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1. OVERVIEW

Oxford Economics designed a research programme to explore how Al technologies can be expected
to influence and shape the consumer landscape. Although the ultimate objective was to draw out
forward looking perspectives through analysis of how digital technology has shaped consumer
preferences and habits historically.

We analysed historical consumer trends data and used this to develop a digital intensity index. This
analysis was conducted using YouGov data for UK consumers, which enabled an understanding of
how technology has influenced consumer journeys and product selection. The development of a
digital intensity index for UK consumers allowed the definition of digital accelerators and anchors and
the identification of the demographic characteristics of each group. The highest index scores indicated
consumers that used technology frequently and had relatively more positive attitudes to technology;
these consumers were defined as digital accelerators. Digital anchors made limited use of technology
and had relatively less positive attitudes about it, thereby achieving the lowest index scores. The
remaining consumers achieved scores in the middle of the distribution and were defined as digital
agnostics. This workstream is covered in chapter 2.

This was followed up by a new survey of UK, US, Australian and German consumers to explore their
attitudes towards using Al technologies when learning about, purchasing, and using products or
services. The survey allowed us to develop contemporaneous insights for a wider pool of countries
and to test the hypothesis that attitudes to Al mirror patterns apparent in previous waves of digital
technology. For example, we tested whether consumer cohorts that were more likely to be digital
accelerators demonstrated positive attitudes towards using Al technologies. This workstream is
covered in chapter 3.

In the final workstream, we bult consumer spending forecasts out to 2030 for digital accelerators,
digital anchors, and digital agnostics. We modelled the purchasing and spending power of these
groups accounting for their demographic characteristics and income potential over time. This
workstream is covered in chapter 4.
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2. EXPLORING CONSUMER TRENDS
AND DEVELOPING A DIGITAL
INTENSITY INDEX

Our analysis leveraged proprietary data to examine the evolution of consumer trends since 2019 and
to create a digital technology index for different consumer profiles.

We worked with YouGov's Profiles database for the UK to develop two indices: the digital trends
index and the digital intensity index. The digital trends index was designed to evaluate changes in
digital behaviours over time, offering insights into evolving consumer trends. The digital intensity
index, on the other hand, was designed to assess the differences across demographic and
socioeconomic groups, identifying cohorts that are more digitally engaged, referred to as "digital
accelerators" and those with lower levels of digital engagement, referred to as "digital anchors”.

2.1 SUMMARY OF THE APPROACH

YouGov Profiles’ is a consumer data platform that provides access to over 2 million data variables
sourced from a global panel of more than 27 million members. This platform gathers and refreshes
data on a weekly basis, covering key areas such as demographics, psychographics, attitudes, and
behaviours, offering access to the latest consumer insights.

From this database, we identified a set of questions that distinguish a consumer’s attitudes and
adoption of digital technologies. These questions were grouped into three main pillars that were
analysed separately: device and app usage, online shopping behaviour, and attitudes toward
technology and the internet. Subsequently, the responses to the key questions were averaged to form
a digital trends and digital intensity index.

To assess digital trends and digital intensity, two versions of the index were developed using the same
set of key questions. The digital trends index tracks changes in digital behaviours over time. It is
constructed using data published through an online tool of YouGov, which includes a historical time
series reflecting the national average, as well as averages broken down by specific socioeconomic and
demographic characteristics.

The digital intensity index evaluates differences in digital engagement across demographic and
socioeconomic groups. It is constructed using respondent-level data obtained from the YouGov
database, covering the period from Q4 2023 to Q3 2024. Econometric analysis was used to identify
key differences in digital intensity index scores based on demographic characteristics, while
controlling for other factors.

" YouGov, “YouGov Profiles”, accessed December 2024


https://business.yougov.com/product/profiles
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Respondents that achieved the top and bottom 25% of digital intensity scores were categorized as
digital accelerators and digital anchors, respectively. Digital accelerators are those who are highly
digitally engaged, while digital anchors are the least digitally engaged.

Furthermore, using the same modelling approach applied to digital accelerators and anchors, we
assessed the attitudes of individuals who identified as early adopters of technology. Respondents who
answered "yes" to questions like "I'm always keen to use new technology products as soon as they
enter the market" were examined to understand the characteristics of these early adopters. We
modelled the probability of being an early adopter and identified the key demographic factors that
define these individuals.

2.2 DATA SUMMARY

Data was obtained from YouGov's Profiles database for the UK. This database summarises information
collected from consumers in YouGov's nationally representative panel, which is available on a
quarterly basis.

