelace &
Dumont, 2016). However, they usually do not produce any measure of
uncertainty regarding the estimation (Whitworth, Carter, Ballas, &
Moon, 2017). Statistical or regression-based approaches to small-area
estimation are trained on those areas where survey data are available.
The resulting models are then applied to all small areas using a set of
explanatory variables. These models do not offer distributional in-
formation and are more prone to (reverse) ecological fallacies, but have
the advantage of being easier to model and to produce error estimates
for the attributes under investigation.

However, in this instance we replace traditional statistical modelling
with an alternative machine learning approach, namely a Gradient
Boosting Regression Tree (GBRT) . GBRT is primarily a prediction model in
the form of an ensemble of regression trees, where trees are employed as
weak learners sequentially (i.e. every predictor “learns” from the previous
one). GBRT models boast increased accuracy and flexibility; accounting for
complex and non-linear relationships between variables (Ye, Chow, Chen,
& Zheng, 2009). Given the recency of such methods, there are still rela-
tively few studies on the integration of machine learning within SAE
methodologies (Anderson, Guikema, Zaitchik, & Pan, 2014; Kontokosta,
Hong, Johnson, & Starobin, 2018; Kriegler & Berk, 2010).

“e-Cultural Creators”.

Before implementing SAE, it was necessary to adjust every LSOA/DZ
BPS sample value to match target marginal distributions taken from the
UK 2011 Census within GB. Features derived from the 2011 Census data
were selected to be consistent with responses to socio-economic ques-
tions recorded within the BPS and included Age, Marital Status, Car
Ownership, Number of Persons in Household, Children in Household,
Qualification, Social Grade, Working Status, Household Tenure and
Ethnicity. However, BPS categories were in some cases more or less
detailed, and so required some recoding to follow those categories of-
fered by the UK 2011 Census and vice-versa (Table 2).

The raw BPS survey data were reshaped so that categorical re-
sponses were converted to binary, and then aggregated into their as-
sociated LSOA/DZs. Since the survey sample's population character-
istics did not necessarily correspond to the population characteristics of
their associated zone, an Iterative Proportional Fitting Procedure (IPFP)
was implemented to adjust the values. IPFP is an iterative procedure
commonly used with the SAE microsimulation framework in order to
reweight a micro-data file for each small area in accordance to a set of
small area benchmarks derived from another source (Lomax & Norman,
2016). For most applications, several n benchmark characteristics are
considered, and IPFP is applied to fill in cell values of a contingency
table of n dimensions with known marginals. In this case, the IPFP was
applied in order to obtain weights that “fit” the survey marginal
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Fig. 9. Profiles of “e-professionals”.

distributions to the UK 2011 Census marginal distributions within GB.
Benchmark characteristics included Age Structure, Employment and
Highest Qualifications categories as described in Table 2, which cor-
responded to a 7x9x3 contingency table. Adjusted LSOA/DZ ratios were
then computed for each variable of interest, and provided base data that
could be used to train supervised learning models that aimed to esti-
mate rates of response for all areas.

2.3.1. Predicting missing values with supervised machine learning

Once the LSOA/DZ BPS survey sample data were adjusted by those
weights created in the previous section, these data were then used to
train a series of predictive models that produced feature estimates for
areas with unknown values. All input data described ratios (with values
from 0 to 1) for every binary value regarding an attribute of online
behaviour. For this application, model training was carried out using
the stochastic GBRT implementation “XGBoost” within the R pro-
gramming language (Chen & Guestrin, 2016). The stochastic framework
assumes that trees are trained on a randomly selected subset of the
training data and thus are less prone to over-fitting. In order to make
the estimations as robust as possible, only LSOA/DZs with 30 or more
observations were used in the analysis, which amounted to 3222 LSOA/
DZs. Models were trained using a tree booster for a maximum of 8000
rounds (i.e., the maximum number of trees) assigning a regression as

the learning task and Root Mean Square Error (RMSE) as the evaluation
metric. Since model overfitting (bias) is a known issue within gradient
boosting models, the dataset was split randomly into a training and test
dataset, using an 80% to 20% ratio as internal validation. One of the
features of XGBoost is the capacity to follow the progress of the learning
after each round and stop when necessary, as having too many rounds
can lead to overfitting; the test dataset is utilised in this regard. Based
on exploration, specific tuning of hyper-parameters for each model
were used. In general, fine-tuning was performed with the learning rate
(eta) ranging between 0.0005 and 0.001, the maximum depth of the
tree subject between 6 and 11, and the minimum number of observa-
tions per terminal node (minimum child weight) ranged between 1 and
2. Observations were also weighted individually by log(N), where N
was the number of observations within each LSOA/DZ (sample size). In
this scenario LSOA/DZs that were more heavily sampled were given
more weight in the prediction model. All models were also run with a
subsample per tree subject of 0.8 and a column sample of 0.4 (i.e. only a
random 80% of observations and 40% of variables are used in the
construction of every tree, to reduce bias).

