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Abstract

The top quartile of the income distribution accounts for almost half of the
pandemic-related decline in aggregate consumption, with expenditure for
this group falling much more than income. In contrast, the bottom quartile of
the income distribution has seen the smallest spending cuts and the largest
earnings drop but their total incomes have fallen by much less because of
the increase in government benefits. The decline in consumers’ spending
preceded the introduction of the lockdown, whose partial lifting has triggered
a stronger recovery in sectors with a lower contact rate. The largest spending
contractions are concentrated in the most affluent regions. These conclusions
are based on detailed high-frequency transaction data on spending, earnings

and income from a large fintech company in the United Kingdom.
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1 Introduction

The global recession associated with the Covid-19 pandemic has proved to be
unprecedented in both breadth and depth. The health crisis has very rapidly
spread over goods and labour markets, education and finance, eventually reaching
every sector of the economy. Virtually regardless of what metric is chosen, whether
about infection, employment, businesses or any other socio-economic measure,
the size of the shock has already been an order of magnitude larger than anything
seen in the post-WWII era.

Not only the aggregate effect has been large, affecting virtually all nations,
businesses and households, but also the impact has been so heterogeneous across
society that some groups have clearly lost out far more than others. This has
led to both the emergence of new inequalities and the acceleration of existing
ones: the health of older patients have become more vulnerable, the education of
children from disadvantaged families has been more adversely affected than that
of children from affluent households, and job security has become an even more
significant concern among less skilled workers.

When it comes to economic outcomes such as consumption, earnings, income
and government policies, there are many forms of heterogeneity, inequality and
redistribution at play. Four prominent examples through which the pandemic may
influence household behaviour and their standards of living can be detected: (i)
along the income distribution, between poorer and richer families, (ii) over time,
before and after the lockdown measures, (iii) across sectors, depending on health
fears and contact rates, (iv) between geographical areas, alongside a number of
local characteristics.

In this paper, we look at each of these four dimensions of heterogeneity, in
an effort to provide a coherent framework to track the distributional impact of
the pandemic in real-time. The motivation of our approach is twofold. On the
academic side, household heterogeneity and distributional dynamics can help to
uncover the channels through which macroeconomic shocks transmit to the real
economy. On the policy side, immediate knowledge of what interventions are
more effective and what groups of society respond more can support the design
of targeted policies in real-time.

We use detailed transaction data from one of the U.K.’s largest personal finan-
cial manager, Money Dashboard (MDB). The app is a real-time account aggregator
that collates the financial transactions of a user’s current, credit and savings ac-
counts, regardless of provider, within a single platform. The granularity of the

data allows us to construct measures of spending, earnings and income at the



user-level as well as looking at sub-categories of consumption across sectors and

regions.

Main findings. Our analysis highlights a few patterns. Along the income distri-
bution, more affluent users have cut their expenditure by far more than any other
group and well in excess of the fall in their income. Importantly, their contribution
of 45% to the decline in aggregate spending during the pandemic is about 10
percentage points higher than their contribution to the level of aggregate spending
in normal times. At the other end of the spectrum, low-income users have experi-
enced the largest drop in earnings but the smallest decline in spending. In part,
this reflects that they have benefited more than any other group from government
benefits to boost their income. While our findings for the second quarter of 2020
are consistent with an increase in personal saving rate around 20% (Office for
Budget Responsability, 2020), they also suggest that higher income households
may have contributed disproportionately to this increase in the saving rate.

Spending began to fall before lockdown measures and social distancing were
introduced in March, suggesting that health fears and income uncertainty may
have also contributed to the fall in aggregate consumption, over and above social
distancing measures. Some of these measures were lifted in June, triggering a
significant, but partial recovery. Across spending categories, services, and in
particular sectors with a higher contact rate such as restaurant, travel, holidays
and entertainment, have seen both the largest decline and the slowest recovery.
On the other hand, on-line shopping and food-delivery spending have increased
significantly during the pandemic.

As for regional heterogeneity, we project the year on year growth rate in local
spending for 2020Q2 to area-specific measures of the health crisis (number of
coronavirus-related deaths per 1,000 inhabitants), government support (share
of furloughed workers) and income inequality (share of MDB users in the top
quartile of the income distribution). While all measures bear some correlation
with the pattern of local spending across geographical areas, only the higher-
income indicator proves to be a robust, stable and significant predictor of local
demand, implying that a 2% increase in the share of higher-income households
in a geographical area is associated with a further 1% decline in local consumers’
spending. This is consistent with the observation that expenditure is cut more at

the top than at the bottom of the income distribution.

Related literature. Our analysis is related to a recent, international and uncoor-
dinated effort to track the economy in real time using high-frequency financial



transaction data from bank accounts and survey data to shed light on spending
patterns across time and space. Baker et al. (2020), Cox et al. (2020) and Chetty
et al. (2020) document in great details the initial response of U.S. household to the
pandemic, giving particular emphasis to the differences across political affiliation,
income groups and sectors of the economy respectively. Coibion, Gorodnichenko,
and Weber (2020) exploit the different timings of lockdown across U.S. states to
identify pandemic-related cuts in spending as well as losses in income and wealth
for half of their survey participants.

Carvalho et al. (2020) look at a large sample of households in Spain and focus
on both the pervasive regional heterogeneity in the spending response to the
lockdown and the distinction between on- and off-line sales. Andersen et al.
(2020a) explore transaction level data from a large bank in Denmark and document
a significant reduction in aggregate card spending. Subsequently, Andersen et al.
(2020b) compare the implications of Denmark’s strict measures against the virus
versus Sweden where restrictions were mild, and find that the significant drop in
activity has been caused by the virus itself regardless of the specific restrictions
against it. Bounie, Camara, and Galbraith (2020) track consumer spending and
mobility in France using individual card transactions and show that, although
household expenditure declined significantly, online shopping partially offset the
fall in aggregate consumption.

With these important studies, we share both the use of granular transaction-
level data and the focus — for the United Kingdom — on the decline and recovery
in household expenditure. The similarities of the consumption patterns across
countries should reduce external validity concerns. Unlike most of these papers,
but similar to Andersen et al. (2020a) for Denmark and Sweden as well as Cox
et al. (2020) and Chetty et al. (2020) for the United States, we look also at earnings,
income and government benefits which, together with detailed information on
spending, allows us to track the evolution of the balance sheet positions of British
households during the Covid-19 crisis. Furthermore, we highlight the large distri-
butional changes and the significant heterogeneity in spending along the income
distribution that has emerged as a result of the pandemic.