In addition, the database includes socioeconomic and demographic characteristics that allow for the
analysis of the variation within each group. The socioeconomic and demographic characteristics
analysed include age, income, education qualification, gender, location, and family. The final selection
of characteristics was based on those that were found to indicate significantly different digital index
scores or early adopters. The age groups 55-64 and 65+ were only available in the latest quarters,
while 55+ was available for the whole period assessed.
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Fig. 1. Demographic and socioeconomic characteristics

T T S

18-24
25-34
35-44
45-54
55-64
65+
Male

Age

Gender
Female

under £14,999
£15,000 to £29,999
£30,000 to £44,999
£45,000 to £69,999
£70,000 to £99,999
£100,000 and over

Income

Younger family (At least one child < 18 years)
Parent? Older family (At least one child > 18 years)
No children (Not a parent/guardian)
No formal qualifications
Education qualification Other (GCSE or equivalent)
University
Urban
Location Town and fringe
Rural
Working full/part time
Employment status Not working

Retired

As the analysis assesses digital trends and digital intensity, two versions of the index have been
developed requiring two distinct datasets:

e Trends data: The trends data is published via an online data tool and includes a historical
time series of the national average and average by single socioeconomic and demographic
characteristic. Only responses dating from 2019 Q1 to 2024 Q3 have been included in our
analysis due to missing data for several questions prior to 2019. In addition, results from
"Daily activities done on your mobile/cell phone” (Fig. 2) and “Purchase journey” (Fig. 3) have
been estimated for the missing quarters using historical trends to fill in the gaps in the data.

2 The labelling for the parent categorisation has been changed in the following tables to simplify the text. The label as published
in the YouGov database can be found in brackets.
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This dataset underpins the digital trends analysis, which explores changes in digital trends
over time.

¢ Individual data: To analyse digital intensity, respondent-level data was obtained from the
YouGov database, covering Q4 2023 to Q3 2024. Each row initially represented an individual,
including responses to relevant survey questions alongside demographic and socioeconomic
characteristics—age, income, gender, education, employment status, parental status, and
location. Due to missing data in some cases, responses were grouped by shared
characteristics, creating a new dataset where each row represents the average survey
responses of similar individuals.

From YouGov's Profiles database, a set of variables was identified that distinguish a consumer’s
attitudes and adoption to develop a digital intensity index. A detailed list of the questions used in the
index is included in the next section.

2.3 QUESTIONS ANALYSED

2.3.1 Questions used to construct the digital trends and digital intensity index

To construct the digital trends and digital intensity indices, made up of three sub-indices, key
questions from the YouGov Profiles database were identified for each sub-index. The three sub-
indices are device and app usage, online shopping behaviour, and attitudes towards technology and
the internet.

The device and app usage sub-index included questions on the usage of digital devices and apps by
consumers in their daily lives including advanced technologies like smart home devices and adoption
of new technologies. The online shopping behaviour sub-index focused on consumer habits related to
e-commerce and purchasing decisions online. The attitudes towards technology and internet sub-
index included questions on consumer’s beliefs and attitudes toward digital technologies, online retail
and the internet in general, which provide deeper understanding of their engagements with digital
ecosystems.

A list of the key questions is provided in Fig. 2, Fig. 3 and Fig. 4, overleaf.
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Fig. 2. Questions included in the device & app usage category

T T S

Daily activities done on
your mobile/cell phone

Smart home appliances
ownership

App used for online
banking on smartphone

Which, if any, of the following activities do
you regularly use your mobile/cell phone
for? By regularly we mean at least once a
day. Please select all that apply.

Thinking about smart home appliances,
which, if any, of the following do you
own/have in your home? Please select all
that apply.

Do you use an app to perform online
banking on your smartphone? And if so,
who has provided this app? By online
banking, we mean accessing your bank
account with your smartphone, checking
your balance or transferring money from
your account (ACH/wire transfer)?

Activities included are: Finance and banking;
Health tracking; Online shopping; Paying bills.

Smart appliances included are: Smart home
security cameras, sensors, or alarms; Smart voice-
controlled speaker; Smart light system; Smart
home thermostat; Smart meter; Smart microwave
oven; Smart fridge/freezer; Smart hob; Smart
vacuum cleaner; Smart scale or other smart
health tracking device; Smart kettle; Smart
washing machine/ tumble dryer; Smart
dishwasher; Other.

“Yes, | use an app provided by my bank to
perform online banking”

“Yes, | use an app to perform online banking, but
not provided by my (main) bank”
“No, | don't use any app for online banking”

“Not applicable - | don't use my smartphone for
online banking”

“Not applicable - | don't have a smartphone”

Fig. 3. Questions included in the online shopping behaviour category

= =S ==

Online shopping by
category?

Purchase Journey

Please indicate whether you tend to make most of

your purchases online (i.e. via the internet) or offline

(i.e. in store, over the phone etc). If you rarely or
never buy this type of product, please choose "Not
applicable".