To illustrate results, a plot of predicted versus observed values re-
porting the ratio of response of people within LSOA/DZ who were
identified within the BPS as using “Social Networks” (Fig. 2). Final R?
values differed depending on the model, and ranged between 0.72 and
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0.89, while RMSE values ranged from 0.181 to 0.043, with feature “PC
at Home” scoring the highest and “Cable Broadband by TV Provider”
scoring the lowest. Instead of the coefficients associated with tradi-
tional regression, gradient boosting features relative importance; the
more a variable is used to make key decisions in predicting behaviour,
the higher its relative importance. Fig. 3 shows the relative importance
of the question “Buy Groceries Online: Yes”, scaled as such that the
most important attribute equals 1. In this case, the variable that pro-
vides the most information on whether an individual buys groceries
online is the Retired variable. Such outputs were evaluated during the
parameter tuning process in order to identify potential model perfor-
mance issues.

3. Using unsupervised machine learning to map digital
differentiation

The outcome of the analysis presented in Section 2 was a set of
small-area measures that described many of those different ways in
which digital differentiation is manifest. Maps of these attributes might
derive insight, but consolidating information from so many different
variables and their geographic representationwould challenge human
interpretability. Geodemographic classification is a computational
technique that was introduced in the 1970s in both the US and UK with
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g. 10. Profiles of “e-Veterans”.

the explicit aim of rendering saliency from diverse sets of small-area
measures (Singleton & Spielman, 2014). This technique draws lineage
most directly from Social Area Analysis which was a quantitative
method applied to urban areas in the 1950-60s (Timms, 1971); and also
arguably, to much earlier qualitative work including Booth's poverty
maps of London (Webber & Burrows, 2018). Although some geode-
mographic classification might be described as “black-box” (Singleton
& Longley, 2009), and there are well founded critiques surrounding
aspects of surveillance and the ascription of labels to populations
(Dalton & Thatcher, 2015), there has also been much work to create
more transparent classifications that are open to scrutiny (Gale,
Singleton, Bates, & Longley, 2016; Singleton & Longley, 2019; Vickers &
Rees, 2007). Geodemographic classification remain a widely applied
technique in both the public and private sectors (Longley, 2005); with
recent notable applications in health (Moon, Twigg, Jones, Aitken, &
Taylor, 2019; Wami et al., 2019), education (Xiang, Stillwell, Burns,
Heppenstall, & Norman, 2018) and the built environment (Alexiou,
Singleton, & Longley, 2016).

The process of creating a Geodemographic classification tends to
follow a reasonably standard process of applying a clustering technique
(typically k-means or wards clustering) to group small areas based on
feature similarity. For this application, inputs included all measures
created in Section 2 and the values were standardised using z-scores
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Fig. 11. Profiles of “Youthful Urban Fringe”.

prior to clustering, with no normalization applied given that the dis-
tributions were already very close to normality.

The geodemographic was created as an initial set of larger clusters
and were then considered in terms of whether further splits would
provide additional meaningful groups. An exploration of the initial
value of k (cluster frequency) was carried out using a Clustergram
(Schonlau, 2002) which plots a series of potential k values alongside the
weighted mean of their first principal component (Fig. 4). This visual
method shows where clusters are well separated across the y axis and
might represent a sensible number of clusters given the data input.
While K = 5 and K = 7 both seemed plausible, K = 7 yielded a more
reasonable result in terms of the nature of the cluster centres and the
spatial patterns of cluster membership when mapped. This process was
repeated for each of the data partitions identified by the initial clus-
tering; three of the clusters were divided into two distinct groups, while
the other four clusters remained, creating a total of ten clusters.

To better understand the robustness of the created cluster assign-
ments, a set of statistics were calculated to contextualise the fit for each
area. The input variables associated with every LSOA/DZ were com-
pared with their assigned cluster mean values; and the squared differ-
ence of these scores returned. A higher score indicated an area with
worse fit, as the area input values are positioned further from the
cluster mean. These scores were mapped to examine if the error had
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systematic geographic bias; and were also plotted by cluster, to high-
light potential reliability issues between the clusters. The results from
these analysis are presented in Figs. 5 and 6. There is no particular
systematic geographic bias to the error, with values reasonably random
across both urban and rural areas. One exception is that the error is
marginally higher within inner London (see Fig. 5 inset map), and in
particular those areas lying north and along the River Thames . For a
national geodemographic classification this is not unexpected given
London's unique geography relative to other parts of GB; and a reason
why bespoke geodemographic classifications have been created for this
particular geographic extent (Singleton & Longley, 2015, 2019). Be-
tween cluster error was also reasonably evenly distributed (Fig. 6) with
marginally higher error in cluster 8.