As for UK. studies, Bourquin et al. (2020) focus on the income side of the MDB
data but do not look at spending like we have done in Hacioglu-Hoke, Kdnzig,
and Surico (2020). In independent work, Chronopoulos, Lukas, and Wilson (2020)
use the MDB data to analyse the pattern of expenditure on groceries, dining and
drinking, alcohol and gambling. Relative to Bourquin et al. (2020), we look jointly at
spending, earnings and income, and therefore are able to document the pervasive

heterogeneity in the consumption responses and balance sheet changes across



the income distribution of British households. Relative to Chronopoulos, Lukas,
and Wilson (2020), we focus on a broader and more detailed set of expenditure
categories and exploit the information on spending, earnings and income to
uncover the distributional impact of the Covid-19 crisis. In subsequent work,
Delestre et al. (2020) use the MDB data to study how different elements of the
income protection offered during the crisis have impacted British households.

Structure of the paper. The paper is organized as follows. In Section 2, we
describe the data source and report descriptive statistics for some main variables
of interest. The findings on spending, earnings and income over all users and
across income groups are reported in Section 3, which also discusses the role of
government benefits. The focus of Section 4 is on the effects of the lockdown
measures imposed by the government and its partial lifting in the subsequent
months. This section also presents evidence across different sectors. In Section 5,
we look at spending heterogeneity across regions and relates that to indicators of
the health crisis, government support and income inequality. In the Appendix,
we discuss further features of the MDB data, its representativeness and timeliness
relative to other surveys and national accounts and provide additional analyses

and results.

2 Data description

The data we use in this paper are provided by Money Dashboard (MDB), a free
online personal financial management company operating in the U.K. Their main
product is an app that gives its users the flexibility to link multiple accounts
(current, savings or credit card accounts) and provides them with a set of tools
for categorizing and keeping track of their income and spending. The number of
users has increased significantly over time, from around 10,000 in 2012 to close to
100,000 by the end of 2019.

The raw dataset is composed of transactions. All incoming and outgoing trans-
actions in the accounts linked to the app are collected with the transaction date,
the transacted amount, whether it was a credit or debit, a transaction description,
a user identifier and the account that has been used.! The users in the dataset have
been anonymised. In terms of user characteristics, we observe a partial postcode,
the gender and the year of birth.

!When a user registers with the app and links her accounts, the app downloads up to three years
of past transactions from all linked accounts. After the initial registration, the app continuously
receives updated transactions. However, the users must re-authorise MDB to continue to download
new transactions every 90 days.



Using machine learning techniques, the data provider categorizes the transac-
tions into almost 200 categories and thousands of merchants. The categories are
as detailed as cinema, taxi, insurance, parking, dining out, mortgages etc, while
merchants cover the most known businesses in the U.K,, e.g. Tesco, Sainsbury’s or
Waitrose for groceries, Pret a Manger, Eat or McDonalds for take-away or snacks,
and Amazon and eBay for on-line shopping. Similar to outflows, we observe
incoming payments such as salary and interest income.?

Based on these classifications, we construct monthly measures of consump-
tion expenditure, earnings and income. On the expenditure side, we follow the
classification of individual consumption by purpose (COICOP) by the United
Nations Statistics Division as closely as possible to create broader categories of
expenditure, such as total, non-durable, durables, and services expenditure. To
be able to analyze the effects of government policies such as the lockdown, we
also construct measures of expenditure at the weekly frequency. We express all
consumption and income measures in real terms by deflating the series by the U.K.
Consumer Price Index (CPI). For more information, see Appendix A.2.

For our main analysis, we focus on a balanced panel of users for the period
between January 2019 and June 2020. We restrict our sample to users that have
consistently used the app throughout this period and have a fully updated set of
transactions as of 5 July 2020. Furthermore, we exclude users with implausibly
low /high expenditure and income, as well as users that use the app for business-
related purposes. The final dataset is composed of 8, 365 users and is made up of
15,261,988 transactions in the period between 1 January 2019 and 5 July 2020. For
more information on the selection of users, see Appendix A.1.> To capture changes
in both the intensive and extensive margin, we include all these users in our

analysis, even if they have no earnings or expenditure in a specific sub-category in

2The MDB algorithm is able to tag around 75% of all transactions. Users also have the option
to manually add or change tags. However, in our analysis we rely exclusively on the automatic
tagging provided by MDB. The main reason behind this choice is that, unlike the user tagging,
it minimizes measurement errors, avoids recollection biases and ensures a timely and consistent
system of categorization across users and time. However, our results are robust to using the
user tags instead or if we construct alternative measures of income and expenditure using all
transactions, including untagged, net of identifiable transfers. Furthermore, we have also verified
that the performance of the tagging algorithm has remained stable over the course of the pandemic,
both in the aggregate and by income group (see Appendix D for more detail).

3The number of users in our panel is considerably smaller than the overall number of users in
2019-2020. There are a number of reasons for this. First, we impose quite strong restrictions on
the users to ensure that we do not include users with incomplete accounts. Second, we lose some
users that have not yet re-authorised MDB to download the most recent data. Third, over the past
6 months, MDB has been migrating users from using Yodlee to their own direct integration with
the banks” Open Banking APIL. While this change is undoubtedly positive in the longer term, MDB
has lost some of their users during this process. This illustrates again the importance of focusing
on a set of users that we observe consistently throughout the sample of interest.



a given period.

It should be noted that while our dataset contains information on users” ATM
cash withdrawals (see Section 4), it only covers electronic transactions and pay-
ments. However, cash use among U.K. consumers has been falling significantly
in the last two decades: while in 2008 cash payments accounted for two thirds of
all payments, in 2018 the share of cash payments has declined to 28%. As of 2019,
98% of adults holds a debit card while around 65% have a credit card. Due to
the widespread use of contactless payments, the share of cash is predicted to fall
further to 9% by 2028.* Hence, our dataset appears representative of the current
transaction environment.’

Table 1 presents some descriptive statistics on the users in our sample. On
average, users link four bank accounts from two different banks to the app and
have around 100 transactions each month. The median net salary among the users
is £2,327 and their median age is 36. For an average user, approximately a third
of the total monthly expenses is on non-durable goods, and more than half of
it is on services. Groceries account for about half of the non-durable expenses
while spending on restaurants is on average £110 per month with a considerable
dispersion within different percentiles. The average mortgagor faces over £900 of
monthly repayments and the average renters pays over £700 each month.

In Appendix A, we present further information on the demographic and geo-
graphical features of the data. As shown in Figures B.1 and B.2, on average, Money
Dashboard users are relatively young and more likely to be based in the Greater
London area. Once we normalize the number of users by the population of the
region they live in, however, the geographical distribution is more even (Figure
B.3).

To evaluate the extent to which the MDB data may be representative of the
British population, we explore both cross-sectional and time-series dimensions
of the MDB data in Appendix B.2. Along the cross-section of users, we show
that both (i) the distribution of 2019 after-tax income and total expenditure and
(ii) the share of 2019 spending for the main COICOP consumption categories
from the MDB data align well with the same statistics based on the Living Costs
and Food Survey (LCFS), which has been constructed to be representative of
British households. As for the time-series dimension, we compare the quarterly

4U K. Finance, Payment Markets Summary 2019, https://www.ukfinance.org.uk/sites/
default/files/uploads/pdf/UK-Finance-UK-Payment-Markets-Report-2019-SUMMARY . pdf.