The products included are: clothes and shoes;
electronic devices; financial products; holiday and
travel; music, videos and books.

Which of these actions, if any, did you do at any
point in your decision process of where or what to
buy? Please select all that apply.

“All online”

“Mostly online”
“Evenly split”
“Mostly offline”
"All offline”

“Browse online to see what is available”

"Order something online and collect it from
store or other physical location, i.e. ‘click and
collect™

“Use an app to purchase in-store; Use an app
to purchase online”

“Browse in stores to see what was available”

3 Not applicable - | do not purchase these types of products and don't know were excluded, so the results only show those who

purchased the product.

8
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Fig. 4. Questions included in the attitudes category.*

T T S

“I think in the future, artificial intelligence will help humans in

Statements agreed with about technology and devices most of their daily tasks.”
“Technology changes my life for the better.”

Statements agreed with about internet activities and

behaviours | find the pace of new technology a bit overwhelming.

Statements agreed with about retail “Online shopping makes my life easier.”

“I'm more likely to engage with adverts that are tailored to

Statements agreed with about advertising me.”

2.3.2 Questions used in the early adopters’ analysis.

From the YouGov database, we have also assessed those who indicated that they were early adopters
of technology by answering the yes to the following questions:

e |I'm actively on the lookout to buy new technology devices and services.
e I'm always keen to use new technology products as soon as they enter the market.

2.4 INDEX CONSTRUCTION

To build the indices, the responses to the key questions outlined above were averaged. When a
question had multiple sub-responses, these sub-responses were first averaged before averaging
across questions. For example, the average proportion for each of the four activities listed in the
question about daily activities on a mobile phone was first calculated. This average was then
combined with the averages from the other two questions in the device & app usage sub-index, which
include smart home appliances ownership and apps used for online banking on smartphones. The
averages were then re-scaled to form the index.

As the analysis assesses the digital trend and intensity, two versions of the index have been
developed:

« Digital trends: For digital trends analysis, national and demographic responses are indexed
to a baseline of Q1 2019, set at 100.

o Digital intensity: Individual survey responses from the past year are then combined into an
index that ranges from 0 to 100.

Each sub-index was given equal weighting to calculate the aggregate index score. The digital trends
index evaluates the change in the index over time, while the digital intensity index assesses the
differences between demographic and socioeconomic characteristics and identifies digital accelerators
and anchors.

4 Those agreeing responded that they “definitely agree” or “tend to agree” with the statement. Other responses available
included: "neither agree nor disagree”; “tend to disagree”; "definitely disagree”.
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2.5 ECONOMETRIC APPROACH

We used econometric modelling to identify demographic and socioeconomic characteristics which
were independently associated with statistically significant differences in average scores of different
cohorts of respondents. Notably, this approach enabled us to assess the impact of various
demographic and socioeconomic characteristics simultaneously, isolating each factor's unique impact
while controlling for others' influence.

For this assessment, we used two types of models:

2.5.1 OLS regression

Ordinary Least Squares (OLS) models, widely used in economics, are used to estimate the relationship
between one or more independent variables and a dependent variable. In our analysis, the dependent
variables are the digital intensity index and the sub-indices while the independent variables are the
demographic and socioeconomic characteristics detailed in Fig. 1.

The primary objective of OLS is to find the linear relationship that best fits the data by minimizing the
sum of squared differences (the residuals) between the observed values and the values predicted by
the model.

We used OLS models to analyse average differences between index scores. These models were
designed to compare each demographic and socioeconomic characteristics cohort against a reference
group, allowing us to measure how the index score varies relative to this reference group while
controlling for the influence of other characteristic cohorts within the model.

Fig. 5 and Fig. 6 display the results for the digital intensity index and sub-indices, respectively for
different demographic characteristics. These show the difference in digital index scores compared to
the reference group, which is reported for each demographic category in parenthesis in the first
column. A higher score indicates that the characteristic has a higher digital index score compared to
the reference group. Where all the scores are negative, the reference group has the highest digital
index score out of these cohorts. The differences between these scores can be compared across
demographic and socioeconomic characteristics for the aggregate index (Fig. 5) as well as across sub-
indices (Fig. 6). Asterisks (*) indicate statistically significant differences compared to the reference
category.