3.1. A National map of digital differentiation

To give saliency to the emergent clusters, these were provided with
labels, written “pen portraits” and graphics. Such contextual details are
essential to maximise the utility of a classification and aim to give an
end user a clear indication of the main features of each cluster. As such,
the cluster centres for each of the input variables were plotted to il-
lustrate those attributes that were over or underrepresented within each
cluster. These were considered alongside general socio-economic
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Fig. 12. Profiles of “e-Rational Utilitarians”.

characteristics and maps and then used to assign labels and descriptions
to each cluster, which are described in the remainder of this section but
mapped for the national extent in Fig. 7. The clusters are presented
broadly in the order of their relative rates of Internet engagement (high-
low) and, going forward, we refer to the created typology as the In-
ternet User Classification (IUC).

3.1.1. e-Cultural Creators

This Group was labelled as “e-Cultural Creators” on the basis of
those attributes highlighted in Fig. 8. This Group has high levels of
Internet engagement, particularly regarding social networks, commu-
nication, streaming and gaming, but relatively low levels of online
shopping, besides groceries. They are new but very active users, with a
very high proportion of the constituent population engaging on a daily
basis. Their online behaviour can be explained by a demographic base
that suggests a transitionary nature; the age structure of the Group is
young, typically aged between 18 and 24, and with a strong presence of
multicultural and student populations. They have a well-above average
ownership of laptop devices, and an above average Internet access via
mobile and in public places. Geographically, this Group is mainly lo-
cated close to city centers or within the proximity of Higher Education
Institutes, where infrastructure accessibility such as cable broadband is
sufficient.
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3.1.2. e-Professionals

The e-Professionals Group (Fig. 9) have high levels of Internet en-
gagement, and comprise fairly young populations of urban profes-
sionals, typically aged between 25 and 34. They are experienced users
and engage daily with the Internet and in a variety of settings. While
communication and entertainment activities are very common, they
tend to favour entertainment such as gaming more than social net-
works. They also carry out a significant portion of shopping activities
online, particularly for non-groceries, and they use a variety of devices
and methods to access the Internet. This Group is ethnically diverse,
with a very strong representation of white, non-British populations.
They are well-qualified and have very high availability of Internet at
work. This Group tends to be found in residential areas abutting city
centres or within affluent suburbs.

3.1.3. e-Veterans

The e-Veterans Group (Fig. 10) has a profile distribution that re-
presents affluent families, is usually located within low-density suburbs,
with populations of mainly middle-aged and highly qualified profes-
sionals. They are more likely to be frequent and experienced users of
the Internet, having the second highest levels of Internet access at work
after e-Professionals users. They engage with the Internet using multiple
devices and in a variety of ways. They are populations of fairly mature
users and, as such, they have higher levels of engagement for
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Fig. 13. Profiles of “e-Mainstream”.

information seeking, online services and shopping, but relatively less so
for communication and entertainment, particularly social networks or
gaming.

3.1.4. Youthful Urban Fringe

This Group often resides at the edge of city centres, are young and
are drawn from ethnic minorities. The populations typically include a
mixture of students and other young urbanites living in informal
households, often at the edges of materially deprived communities.
Access through desktop devices is particularly low (Fig. 11), suggesting
a young and mobile profile of individuals. Access to broadband is
average, possibly due to other modes of access taking priority, such as
Internet usage in public places. The levels of Internet engagement are
fairly average, with high levels of social media use but low patronage of
online retailing.

3.1.5. e-ational utilitarians

This Group mainly consists of rural and semi-rural areas at the city
fringe. High demand for Internet services by members of this Group is
often constrained by poor infrastructure (Fig. 12). Users undertake
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online shopping, particularly for groceries, perhaps because of the
limited offer from “bricks and mortar” retailers. Users tend to be late
middle-aged or elderly, and as might be expected, include a high per-
centage of retired home owners. The preferred method of engagement
with the Internet is through personal computers located at home, with
low levels of mobile access. In addition to shopping, users search for
information or access online banking rather than engage with social
networks or gaming: the Internet is used as a utility rather than a
conduit for entertainment.