SReassuringly, some of our findings in Section 4 also line up with the Office for National
Statistics” (ONS) March release of Retail Sales Inquiry on the changes in sales. Source: Office for
National Statistics - Monthly Business Survey - Retail Sales Inquiry https://www.ons.gov.uk/
businessindustryandtrade/retailindustry/bulletins/retailsales/march2020.


https://www.ukfinance.org.uk/sites/default/files/uploads/pdf/UK-Finance-UK-Payment-Markets-Report-2019-SUMMARY.pdf
https://www.ukfinance.org.uk/sites/default/files/uploads/pdf/UK-Finance-UK-Payment-Markets-Report-2019-SUMMARY.pdf
https://www.ons.gov.uk/businessindustryandtrade/retailindustry/bulletins/retailsales/march2020
https://www.ons.gov.uk/businessindustryandtrade/retailindustry/bulletins/retailsales/march2020

household final consumption expenditure from the national accounts as published
by the ONS to an equivalent time series obtained from aggregating the financial
transactions by a rotating panel of MDB users. The two time series exhibit a
similar trend in level and share most turning points in the year-on-year growth
rates version, with the latter displaying a remarkable correlation of 0.79 over the
2016-2020 period.

Finally, in Appendix A.3, we provide details on the differences and similar-
ities between our method and two more traditional sources: the LCFS and the
Understanding Society Survey (USS). In short, two main advantages of these
are representativeness of the British population and recording spending both in
electronic and cash forms. The two main advantages of our method are timeliness
as opposed to the six to twelve months of delay typically associated with surveys,
and the fully automated and electronic data collection in real-time which minimize
serious non-classical measurement errors and recollection biases associated data
collection in surveys (see for instance Attanasio, Hurst, and Pistaferri (2014) and
Pistaferri (2015)). In summary, analysis based on financial transaction data may
present a useful complement to the well-established approaches of measuring

aggregate consumption in national statistics based on survey data.

3 Spending, income and benefits

In this section, we explore the evolution of spending, earnings and savings in an
effort to track how the balance sheet of British households has changed in response
to the pandemic. We start from looking at the median values across all users in
our sample and then present the analysis on heterogeneity across income groups.
A main take away is that the spending of top earners has declined the most and
far in excess of both their earnings and income. But for households at the bottom
of the income distribution, the relatively smaller drop in spending has been so far
smaller than the fall in earnings but larger than the decline in income. In the final
part of this section, we explore the role of government benefits to account for the

dynamics of income and spending of the less affluent households.

3.1 The overall impact of the pandemic

A simple way to capture the general trends on the household balance sheets is to
summarize the evolution of inflows versus outflows for all users in our sample.
This is the goal of Figure 1, which reports the year on year growth rate in median

monthly spending (dashed orange line) and median monthly income (solid blue



line) for the first half of 2020. To net out regular growth and age effects, we express
the series as indices, normalized to 100 in January before computing the year on
year growth rates.

The evidence in Figure 1 reveals that the start of the pandemic and the con-
sequent lockdown in March 2020 are associated with a drop of over 10% in the
median expenditure relative to March 2019. The fall has deepened in the subse-
quent months, reaching its trough of almost —40% in April before beginning the
recovery in May. By the end of the second quarter of 2020, the level of expenditure
is still significantly subdued.

The pattern of expenditure stands in contrast to the evolution of income. The
blue solid line in Figure 1 reveals a more gentle fall throughout the second quarter
of 2020, possibly influenced by government support policies such as the Coron-
avirus Job Retention Scheme. But there is little sign of recovery in June, when the
median income records an almost 10% fall relative to its 2019 counterpart.

Taken together, the time profiles of expenditure and income suggest that overall
the saving rate of British households has increased significantly over the start of the
pandemic, with an average gap between median income and median expenditure
in excess of 20%. However, as we explore in the next section, the summary statistics

reported in Figure 1 hide pervasive heterogeneity across income groups.

3.2 The heterogeneous responses across income groups

The impact of the pandemic shock on health, education, labour market access and
many other socio-demographic indicators has been very heterogeneous across
society creating new and reinforcing old inequalities (Blundell et al., 2020). As
the access to personal and professional opportunities are often correlated with
the level of income, in this part of our analysis we decompose the findings of the
previous section by income groups.

In Figure 2, we present the median monthly spending (top panel), earnings
(middle panel) and income (bottom panel) for four income groups that roughly
coincide with the quartiles of the ex-ante income distribution in 2019 among the
users in our sample. These are people with after-tax income below £20,000 (in
red), between £20,000 and £30,000 (in green), within the £30,000 to £40,000 range
(in orange) and above £40,000 (in blue) respectively. Earnings refer to their main
salary whereas income includes also financial income, rental income, pensions
and benefits, among other sources.

The top panel of Figure 2 makes clear that the fall in total spending is much

more pronounced among higher-income users, who have witnessed a trough



of roughly 45% in May before a partial recovery in June to 35% less than the
pre-pandemic level. At the other end of the income distribution, less affluent
households have cut their expenditure by almost 30% in April, 25% in May and
are in June over 15% below their 2019 levels. The spending of the two groups in the
middle of the income distribution falls in between the extremes of top and bottom
groups, with the ranking of their consumption decline mirroring the ranking of
their 2019 income levels.®

To appreciate the importance of each group spending for aggregate consump-
tion and to place the expenditure patterns during the pandemic in historical
context, in Table 2 we record — for each set of users along the ex-ante income
distribution — their contribution to (i) the overall spending level in 2019Q2 and (ii)
the overall spending decline in 2020Q2. A main take away from this exercise is that
the contribution of higher-income users is disproportionate: while in normal times
(as measured by the same quarter in the previous year) users with after-tax income
above £40,000 contribute to about 35% of the level of aggregate spending, during
the pandemic they have driven about 45% of the overall decline. The increase of
10 percentage points in the contribution of high-income users to the aggregate
spending pattern seems mirrored by a similar decline in the contribution of users
at the bottom of the income distribution, whose spending share declines from
about 18% in normal times to 9% during the pandemic.”

The middle panel of Figure 2 explores the possibility that the heterogeneity in
spending reported above may reflect heterogeneity in earnings. In fact, users at
the bottom of the income distribution are experiencing the largest fall in salary,
which are in May and June 2020 more than 20% below of what they were in 2019.
This is substantially larger than the 10% drop in earnings faced by the middle
group or the 15% witnessed by higher-income users. The bottom panel, however,
reveals that the ranking of groups change if one looks at income instead. While for
all other groups the income decline is quantitatively similar to the earnings decline
in the middle panel, this is not the case for low earners. Users at the bottom of
the income distribution have experienced an income fall of around 12% in June
against the backdrop of an almost double earnings decline in percentage terms. In

Section 3.5, we discuss the crucial role of government benefits to account for this

This is consistent with the evidence for United States in Cox et al. (2020), who also find that
higher-income households have cut expenditure much more than lower-income families.