10
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Fig. 5. Econometric results from the digital index score models

“

18-24 -0.2
35-44 -4.6%**
BaseA(g:-M) 45-54 9.0
55-64 -16.2%**
65+ -27.9%**
under £14,999 -9.3%**
£15,000 to £29,999 -4.9%**
Base (£30|":)f;(’)"t‘: £44,999) £45,000t0 £69,593 4.9
£70,000 to £99,999 9.2%**
£100,000 and over 13.9%**
Parent Older family -2.4%*
No children -6.6%**
No formal qualifications -11.4%%*

Education qualification
Base (University) Other (GCSE or equivalent) -4 T***

Location Town and fringe -0.6
Base (Urban) Rural 02

significance level: *** p<0.01, ** p<0.05, * p<0.1

Source: YouGov data analysed by Oxford Economics

11
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Fig. 6. Econometric results from the sub-index score models

Device & Online
App shop

18-24 -1.7 -4.9%** 6.2%**

35-44 -2.0 -1.3 -6.8***
Age _ _ *kk - *k - *kk

Base (25-34) 45-54 4.9 2.8 12.3
55-64 -12.8%** -4.6%** -18.6%**
65+ -24.6%** -11.4%%* -26.0%**
Gender x -
Base (Male) Female 0.3 3.1 10.1

under £14,999 -7.5%** -8.7%** -4 6***

£15,000 to £29,999 -3.4%%* -4.8%** -2.8%*

Income

Base (£30,000 to £45,000 to £69,999 4.4%** 3.6%** 3.0%**
£44,999) £70,000 to £99,999 6.3*** 7.1%** VA R
£100,000 and over 10.3%** 8.4xxx 12.2%**

Parent Older family -3.3%x 0.9 -2.8**

Base (Younger family) No children _Q 8x** 0.7 5 Gxkk
. e e No formal qualifications -4.9%* -8.5%** -11.9%**

Education qualification
Base (University) Other (GCSE or S1.7%* 3 gke W
equivalent)

Location Town and fringe -0.8 1.3 -1.8*
Base (Urban) Rural 15 1.4* 03

significance level: *** p<0.01, ** p<0.05, * p<0.1

Source: YouGov data analysed by Oxford Economics

2.5.2 Probability models

The logit model, also known as the logistic regression model, is a statistical method used to predict a
binary outcome, like yes or no, (which is the form of the responses to the key questions that make up
the digital intensity index) based on one or more independent variables. The independent variables
are the demographic and socioeconomic characteristics detailed in Fig.1.

Logit models were used to analyse how these various characteristics influenced the probability that a
respondent was categorised as a digital accelerators, early adopters, and digital anchors. Outputs from
the model were expressed in terms of odds ratios, and similar to the OLS regression model, the
influence of each characteristic was defined by comparison to a reference group. The results from the
probit models are described in Fig. 7 to Fig. 8.

12
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Fig. 7. Econometrics results (odds ratios) for digital accelerators and anchors.

Odds ratio
Digital Digital anchors
accelerators

18-24
35-44
Age
Base (25-34) 45-54
55-64
65+
S Female
Base (Male)
under £14,999

£15,000 to £29,999

Income

Base (£30,000 to £45,000 to £69,999
£44,999) £70,000 to £99,999
£100,000 and over

Parent Older family
Base (Younger family) No children

No formal qualifications

Base (University) Other (GCSE or equivalent)

Location Town and fringe
Base (Urban) Rural

significance level: *** p<0.01, ** p<0.05, * p<0.1

Source: YouGov data analysed by Oxford Economics

0.3%** 2.8%*x
0.2*** 20.3***
0.1%** 33xH*
0-0*** 303'2***
0.0%** 6473.2%**
0.6*** 3.8***
0.0*** 8.8***
0.3*** 3.9***
17%%* 0.1%**
G5**x 0.1%**
365.1%** 0.0%**
O.’I *k%k 2.1 *kk
0.1%** 7. %
0.7*** 40.7***
0.4*** 6.5%**
0.6*** 1.2***
0.8*** 1.7%%*

13
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Fig. 8. Econometrics results (odds ratios) for early adopters.

Early
adopters

18-24 1.4%**
35-44 0.6%**
Age Hkk
Base (25-34) 45->4 04
55-64 0.3***
65+ 0.1%**
Gender x
Base (Male) Female 0.3
under £14,999 1.4%xx
£15,000 to £29,999 1.1%*
Income
Base (£30,000 to £44,999) £45,0000 £69,593 10
£70,000 to £99,999 1.0
£100,000 and over 1.5%**
Parent Older family 0.7***
Base (Younger family) No children 0.5%**
11 1 *kk
Education qualification No formal qualifications 0.7
Base (University) Other (GCSE or 0.7%**
equivalent)

Location Town and fringe 0.8%**

Base (Urban) Rural 0.8%+*
Employment status Not working 0.7%**
Base (Working full/part time) Retired 0.5%%*

significance level: *** p<0.01, ** p<0.05, * p<0.1

Source: YouGov data analysed by Oxford Economics

These were translated into probabilities® for each socioeconomic characteristic to facilitate
interpretation. The probabilities of being a digital accelerator, digital anchor, or early adopter, by
demographic characteristics can be found below.

> We used the margins command in STATA to calculate the marginal effects (predicted probabilities) for each socioeconomic
characteristic.