3.1.6. e-Mainstream

This Group exhibits average Internet user characteristics (Fig. 13)
and comprises populations drawn from a wide range of social echelons
as defined using conventional socioeconomic data, and mostly re-
present heterogeneous neighbourhoods. Geographically, the Group is
usually located at the periphery of urban areas.

3.1.7. Passive and Uncommitted Users
Fig. 14 shows that within this Group many individuals have limited
or no interaction with the Internet. They tend to reside outside city
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centres and close to the suburbs or semi-rural areas. Members of this
Group have few distinctive characteristics in conventional socio-
economic terms, albeit higher levels of employment in semi-skilled and
blue-collar occupations. Individuals are rarely online, and most com-
monly report use once a week or less. Access to broadband is well below
average, and for those online, there is mild preference for access via
smartphones. The Internet is typically used for social networks, gaming
and some limited online shopping.

3.1.8. Digital Seniors

Members of this Group are ageing and predominantly White British,
retired and relatively affluent. They make average use of the Internet
(Fig. 15), typically using a personal computer at home. Despite being
infrequent users, they are adept enough to use the Internet for in-
formation seeking, financial services and online shopping, but less so
for social networks, streaming or gaming. Members of this Group ty-
pically reside in semi-rural or coastal regions, where infrastructure
provision is often limited.

3.1.9. Settled Offline Communities
Most members of this Group are elderly, White British and retired,
and tend to reside in semi-rural areas. They undertake only limited
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g. 14. Profiles of “Passive and Uncommitted Users”.

engagement with the Internet (Fig. 16), they may only have rare access
or, indeed, no access to it at all. Any online behaviour tends to be
through home computers rather than mobile devices, and is focused
upon information seeking and limited online shopping (particularly for
more bulky items such as white goods) rather than social networking,
gaming or media streaming.

3.1.10. e-Withdrawn

This Group is mainly characterised by individuals who are the least
engaged with the Internet (Fig. 17). Their geography is expressed by
areas that are associated with those more deprived neighbourhoods of
urban regions. The socio-economic profile of the population is char-
acterised by less affluent white British individuals or areas of high
ethnic diversity; and it has the highest rate of unemployment and social
housing among all other Groups. The e-Withdrawn Group appears to
have the highest ratio of people that don't have access, or have access
but never engage with the Internet. It also expresses the lowest rates of
engagement in terms of information seeking and financial services, as
well as the lowest rate in terms of online access via a mobile device.
Rates of online shopping are also particularly low, with the exception of
Clothing on Credit, suggesting an opportunistic dimension to Internet
usage. This is further reinforced by the higher than average access to
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Fig. 15. Profiles

Cable broadband by TV Provider, which may suggest that some in-
dividuals have opted into broadband mainly for the TV-associated
benefits. It is possible that many people within this Group have opted
out of online engagement, either because it is considered unnecessary
or because of economic reasons.

4. External evaluation: digital differentiation and 2021 UK census
online response rates

A useful method of providing external validation to a new geode-
mographic classification is to examine its utility within the context of a
focused case study. In this illustrative example, we explore how those
insights into the geography of digital differentiation presented by the
IUC might be applied to a real-world case study exploring potential
patterns of response to a national Census. Within the UK, the ONS have
been conducting tests to refine their delivery methodology that will be
implementing for the 2021 UK Census; which will be conducted pre-
dominantly online for the first time. Digital differentiation is therefore
an obvious policy concern within this context, as a lack of response
from those who are less engaged could have a significant impact upon
the quality of those estimates that are produced.

In 2017, an extensive Census test was conducted, involving a total of
208,000 households across England and Wales. This comprised a series
of components, with invitations being sent to 100,000 households lo-
cated within seven local authority areas which are shown in Fig. 18,
alongside a further 108,000 randomly selected households across the
rest of England and Wales. Full details of the sampling strategy can be

of “Digital Seniors”.
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found within the ONS documentation,” alongside LSOA level ag-
gregated data pertaining to the response rates within these locations,
and splits between the proportion of people completing online and
offline versions of the Census form. There were numerous objectives of
the test, but one relevant to this study/research was to develop insight
into rates of online take-up, and those characteristics of areas and re-
spondents who will or can only respond on paper.

We first mapped the IUC within the survey location areas (Fig. 18),
which illustrated a variable Internet user geography. These areas also
represented a variety of different urban-rural settings, with Powys,
South Somerset and West Dorset being large and predominant rural
areas, Barnsley and Sheffield being more mixed, and Southwark being
densely populated and within Central London.

If effective, the IUC should differentiate between areas where online
response rates are likely to be lower (i.e. lower Internet engagement). After
appending response rates to the IUC, the relationship broadly follows what
might be expected; with the more Internet engaged groups (left side of the
chart in Fig. 19) showing higher rates of online survey completion.