7 As discussed by Cox et al. (2020) for the U.S., a possible explanation for the finding of a larger
spending decline among top earners is that their basket features a larger shares of non-essential
goods and services, which are typically either easier to postpone or whose provision has been
disrupted more during the pandemic. Crawford et al. (2020) show evidence of a larger prevalence
of non-essential items also in the consumption basket of British top earners. In Section 3.4, we
study this explanation in more detail.

10
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3.3 Saving patterns

Having documented the evolution of spending, earnings and income across the
income distribution, we are now in the position to go back to the saving patterns,
as implied by the difference between the overall decline in spending and income
reported in Figure 1 for all users. Which group is driving the average effect? The
answer is provided in Figure 3, whose Panel A depicts for each income group the
percentage decline in spending (green bar), earnings (blue bar) and income (orange
bar) in June 2020 relative to the previous year. The main inference to draw from
this chart is that the decline in earnings exceeds the decline in expenditure only
for users at the very bottom of the income distribution. For all other groups, the
pandemic shock is associated with a significant positive gap between the decline
in earnings and the decline in spending, which is increasing in the level of income.
On the other hand, looking at the orange bars reveals that also users with after-tax
income below £20,000 have faced a fall in income that is smaller than the fall in
their spending. It should be noted, however, that the change in personal savings
implied by the gap between the drop in income and the drop in spending for this
group is smaller than for users with income in the range £20,000-30,000 range and
is only a fraction than for the groups above the median income.

Another way of inferring the pattern of saving flows across British households
during the pandemic is provided in Panel B of Figure 3, which reports the median
of the individual user’s saving rates for each income group. The individual saving
rate is computed based on all incoming and outgoing transactions (including both
tagged and untagged transactions net of identifiable transfers, see Appendix D for
more information). As such it is likely to be a noisier measure of personal saving
rates than the inferred measure from Panel A. Notwithstanding the different
measurement strategies, the bottom chart of Figure 3 paints a picture similar to
the top chart. More affluent households have enjoyed significantly higher saving
rates during the pandemic, in the ballpark of 20%. This is in stark contrast with
users at the bottom of the income distribution, whose individual saving rates have
averaged around 5% and, as we will show, have been able to avoid significant

dissavings mostly thanks to the government support. The pattern of savings

8In Appendix C, we also explore spending heterogeneity along other dimensions such as age,
housing tenure and gender on the one hand, and receiving any type of government benefit, being a
pensioner and having children on the other hand. The largest variations are across housing tenure
status and benefit receipts but appear quantitatively smaller than when we split the sample along
the income distribution.
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across income groups presented in this section chimes with independent evidence
provided by Haldane (2020) based on an on-line survey conducted by Ipsos Mori
on behalf of the Bank of England in 2020Q2.

3.4 The impact of government restrictions

A possible reason for the relatively larger spending decline among higher income
users is that the consumption basket of this group of households may be more
tilted towards non-essential goods and services, whose purchases have been phys-
ically more restricted (than essentials) by the lockdown measures imposed by the
government. To investigate this hypothesis, we group consumption into three
categories depending on whether the associated physical transactions were unre-
stricted, partially restricted or fully restricted during the Spring 2020 lockdown
(see Table A.2 in Appendix A for a full classification of transaction types). Before
exploring the evolution of spending patterns across income groups along the
restricted /unrestricted categorization, it is useful to note that, in a typical year
such as 2019, high-income, middle-income and low-income MDB users tend to
spend about 42%, 39% and 37% respectively of their total consumption on goods
and services whose physical purchase has been restricted during the lockdown.
In Figure 4, we document how the monthly spending in sectors that were
either restricted during the pandemic (left panel) or unrestricted (right panel) has
evolved over the course of 2020, for each income group considered previously. A
comparison of the two charts suggests three considerations. First, the spending
decline in unrestricted sectors was much lower than in fully restricted sectors
(about half of the decline on average). Second, while the ranking of the spending
drops among the four income groups is the same under either categorization (the
drop is increasing in the pre-pandemic income level), higher income households
tend to cut their expenditure relatively more in unrestricted sectors than poorer
households. The relatively stronger response in combination with the higher
pre-pandemic share in restricted expenditure can likely account for part of the het-
erogeneity in the total expenditure responses, however, it appears that the channel
is not strong enough quantitatively to account for the bulk of the heterogeneity by
income group. Third, to the extent that the spending drop in unrestricted sectors
cannot be attributed (by construction) to the physical restrictions imposed by the
government, the results in Figure 4 suggest that at least half of the consumption
decline in restricted sectors (or two thirds of the drop in overall consumption) may
be due to fears and uncertainty about the evolution of the pandemic rather than to

the government restrictions per se.
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3.5 The role of government benefits

In a previous section, we have seen that users at the bottom of the income distri-
bution experienced a significantly larger drop in earnings than in income. In this
section, we explore what category of income may account for this finding. Unlike
high-income users, people making less than £20,000 a year are unlikely to have
any financial or rental income. This implies that the gap between earning and
income among less affluent households is likely to reflect pensions, allowance and
benefits, with the latter being related to either family, work, low-income or health.
In our sample, there has not been any significant increase in neither the intensive
nor the extensive margins of family benefits during the second quarter of 2020.°
This leaves all other benefits, and in particular those related to work and having
low-income, as the most likely candidate to explain the gap between income and
earnings at the bottom of the income distribution. For a lack of a better term, we
will loosely refer as ‘government benefits’ to this broader group that excludes
family-related benefits.

In the United Kingdom, there are three main programmes through which adults
can access working-related benefits: the long-standing (i) Job Seeker Allowance
(JSA), (ii) Employment Support and Allowance (ESA), and (iii) the more recently
introduced Universal Credit (UC). The latter is phasing out most other forms of
benefits, including JSA and ESA, and is the largest of the three.!” It should be
noted that many users may have been already UC recipients before the pandemic
because of personal disability, other health conditions or employment and family
circumstances. This implies that when looking at the role of benefits is important
to consider both the extensive margin of new applications as well as the intensive
margin of larger disbursements to existing recipients of (non work- or income-
related) universal credit.

We start investigating the role of government benefits in the top panel of Figure
5, which presents for each income group the share of users that witnessed an
increase in their government benefits disbursements. This includes also new
applicants, who went from zero pounds to receiving the amount they were eligible
for. The panel makes it clear that the bottom group (and to a lesser extent users
with income between 20k and 30k) experienced a much sharper rise in the share
of users receiving a higher government benefit disbursement, going from only
2.5% in February (relative to January) to 11.5% in June (also relative to January).
The second largest increase is recorded for the second bottom group (green line)

90On April 6, child benefits were raised by 1.7% to £21.05 (£13.95) for the eldest (other) child.