14
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Fig. 9. Econometrics results (probabilities) for digital accelerators and anchors.

Probability of
being a digital
accelerator

Probability of being

a digital anchor

18-24 30% 1%

25-34 42% 0%

35-44 28% 5%

45-54 21% 7%

55-64 9% 23%

65+ 3% 57%

Male 27% 21%
Female 24% 28%
under £14,999 1% 37%
£15,000 to £29,999 4% 31%
£30,000 to £44,999 8% 22%
£45,000 to £69,999 32% 10%
£70,000 to £99,999 44% 8%
£100,000 and over 62% 2%
Younger family 35% 19%
Older family 21% 23%
No children 19% 30%
No formal qualifications 25% 39%
quliicaion  caalert A 27
University 28% 16%
Urban 25% 24%

Town and fringe 22% 25%
Rural 24% 27%

significance level: *** p<0.01, ** p<0.05, * p<0.1

Source: YouGov data analysed by Oxford Economics

15
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Fig. 10. Econometrics results (probabilities) for early adopters.

Probability of

being an early
adopter

18-24 27%

25-34 21%

35-44 15%

45-54 10%

55-64 7%

65+ 4%

Male 19%

under £14,999 15%

£15,000 to £29,999 13%

£30,000 to £44,999 12%

£45,000 to £69,999 12%

£70,000 to £99,999 12%

£100,000 and over 17%

Younger family 17%

Older family 14%

No children 10%

No formal qualifications 11%

Education Other (GCSE or

qualification equivalent) 1%
University 15%

Urban 13%

Town and fringe 11%

Rural 11%
Working full/part time 14%
Employment status Not working 10%
Retired 9%

significance level: *** p<0.01, ** p<0.05, * p<0.1

Source: YouGov data analysed by Oxford Economics

16



e . OXFORD .
ECONOMICS The Influence of Al on Consumer Behaviour

3. EXPLORING THE LINK BETWEEN
DIGITAL TECHNOLOGY INTENSITY
AND Al

In this workstream, Oxford Economics and Cognizant designed a survey that was fielded to a
representative sample of adults in the UK, US, Australia, and Germany. The primary purpose of the
survey was to collect data to test the hypothesis that characteristics which we had found to
characterise a digital accelerator (workstream two) were similarly predictive of an individual's attitudes
towards artificial intelligence (Al). We also used the survey to gather data to assess the current state of
preferences for Al-functions across the customer journey.

3.1 QUESTIONNAIRE DESIGN

The survey, conducted online by YouGov on behalf of Oxford Economics, included a total of 8,451
respondents: 2,110 in the UK, 2,312 in the US, 2,023 in Australia, and 2,006 in Germany. The survey was
structured around three stages of the consumer journey: learn, purchase, and use. For each stage of
the journey, consumers were asked if they would be open to using or being influenced by different Al-
enabled technology features, such as chatbots or digital voice assistants, and explored the motivations
behind their responses. In addition, the survey included a section exploring respondents’ willingness
to use these same features in their consumer journey across different sectors including financial
products and services; healthcare; energy and utility; communications; entertainment; retail; travel and
hospitality; and, government.

17
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Fig. 11. Demographic and socioeconomic characteristics

Categor UK sample size US sample size Australia sample size Germany sample size
9ory distribution distribution distribution distribution
234 268 219 184

18-24
25-34 337 460 369 302
Age 35-44 365 348 415 293
45-54 338 292 239 400
55+ 835 944 782 828
Male 1,023 1,125 987 976
Gender
Female 1,087 1,187 1,036 1,030
1 144 285 102 91
2 160 208 45 195
3 209 211 85 239
4 164 200 171 228
5 192 187 202 232
6 166 170 110 174
7 128 125 9% 149
Income & 102 128 115 85
Band® 9 89 150 170 66
10 70 111 143 52
n 78 104 100 117
12 54 66 174 40
13 56 25 93 N/A
14 ) 24 66 N/A
15 N/A 4 33 N/A
16 N/A 12 34 N/A
Don’t know 86 55 61 N/A
No personal income N/A N/A N/A 44
Prefer not to answer 372 245 223 294

To ensure representativeness, the final data was statistically weighted to reflect the national profile of
all adults aged 18+ in each country.

3.2 DIGITAL ACCELERATORS

As noted, our analysis of the consumer profiles data (workstream two) indicated that in the UK,
characteristics which independently predicted the likelihood that an individual was classified as a
digital accelerator according to our index were age (44 and under) and earnings (£45,000 and over).
Although we could straightforwardly match this age category in our survey data for other markets
(Australia, Germany, and the US), earnings categories did not map one-to-one.