Further insights are revealed when we examine the overall rates of
completion (online and paper).>(Fig. 20). The lowest rates of response

4 https://www.ons.gov.uk/census/censustransformationprogramme/
2017censustest/2017censustestreport

> The ONS derive response rate as a percentage of valid Census Test house-
hold returns made, divided by the valid household sample for each LSOA; A
valid household return is one where there is enough information submitted to
denote at least one person is normally resident at the address.


https://www.ons.gov.uk/census/censustransformationprogramme/2017censustest/2017censustestreport
https://www.ons.gov.uk/census/censustransformationprogramme/2017censustest/2017censustestreport
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Fig. 16. Profiles of “Settled Offline Communities”.

fall within the “e-Cultural Creators” group and also the “Youthful Urban
Fringe”; which although were both likely to complete surveys online,
were less likely to respond in general. In both these clusters, there is a
greater prevalence for residents aged 18-24 and areas being of higher
ethnic diversity. For those living within areas identified by the former
Group, there is a very high propensity for residents to be studying full
time; whereas in “Youthful Urban Fringe” these areas have lower em-
ployment, but also correspondingly lower qualifications. Such insights
might be used prospectively to develop appropriate strategies to im-
prove response rates from people living within areas identified by these
groups.

More generally, the approach adopted here of building a multi-
dimensional classification, rather than ranking areas by monotopical
factors (e.g. access or use of the Internet) is emphasised; in that richer
and discursive profiles can be generated that guide further insights,
explorations or response. For example, given that the “e-Cultural
Creators” and “Youthful Urban Fringe” Groups both have higher
Internet engagement, they may be more responsive to online strategies
that improve completion rates; although given their different economic
circumstances, such messaging may warrant further differentiation. We
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also see one of the communities who are least engaged online “Settled
Offline Communities” producing one of the higher rates of overall re-
sponse. Such differences indicate areas where online completion would
generate worse returns over paper-based forms, and it is apparent that
the IUC might provide a useful tool through which such necessary
differentiation could be understood.

5. Discussion and conclusion

The objective of this paper was to map those ways in which digital
inequality is differentiated between small areas across GB. There are a
range of consequences of digital inequalities for both individuals and
households; including, but not limited to, access to goods and service,
civic engagement / participation, and development of skills, alongside
social and economic mobility. For the public sector, where services are
increasingly delivered online, such differences can result in variable
take-up of opportunities and negative social impact. Many services of-
fered by Local Councils are predominantly carried out online, and on-
line services offered by the UK National Health Service (NHS) are be-
coming increasingly important for the everyday life of individuals
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(Honeyman, Dunn, & McKenna, 2016). The practicalities associated
with the Internet may contribute to the tendency for some groups of
people and areas to “lag behind”, leading to new forms of not only
digital but also social exclusion.

Following previous work developing compound and multi-
dimensional indicators of digital inequality (Barzilai-Nahon, 2006; Borg
& Smith, 2018; Vehovar et al., 2006), our approach takes a similarly
holistic view through the development of a new national geodemo-
graphic classification that benefits from the integration of a range of
topical consumer data supplied by the ESRC Consumer Data Research
Centre, alongside demographic measures and other open data. We ex-
tract a range of measures from these data that were guided by the lit-
erature, and described the geography of access to the Internet, how this
use is differentiated through various types of online activities, and how
the local context of access vary spatially. Survey data were utilised
extensively in the creation of behavioural measures around Internet use
and required the application of small area estimation to derive local
response estimates. A methodological contribution of this work beyond
the substantive findings was in supplement of a standard inferential
model within a small-area estimation framework for gradient boosting,
which is a supervised machine learning algorithm. Through this
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integration, we were able to produce a series of estimates for LSOA/DZs
concerning Internet user behaviours from a nationally representative
survey. The assembly of behavioural and contextual measures de-
scribing those different ways in which digital inequality manifests were
integrated within a geodemographic framework to create a composite
but multidimensional categorical indicator. This typology was com-
posed of ten distinctive groups representing salient patterns of digital
differentiation that were mapped at the LSOA/DZ spatial scale for the
extent of GB.

Internal and external evaluation revealed the robustness and utility
of the Internet User Classification . Through consideration of the ONS
2017 Census test results we provided a set of profiles that considered
both the geodemographics of survey completion online, but also overall
response rate. Through such profiling the advantages of having a
multidimensional indicator were highlighted as, by consideration of the
similarities and differences between clusters, hypothesis could be gen-
erated that may warrant further investigation, or could be used in a
practical sense to help formulate differentiated methodological inter-
ventions.
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