190 be eligible for UC, the applicant and partner must have £16,000 or less in savings between
the two. On-the-job applicants are allowed as long as their earning is below a fixed threshold.
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at around 4% whereas only 2% of users with income above £30,000 have seen an
increase in their government benefits.

To isolate the intensive margin of the benefits contribution to income in each
group, the middle panel of Figure 5 reports the median value (in pounds) of
the monthly disbursement associated with government benefits conditioning on
users who have received some form of these benefits during 2019-2020. While
there seems to be only a modest change at the top of the income distribution, the
two bottom groups have seen an increase of more than 50% in the value of their
median monthly disbursement. This represents a significant income change for
these groups and therefore it may rationalize part of the finding related to savings
in Figure 3.

A simple way to corroborate the important role played by government benefits
in shaping the patterns of both income and spending at the bottom of the income
distribution, is to focus on two otherwise similar groups of users: (i) those in
the two bottom income groups who faced an increase in the disbursement of
government benefits during 2020Q2 and (ii) those in the same two bottom income
groups but who faced no increase in benefits over the same quarter (or received no
benefits at all). To the extent that (a) benefits are an important driver of income and
(b) income is an important driver of spending for less affluent households (i.e. they
are more likely to be hand-to-mouth), we would expect to see a smaller decline
and a faster recovery in spending for the group who benefitted from government
support.

Prima faciae evidence in support of this working hypothesis is provided in
the last panel of Figure 5. Users at the bottom of the income distribution facing
an increase in government benefits have experienced a far smaller trough in
spending, around —20%, than users in the same income group that have not
experienced an increase in benefits and by June their consumption went back
to pre-pandemic levels. In sharp contrast, lower-income users with no increase
in government benefits are, on average, still 20% below their spending level in
the same month of last year. Taken together, the results in this section suggest
that government benefits seem to be filling an important gap in the balance sheet
of more disadvantaged households, allowing them to support their spending

significantly in the face of a very material fall in earnings.

4 The effect of the lockdown on spending patterns

In the previous section, we have compared the decline in median spending to the

fall in median earnings and income. As the latter are best measured at monthly
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frequency, we have aggregated for each user all purchases within a month. In this
section, however, we are interested in assessing the effect of the lockdown and its
partial lifting, over time and across consumption categories. For this purpose, we
focus on weekly average spending.!! We start by looking at the main components
of total expenditure, namely non-durable goods, services and durables. Then, we
move to a detailed analysis of various sub-categories, especially within the service
sector. As before, we express all series in real terms by deflating them by the U.K.

CPI in the corresponding month.

4.1 The main consumption categories

On March 23, the U.K. government announced nationwide lockdown measures.
However, softer measures had been in place earlier. On March 15, elderly and peo-
ple in vulnerable groups were asked to self isolate. On March 16, the government
issued an advice against all non-essential travels and going to pubs, restaurants
and cinemas, and closed schools until further notice. Starting from March 20, pubs,
cafes, restaurants, bars and gyms were officially closed. In the meantime, most of
the employers in the U.K., especially in Greater London, asked their employees
to work from home whenever possible.!?> On June 15, the government started to
implement a series of further relaxations: high street retailers, department stores
and indoor markets opened after almost three months of lockdown. The remaining
businesses, restaurants, pubs and hairdressers were given green light to open after
July 4 which therefore sits outside our sample.

Based on the narrative above, the main focus of this section will be on two
dates: March 23 and June 15, which are denoted by two vertical lines in Figures
6 and 7. Both charts compare the average weekly spending in 2020 with the
corresponding week of 2019. More specifically, the left column of Figure 6 report
the average weekly expenditure on all goods and services (top row), non-durable

HWhenever distributional aspects may be important, using the median (rather than the average)
helps to hedge against outliers. So in the rest of the paper and especially in Section 3 where
we compare earnings, income and spending at monthly frequency, we have reported median
values also for spending. But for a sectoral analysis at weekly frequency, as we do in this section,
we face the issue that many users make no purchase in several specific sub-categories over a
significant fraction of weeks, implying that for those sectors the median value of weekly spending
is often zero. Accordingly, for this section and this section only, we report average value of weekly
spending (rather than median values). We have verified, however, that for the main categories
of consumption in Figure 6, where we observe purchases from most users in most weeks, using
average rather than median values makes only a small quantitative difference.

12Dingel and Neiman (2020) report that over 40% of the jobs in the U.K. can be performed at
home while the Office of National Statistics (ONS) reports it as less than 30% of the workforce.
Source: ONS Coronavirus and home-working in the U.K. labour market: 2019. https://
www.ons.gov.uk/employmentandlabourmarket/peopleinwork/employmentandemployeetypes/
articles/coronavirusandhomeworkingintheuklabourmarket/2019.
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goods (second row), services (third row) and durable goods (bottom row), nor-
malised to 100 in January. The red line refers to 2019 and the blue line to 2020. The
right column shows the year on year growth rate in weekly spending indicators.
To smooth out occasional spikes due to the slightly different timing of each week
across the two years, we display the growth rate as a two week moving average.
All charts exclude recurring bills such as utilities, council taxes and phone bills
and, for non-durables goods, we further exclude groceries. Unlike its national
statistics counterpart, our measure of total spending does not include actual or
imputed rents. In the Appendix, we present a version of Figure 6 that also includes
recurring bills.

A few interesting patterns emerge from Figure 6. First, the large decline in
spending on non-durable goods and services started a couple of weeks before
the vertical line on March 23 when the lockdown was introduced. Interestingly,
the decline preceded also the introduction of social distancing policies on March
16, suggesting that at least partially, the initial drop in consumption has not been
related to lockdown measures per se but more likely to fears and uncertainty on
the evolution of the health and economic crisis. Second, the partial lifting of the
restrictive measures to people’s movements on June 15 has been associated with
a significant recovery in average weekly spending on non-durable goods and
services in the left column. It should be noted, however, the level of spending
in the second half of June and beginning of July has been subdue relative to the
pre-pandemic levels. Furthermore, when compared to the same weeks of 2019,
the pick up over the last weeks of June and the first of July appears seasonal.
Indeed, the year on year growth rate in the second column depicts a more modest
recovery.’® Third, the pattern on durable goods sharply contrasts with the other
categories: spending starts falling on the week of the lockdown announcement,
reaches a trough in April before going back to pre-pandemic levels by early July.