6 Country-specific income bands shown in Fig. 12
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We, therefore, needed to form assumptions for what an equivalent earnings threshold should be in
these other markets. In the UK, those with a personal income of £45,000 made up approximately 18%
of our sample. In other markets, we defined those with a similar relative income as follows:

e In the US, high earners have a gross income of over $80,000 (25% of survey sample).

e In Australia, high earners are defined as those who earn more that AUD 84,000 (23% of survey
sample).

e In Germany over €42,000 (22% of the survey sample).

3.3 ANALYSIS OF SURVEY RESPONSES

Using the survey responses, for each age and income cohort, as well as for the overall sample average,
we calculated the weighted proportion of respondents who responded affirmatively to each question,
indicating positive attitudes towards Al.

To test whether digital accelerators’ characteristics were also predictive of respondents’ Al enthusiasm
we conducted a series of comparisons across the two key demographic characteristics identified in the
previous chapter, age and income. Comparisons were made between respondents aged 18-44 and
high earners against the overall average and each other. A higher proportion indicates a greater
willingness to apply Al-led functions in consumer products and services.

Statistical significance tests were conducted to determine whether observed differences in responses
were meaningful.

19



OXFORD

) ECONOMICS

The Influence of Al on Consumer Behaviour

3.4 INCOME BANDS

Fig. 12. Income bands for questionnaire (as in Fig. 11)

Income Band UK income bands US income bands Australia income Germany income
Label bands bands

under £5,000 per year

10

11

12

13

14

15
16

£5,000 to £9,999 per
year
£10,000 to £14,999
per year
£15,000 to £19,999
per year
£20,000 to £24,999
per year
£25,000 to £29,999
per year
£30,000 to £34,999
per year
£35,000 to £39,999
per year
£40,000 to £44,999
per year
£45,000 to £49,999
per year
£50,000 to £59,999
per year
£60,000 to £69,999
per year
£70,000 to £99,999
per year
£100,000 and over

N/A
N/A

Less than $10,000

$10,000 - $19,999
$20,000 - $29,999
$30,000 - $39,999
$40,000 - $49,999
$50,000 - $59,999
$60,000 - $69,999
$70,000 - $79,999
$80,000 - $99,999
$100,000 - $119,999
$120,000 - $149,999
$150,000 - $199,999

$200,000 - $249,999

$250,000 - $349,999
$350,000 - $499,999
$500,000 or more

$750 or below

$751-$1000

$1001-$1500

$1501-$2000

$2001-$2500

$2501-$3000

$3001-$3500

$3501-$4000

$4001-$5000

$5001-$6000

$6001-$7000

$7001-$10000

$10001-$15000

$15001-$30000
$30001-$80000
$80001 and above

Under 500€

500€ to 1,000€

1,000¢€ to 1,500€

1,500¢€ to 2,000€

2,000€ to 2,500€

2,500¢€ to 3,000€

3,000€ to 3,500€

3,500€ to 4,000€

4,000€ to 4,500€

4,500€ to 5,000€

5,000€ to 10,000€

10,000€ and more

N/A
N/A
N/A
N/A
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4. ESTIMATING INCOME AND
CONSUMPTION LEVELS OF DIGITAL
COHORTS

This workstream builds on the previous work aimed at understanding digital accelerators and their
purchasing behaviour. As described, in workstream two we found that certain age and income cohorts
in the UK were more likely to be digital accelerators. Moreover, we also observed this trend in the
survey data in terms of socioeconomic and demographic characteristics that predicted the likelihood
of respondents indicating that they were more inclined to use Al in their purchasing decisions. As
such, we consider that there was a sound foundation to apply these findings to identify digital
accelerators and anchors in other markets where we gathered survey data (Germany, Australia, the
us).

In workstream four, we developed forecasts that predicted the spending and purchasing power of
digital accelerators, digital anchors and all other consumers in each of these four markets. This
involved a multi-stage modelling approach illustrated in Fig. 15.

Fig. 13. Summary methodology for workstream four

Step 2: Calculate total Step 3: Estimate income
consumption by age and and consumption for
income digital cohorts

Step 1: Calculate net
income over time

Estimate probability of
Estimate income being digital accelerator or
distribution by age anchor by age and income
Estimate consumption by Multiply probabilities by
age and income bracket corresponding income and

consumption estimates

Calculate base year
estimates for net income
by age

Forecast net income by
age to 2030

4.1 CALCULATING NET INCOME

4.1.1 Calculating base year estimates for net income

Fig. 14 illustrates the multi-stage approach we undertook to calculate net income by single year age
cohorts in 2023.” We first combined population by age with employment rates by age to estimate the
number of people employed for each year of age. We then combined these employment levels with
average labour earnings to estimate total labour earnings by age. Finally, we adjusted labour earnings
to account for non-labour income and direct taxes to derive estimates of net income by age.

7 For countries that we were unable to find data relating to 2023, we sourced the latest available data and forecasted the
relevant variables to 2023 using the same forecast approach as outlined in section 4.1.2.
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The remainder of the section will outline the details of each stage involved in the calculation.

Fig. 14. Steps taken for the calculation of net income for the base year

Population by
age group

Employment
level

Employment

rate by age Income net of
group Total labour non-labour
earnings income and
direct taxes

Average
labour
earnings by
age group

The most recent population estimates for single-year age cohorts in the UK, US, Australia, and
Germany were obtained from their respective national statistics databanks. Employment rates were
sourced similarly, but available by age group (e.g. 25-35 year olds) rather than single-year age
cohorts. We used linear interpolation between age group employment rates to impute the
employment for each single-year age cohort.® This approach allowed for a more nuanced view,
avoiding the use of age group averages—which mask variation across specific ages. We combined
population by age with our imputed employment rates by age to estimate employment levels by age
in each key market for the base year.

Data on average labour earnings were also available by age group rather than single-year cohorts. We
used linear interpolation to impute earnings for each single-year age cohort. We multiplied
employment levels by average labour earnings to estimate total labour earnings for each single-year
age cohort.

Labour earnings were adjusted to include non-labour income, resulting in gross income. To do this,
we estimated the ratio of gross income to labour income for the whole economy using national gross
income estimates from Oxford Economics. This ratio was applied consistently to labour earnings of
each single-year age cohort to estimate gross income for each single-year cohort.

We calculated direct taxes (i.e. income tax plus employee social security contributions) as a share of
gross income using Oxford Economics databank and used this ratio to convert our gross income

8 Linear interpolation is a method used to estimate values within a range of known data points, assuming a constant rate of
change between them.
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estimates into net income estimates. These ratios were calculated for the whole economy and applied
uniformly to each single-year age cohort.

4.1.2 Forecasting net income in 2030

Each of the key variables discussed in 3.2.1 were forecasted to 2030 to produce estimates of net
income by single-year age cohort in 2030. Firstly, we sourced population forecasts by age group (e.g.
25- to 29-year-olds) from Oxford Economics’ databank.® We multiplied population by single-year age
in 2023 by the population growth rate (from 2023 to 2030) for their respective age groups to estimate
population by single-year age in 2030.

Oxford Economics produces national forecasts for the employment rate and average labour earnings.
For these variables, we conducted analysis of historical growth rates to identify age groups where the
employment rate or average earnings have grown faster/slower than the national average. To begin,
we assumed that historic differences compared to national growth rates were maintained over the
forecast horizon to produce age-group specific projections for employment rates and average
earnings. These results were then constrained to ensure that national growth rates aligned with those
in Oxford Economics’ databank.

4.2 CALCULATING TOTAL CONSUMPTION BY AGE AND INCOME THRESHOLD

The steps outlined above provide us with estimates of average net income by age. However, our
analysis focuses on predicting the spending and purchasing power of digital accelerators, who are
defined by both their age and income. To achieve this, we developed estimates of the income
distribution, to determine the proportion of each single-year age cohort that fall into the different
digital user categories.

4.2.1 Estimating the income distribution by age

We sourced data regarding the national income distribution for each of the four key markets. These
data show the income earnt at each decile, which we compared to the median. We assume that these
ratios reflect the income distribution within each single-year age cohort. For example, if the income of
the 8" decile is 50% larger than the median income then we assume that for each individual age the
8" decile of earnings in that age is 50% larger than the median income for that age.™ From this, we
were able to impute the income distribution (by decile) for each individual year of age.

The income thresholds presented in 0 reflect those used to define digital user cohorts. For each
single-year age cohort, we calculated at which point in their income distribution those thresholds are
located. For example, an annual income of £30,000 may be near the top of the income distribution for
17-year-olds but will likely be lower down the income distribution for 50-year-olds. We then estimate
the share of income within each single-year age cohort that is earnt by individuals in each of the
thresholds detailed in 0.

° Forecasts by single-year age cohorts were not available.
© We multiplied our estimates of average earnings by age by the national ratio of median to mean earnings to derive an
estimate of median earnings by age.
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Fig. 15. Income bands by country

UK income bands US income bands Australia income bands Germany income bands

under £14,999 Less than $19,999 $2500 or below Under 1,500€
0 A t‘;:rg’ggg H0 $20,000 - $49,999 $2501-$5000 1,500€ to 2,500€
03 S t‘;::g'ggg - $50,000 - $69,999 $5001-$7000 2,500€ to 4,000€
04 U t§e£a?9,999 per $70,000 - $119,999 $7001-$15000 4,000€ to 5,000€
05 A t;:;:g,ggg H0 $120,000 - $149,999 $15001-$30000 5,000€ to 10,000€
06 £100,000 and over $150,000 or more $30001 and above 10,000€ and more

4.2.2 Estimating consumption by age and income bracket

We sourced data on household consumption split by income decile for each of the key markets. We
calculated consumption-to-income ratios for each income decile." Households with lower incomes
typically spend a higher proportion of their income on consumption given much of what they
purchase may be necessities. As incomes increase, household typically save a proportion of their
income and therefore spend a smaller share of their income on consumption.