4.2 Sectoral heterogeneity

In the previous section, we have documented that the spending decline has been
more pronounced in the service and non-durable goods sectors whereas the
recovery has been much faster for durable goods. In this section, we zoom in on
some of the most salient subcomponents of the main categories of the previous
section. The main goal here is to explore the hypothesis of some substitutability

across goods and services.

13The MDB data display a bunching in the amounts transacted at the very beginning and end
of each month. The first and last two days of June 2019 fell on a weekend, making the point of
comparison lower and thus the year on year decline at weekly frequency less pronounced.
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For the sake of exposition, in Figure 7, we report only the year on year growth
rate of weekly expenditure, which by construction controls for seasonal factors.
The top left panel report retail spending in blue and on-line shopping at Amazon
and Ebay as orange line. The drop of the blue line is immediate, large and
persistent whereas the rise of the orange line is delayed, large and short-lived,
suggesting some form of substitution between high-street and on-line shopping.
The top right panel shows that spending on alcohol and tobacco has received a
sizeable boost during the lockdown and has made further gains after its partial
relaxation, even though the time series is quite erratic.

Moving to the second row, the left column tells another story of possible
substitution between restaurants (in blue) and food delivery (in orange). While
spending on the former has collapsed even before the lockdown and then only
mildly recovered after its partial lifting, food delivery has enjoyed persistent and
increasing gains, feeding the notion that some of this substitution effects may
extend beyond some further relaxations of the socially restrictive measures. In
contrast, the increase in groceries around the start of the lockdown was short-lived,
as visible in the right column.

In the left panel of the third row, we compare spending on recreation at home
(orange broken line) and away/outside (blue solid line). Interestingly, despite
the collapse in admissions to cinemas, theatres, concerts and museums, which
is already evident before March 23, recreation at home has not picked up to
compensate for that, implying limited substitution between the two. In contrast,
DIY/Home repair expenditure on the right has experienced a volatile pattern with
a significant rise around the start of the lockdown, a short-lived contraction in
April and finally a robust pick up in may and June, being back now to the same
level of last year.

The final two rows paint a picture that is very consistent with the rest of
the sectors. Travel & Holidays, which is also characterized by a high contact
rate like restaurant and recreation, witnesses a similar drop in demand, both
in terms of size and persistence. In line with our findings for the UK., Abay,
Tafere, and Woldemichael (2020) use Google search data for a large panel of
countries to document the temporal substitution from physical to online services
and significant contractions of demand for hotels, restaurants and retail trade. We
also observe a pronounced fall in spending on Transportation & Fuel but it shows
a potentially quicker recovery. Finally, the last row suggests that there has been
little substitution between cash holding (as measured by ATM withdrawals) and
credit card spending as both fall by a similar magnitude and are still relatively
subdued.
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5 Regional variation

It is often argued that London and the South East are different from the rest of
England and the U.K. along a number of socio-economic dimensions. In this
section, we therefore explore the geography of the Covid-19 economic crisis across
geographical areas of the United Kingdom. In particular, we focus on total ex-
penditure and, for each statistical area, we compute the spending growth rate
in 2020Q2 relative to the same period in the previous year. Two main results
emerge from this exercise. First, the spending decline in Panel A of Figure 8 varies
significantly across the U K. statistical regions. Second, the most affected areas are
Greater London and the South East with a —45% and a —37% decline respectively.
In contrast, the least affected areas are Northern Ireland and Wales with drops of
—10% and a —23% respectively.

Further insights into this spatial heterogeneity are gained from Panel B of
Figure 8. This uses the first two digits of each user’s home postcode to construct
a heat map of the median percentage decline in total expenditure for more than
one hundred smaller geographical areas. Darker (lighter) shades reflect larger
(smaller) declines whereas the light grey denotes areas for which we do not observe
a sufficient number of users to estimate the spending declines reliably. The heat
map reveals pervasive heterogeneity in the economic costs across the country.
The percentage declines range from between —6% and —16% in a few locations
around Belfast, Wales and the Scottish Highlands to between —48% and —58%
in a handful of areas across Greater London, Hampshire, Berkshire, Surrey and
Aberdeenshire.

An important question amid this regional variation refers to what observables
correlates well with the geographical patterns of spending. While it is impossible
to draw any causal inference without a proper identification strategy, a simple
correlation analysis helps to shed some light on the empirical regularities that
may deserve further investigation. For the purpose of this descriptive exercise, we
construct three indicators that relate to the health crisis, the extent of government
support to retain workers and income inequality respectively. As for the health
crisis, we compute the number of coronavirus deaths per 1,000 inhabitants using
the data publicly available through the ONS website. In terms of government
support across the country, we look at the share of furloughed workers published
by HMRC. Finally, we use the MDB data to compute the share of high-income
users (i.e. with after-tax annual income in excess of £40,000 during 2019) in each
geographical area.

The top panel of Figure 9 reports the scatter plot between the percentage
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decline in median spending over 2020Q2 relative to 2019Q2 for each area and the
share of Covid-19-related deaths for every 1,000 inhabitants. A larger number of
causalities (with respect to population) seems related to a larger spending decline,
which is suggestive of a possible association between fears of contracting the virus
and consumption patterns. On the other hand, the middle panel reveals that areas
with a larger share of furloughed workers tend to experience a smaller drop in
household expenditure, consistent with the notion that government support may
have avoided an even deeper consumption crisis. Finally, the bottom panel of
Figure 9 uncovers a stronger and significantly negative correlation between the
share of higher-income users and the percentage change in median consumers’
spending across U.K. geographical areas.

The analysis in Figure 9 is based on unconditional correlations and all three
indicators bear some degree of comovements with each other. To gather some
further insights into the most promising empirical regularities, in Table 3, we
move one step further and project the percentage decline in spending for each
geographical area onto the three measures of the health crisis, the government
support and the income inequality. To elicit both the individual and marginal
contribution of each dimension, we run a battery of regressions with all possible
combinations of regressors, ranging for each of the three indicators in isolation, to
regressions in pair and finally all three together.

A main result from this exercise is that only the share of higher-income users
is a significant and robust predictor of a larger decline in spending, consistent
with the analysis in Section 3. For every 2% increase in the share of users with
income above £40K, local spending falls by a further 1%. In contrast, while the
relationships between regional spending change and the share of coronavirus
deaths on the one hand and the share of furloughed workers on the other hand
have the expected sign, these variables clearly do not have the predictive power
displayed by the share of higher-income users.

It is worth emphasizing that the correlations in this section are only suggestive
and do not imply any causality. Still, they may help to bridge the findings of
empirical studies that observe income at the individual level, like ours, with
the results from very detailed and granular spending analyses, like for instance
Carvalho et al. (2020), that only report income at the municipal or regional level.
Using user-level data to construct a regional measure of income, we have shown
that a simple regression analysis at the regional level — such as the one in Table 3 —
is able to capture the statistical association between spending and income at the

individual level that we have documented in Section 3.
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6 Conclusions

Covid-19 is the greatest health and economic crisis of our time. Despite the extraor-
dinary global efforts among policy makers, health researchers, data scientists and
economists, many fundamental questions about its evolving and likely persistent
economic effects remain unanswered. At the heart of this uncertainty lies the diffi-
culty in acquiring real-time information that could help to identify which groups
of society have been most affected and why. In this paper, we join a blossoming
empirical literature that aims to track the economy in real-time by constructing
indicators of economic activity using high-frequency transaction data from linked
bank accounts.