For each income threshold detailed in 0, we applied the relevant consumption-to-income ratios to
estimate consumption by single-year age cohort and income bracket.

4.2.3 Estimating income and consumption for each digital cohort

The process of applying the estimated income and consumption levels to digital accelerators and
digital anchors involved two main steps:

e Estimate the probability of being a digital accelerator or digital anchor: The first step
involved estimating the probability of an individual being classified as a digital accelerator or
digital anchor within each age and income cohort. This methodology closely follows the
approach outlined in Section 2.5 of this document. However, instead of using historical survey
data from YouGov's Profiles database, the digital intensity index was based on data collected
from the consumer survey conducted as described in chapter 3. Additional details on the
methodology are available in Section 2.5.

e Multiply probabilities by the corresponding income and consumption estimates: In the
second step, the probabilities of being a digital accelerator or digital anchor were combined
with the income and consumption estimates derived from Sections 4.2.1 and 4.2.2. This
enabled the estimation of income and consumption levels for each digital cohort based on
the calculated probabilities for each demographic group.

" For Australia and Germany, data were split by income quintile.
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4.3 DATA SUMMARY

Our dataset was sourced primarily from the national statistical authorities for the UK, US, Australia,
and Germany, as well as from the Oxford Economics databanks. See Fig. 16 for a full list of the data
sources used for this workstream.

Fig. 16. Sources used to collect data for model development

T N T N

UK ONS
US Census
Population by age group vs Bureau
Germany Eurostat
Australia ABS
UK ONS
Employment by age group Us e
Expenditure by disposable income decile UK ONS
Median personal income by age group us ﬁ
Mean annual expenditure by decile of income before taxes us BLS
Employment rate by age group Germany Eurostat
Mean labour earnings by age group Germany Destatis
Average household spending by net household income Germany Destatis
Employment to population ratio by age group Australia ABS
Average weekly total cash earnings by age group Australia ABS
Aggregate household consumption by income quintile Australia ABS
Population by age group
Employment, total
Earnings, quarterly total, gross, LCU
Government revenl?e, :mployeye socialgsecurity contributions, maArll(Iets Ecgﬁf(;)r::cs

LCU

Income, personal disposable, nominal, LCU

Tax revenue, income, LCU
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https://www.ons.gov.uk/peoplepopulationandcommunity/populationandmigration/populationestimates/datasets/populationestimatesforukenglandandwalesscotlandandnorthernireland
https://www.census.gov/data/tables/time-series/demo/popest/2020s-national-detail.html
https://www.census.gov/data/tables/time-series/demo/popest/2020s-national-detail.html
https://ec.europa.eu/eurostat/databrowser/view/demo_pjan__custom_13104277/default/table
https://api.data.abs.gov.au/dataflow/ABS/POP_PROJ/1.0.0?references=all
https://www.ons.gov.uk/employmentandlabourmarket/peopleinwork/employmentandemployeetypes/datasets/employmentunemploymentandeconomicinactivitybyagegroupseasonallyadjusteda05sa/current
https://www.bls.gov/cps/tables.htm#otheryears
https://www.ons.gov.uk/peoplepopulationandcommunity/personalandhouseholdfinances/expenditure/datasets/familyspendingworkbook2expenditurebyincome
https://www.census.gov/library/publications/2024/demo/p60-282.html
https://www.census.gov/library/publications/2024/demo/p60-282.html
https://www.bls.gov/cex/tables.htm
https://ec.europa.eu/eurostat/databrowser/view/lfsa_ergacob__custom_13322447/default/table?lang=en
https://www.destatis.de/DE/Themen/Arbeit/Verdienste/Verdienste-Branche-Berufe/Publikationen/Downloads/verdienststrukturerhebung-heft-1-2162001189004.html
https://www-genesis.destatis.de/datenbank/online/table/63121-0003/search/s/NjMxMjEtMDAwMw==
https://www.abs.gov.au/statistics/labour/employment-and-unemployment/labour-force-australia-detailed/latest-release#labour-force-status
https://www.abs.gov.au/statistics/labour/earnings-and-working-conditions/employee-earnings-and-hours-australia
https://www.abs.gov.au/statistics/economy/national-accounts/australian-national-accounts-distribution-household-income-consumption-and-wealth/latest-release
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