We exploit the richness of household balance sheet data from a large fintech
app provider in the U.K. to construct measures of spending, earnings and income
at the individual level and look at the impact of the pandemic across the income
distribution. A main finding is that the most affluent households have cut their
spending the most during 2020Q2, with the top quartile accounting for about
45% of the decline in aggregate consumption. This represents an increase of 10
percentage points relative to the contribution of this group to total household
expenditure during normal times. In contrast, fintech app users with less than
£20,000 annual income in 2019 have contracted their expenditure the least, possibly
reflecting a larger spending on essential goods and services.

Low-income users have, however, experienced the largest drop in earnings,
around 15%, but their incomes have declined by much less. We provide evidence
suggesting that an increase in government benefits since the start of the pandemic
likely accounts for the significantly smaller fall in income (relative to earnings) for
this group and, therefore, may also explain part of the less pronounced decline in
their spending relative to the other groups. Consistent with this hypothesis, we
show that when we restrict our analysis to users (i) at the bottom of the ex-ante
income distribution as of 2019 and (ii) facing an increase in government benefits
during 2020Q2, the level of their spending in June 2020 has been similar to the
pre-pandemic levels. Nevertheless, our results suggest that users at the top of the
income distribution may have seen a disproportionally larger increase in their
personal savings.

As for the large swings in consumption during the first half of 2020, our evi-
dence reveals that a significant part of the spending drop actually occurred before
the introduction of lockdown measures and social distancing policies in the second
half of March, suggesting that fears and uncertainty about contracting the virus

and/or about future income have likely contributed to shape the dynamics of
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household expenditure. In line with this view, we document that the spending
increase in June, after the partial lifting of some of the restrictive measures, has
been more pronounced in sectors characterized by a lower contact rate such as re-
tail, food delivery and durable goods. In contrast, the spending on categories such
as restaurants, travel & holidays and recreation outside home is still significantly
below pre-pandemic levels.

Finally, we document pervasive heterogeneity in the breadth and depth of the
spending decline across regions of the United Kingdom. London and the South
East exhibit the largest contractions in the second quarter of 2020 whereas Northern
Ireland and Wales have experienced a much milder spending reduction. We
explore whether the number of coronavirus deaths per 1,000 inhabitants, the share
of furloughed workers and the share of users within the top income bracket have
any statistical power to predict a larger change in household expenditure. Our
findings suggest that a 2% increase in the share of high-income users is associated
with a very significant 1% of further decline in consumption. In contrast, there is
little evidence of any systematic relationship between local spending changes and
either the share of Covid-19 causalities or the share of furloughed workers across
regions.

The analysis presented in this paper is not meant to substitute the fundamental
role played by well-designed, representative surveys operating in many advanced
and emerging economies, such as "Understanding Society” and "Living Costs and
Food’ in the United Kingdom. Rather, by exploiting the joint presence of spending,
earnings and income at the individual level as well as the timeliness of their release,
transaction data from linked bank accounts (such as for instance those provided
by a fintech app) can complement more traditional survey methods. This paper
has focused on tracking the heterogeneous effects of macroeconomic shocks on
the distribution of household means and ends in real-time. This is of paramount
importance for academic research seeking to identify the most salient channels
of the transmission mechanism and for policy analysis trying to design policies
targeted to specific groups of society.
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Table 1: Summary statistics

Mean p10 p25 p50 p75 p90
User Characteristics
#Banks 2.30 1.00 1.00 2.00 3.00 4.00
#Accounts 4.38 1.00 2.00 4.00 6.00 8.00
Age 37.90 26.00 30.00 36.00 44.00 53.00
Salary 2669.05 1080.92 1636.51 2327.32 3297.48  4374.32
Monthly Transactions

#Transactions 100.20 44.00 64.00 92.00 126.00 164.00
Total expenditure 1475.87 458.21 731.96 1190.62 1880.62 2768.53
Nondurables 554.85 122.04 240.21 439.43 764.68  1139.19
Durables 140.19 6.57 16.97 46.95 124.96 317.02
Services 836.99 218.18 367.57 622.38  1029.21 1609.66
Groceries 311.08 40.83 107.31 236.14 443.05 683.18
Restaurant 110.63 13.19 32.75 73.20 141.20 234.84

Monthly Mortgage and Rent Payments

Mortgage payments 935.52 295.07 483.85 749.11 110215 1592.76
Rents 762.60 90.95 300.00 576.00 945.00  1472.66

Note: Summary statistics on user characteristics (top panel), monthly transactions, salary
and selected expense types (middle panel), mortgage and rent payments (bottom panel)
for our main sample of users. The table reports the mean as well as 10, 25, 50, 75 and 90
percentiles. Salary, expenditure, and mortgage/rent payments refer to the period from
January to March 2020.
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Table 2: Percentage spending decline by groups of the ex-ante income distribution

Income group  Share of users  Share in expenditure ~ Contribution to decline

< 20K 23.8 17.5 9.8
20 — 30K 28.6 20.9 16.3
30 — 40K 23.0 26.9 28.6
> 40K 24.6 34.7 45.3

Note: The table reports the share of users by after-tax income groups of (i) below 20K, (ii)
between 20 to 40K, (iii) from 30k to 40K, and (iv) above 40K, based on their 2019 income
distribution. It also reports these income groups’ share in aggregate total expenditure
in the second quarter of 2019 (third column) and how much each group contributes to
the decline in spending in the second quarter of 2020 relative to the same period of 2019
(fourth column). Total expenditure has been deflated by the U.K. CPL
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Table 3: Regional regressions

) 2 ®) ) ) (6) @)

Covid-19 deaths -0.0728* -0.0718 -0.0508 -0.0498
(0.0366) 0.0372)  (0.0341) (0.0347)
furloughed workers 0.535 0.506 0.530 0.510
(0.443) (0.437) (0.438) (0.438)
higher-income users -0.546*** -0.505***  -0.546™**  -0.505***
(0.135) (0.134) (0.136) (0.134)
Constant -0.258*** -0.472%** -0.186*** -0.410** -0.157*** -0.344* -0.310*

0.0315)  (0.136)  (0.0338)  (0.139)  (0.0429)  (0.138) (0.141)

Observations 108 108 108 108 108 108 108
Adjusted R? 0.028 0.001 0.104 0.028 0.113 0.105 0.114

Standard errors in parentheses
*p <0.05 * p<0.01,*** p < 0.001

Note: Dependent variable: percentage decline in regional spending over 2020Q2 relative to
2019Q2. Sources: the variable ‘Covid-19 deaths’ refers to the number of Covid-19 deaths
per 1,000 inhabitants and is available from the ONS; "furloughed workers’ stands for the
share of furloughed workers as reported by HMRC; "higher-income users’ is the share
of users with after tax income above £40,000 in 2019 from the MDB sample. The 107
geographical areas are determined on the basis of the first two digit of MDB users” home
post code. We exclude areas for which there are only 15 users or less.
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Figure 1: Change in total expenditure and income

Monthly income and expenditure
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Notes: The figure records the year on year change in median income and total expenditure. To net
out regular growth and age effects, we normalise all series to 100 in January in both years. Looking
at year on year changes further takes care of the seasonality in the data.
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Figure 2: Average spending, earnings and income by income groups

Monthly expenditure by income groups
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Notes: This figure shows the heterogeneity in spending behavior, earnings and income by four
different income groups. Depicted is the year on year change in median expenditure, earnings and
income series, normalized to 100 in January in both years. The users are classified into four income
groups based on their annual after-tax income in 2019.
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Figure 3: Personal saving rates along the ex-ante income distribution

Panel A: Implied savings rates (net balance)
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Notes: This figure shows how personal savings were impacted by the pandemic. In the top panel,
we show the percentage decline in earnings, income and expenditure in June 2020 relative to June
2019 for users with different after-tax income in 2019 that have been grouped according to the level
displayed on the horizontal axis. This sheds light on the implied saving rates across these groups.
In the bottom panel, we also provide more direct evidence, showing the savings rates as of June
2020 constructed from individual account balances (s = 1 — C/Y). For the income measure, we use

both earnings as well as total income as measured by all incoming flows net of money transfers
and refunds.
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Figure 4: Monthly expenditure in restricted and unrestricted sectors

Expenditure in restricted sectors by income groups
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Notes: The figure shows the monthly median expenditure spent in restricted and unre-
stricted sectors over the course of the pandemic by the four income groups considered.
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Figure 5: The role of government benefits

Share of users with increase in government benefits
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Notes: This figure shows the role of government benefits for the four different income groups. The
top panel shows the share of users that experience an increase in benefits relative to January. The
middle panel depicts the median value of the benefits, conditioning on the users receiving benefits.
The bottom panel shows the change in spending for the two lower income groups by benefit status.
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Figure 6: Average weekly expenditures by main categories
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Notes: The figure shows the average weekly total expenditure, as well as spending in non-durable
goods, services and durable goods normalised to 100 in January (left); year on year changes (right).
All series have been deflated by the U.K. CPI. Normalising both series to 100 in January nets out
regular growth and age effects.
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Figure 7: Average weekly expenditures by sectors
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Notes: Average weekly expenditure for a number of subcategories of interest expressed as year on
year changes. Food delivery is composed of transactions in Deliveroo, Uber Eats and Just Eat. All
series have been deflated by the U.K. CPI. Normalising the series to 100 in January in both years
nets out regular growth and age effects. 33



Figure 8: The decline in total expenditure in the UK
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Notes: Percentage decline in spending over 2020Q2 relative to 2019Q2 across different regions in
the U.K. based on the first two digits or MDB users’ postcodes. Top panel: percentage decline in
spending in the UK and its main regions. Bottom panel: heatmap of the percentage decline in
spending; darker areas indicate larger drops in spending. We exclude postcodes for which we
observe only 15 users or less.
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Figure 9: The relationship between change in spending and share of deaths,
furloughed workers and higher income users
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Notes: The vertical axis in each chart refers to the percentage decline in spending over 202002
relative to 2019Q2 across different regions in the U.K. based on the first two digits or MDB users’
postcodes. The horizontal axis in each row stands for (i) the number of Covid-19 deaths per 1,000
inhabitants, (ii) the share of furloughed and (iii) the share of users with after tax income above
£40,000 in 2019 from the MDB sample, respectively in each geographical area.
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Appendix

A Data appendix

A.1 Data cleaning and user selection

A key advantage of data from financial aggregators such as MDB is that users
can link all their accounts, thus generating a complete picture of their income
and expenditure. However, to get an accurate picture of a user’s finances, it is
important to exclude users with incomplete accounts. To this end, we restrict our
sample to users which

1. have at least one current account

2. transact at least 200 pounds in debits and have a minimum of 5 transactions
in each month in our sample (Jan 2019 - June 2020)

3. have refreshed the app, and with that their accounts, in July 2020, ensuring
that all relevant transactions have been downloaded by MDB

In the MDB data, there is also the possibility of duplicate accounts, for instance
if a user registers with the service multiple times. MDB have developed a proce-
dure to identify such accounts. We exclude accounts that MDB has identified as
duplicates from our analysis.

There are also some users that use MDB for business-related purposes. Since
we are interested in personal incomes and consumption expenditure, we want to
exclude such accounts from our analysis. To this end, we exclude (1) accounts
that are explicitly registered as a business account with the bank, (2) accounts
that include the words “company”, “business” or “limited” in the account name,
(3) accounts that include a transaction to HMRC with the word “VAT” in the
transaction description. Furthermore, we exclude users with disproportionally
large expenditure tagged as business expenses, users with an implausibly large
number of accounts (more than 10 active accounts) as well as users with monthly
debits in excess of 100K.

Because our analysis depends on the transaction tags supplied by MDB, we
impose some further restrictions on monthly expenditure and income calcu-
lated based on the tagged transactions. In particular, we require that users have
monthly total expenditure of at least 100 pounds (and less than 10K) in all months
but one in our sample. Furthermore, we require that they have some transactions
tagged as income in at least 8 months in 2019 and 2 months in 2020 and that their

annual after-tax income in 2019 is at least £5,000. Because the MDB sample is
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tilted towards higher-income individuals and to further minimize the risk to in-
clude users who use MDB for business-related purposes, we also exclude users
with an annual after-tax income in 2019 above £60,000. However, our results are
robust to using higher thresholds. Finally, except when we look specifically at
pensioners (in Appendix C), we restrict our sample to users in the working age

population.

A.2 Construction of expenditure and income variables

To construct measures on expenditure and income, we rely on the transaction tags
as well as the merchant descriptions provided by MDB. As discussed in the main
text, MDB uses machine learning techniques to categorise transactions into differ-
ent groups based on the description of a given transaction (‘automatic tags’). The
transaction description is of the same format as it would appear on bank state-
ments and typically describes the source or nature of the transaction. The MDB
algorithm is able to tag around 75% of all transactions. The remaining transac-
tions are left untagged. Users have the ability to manually add tags or change
the tags provided by MDB. A further 5% of transactions are manually tagged by
users in this way (‘user tags’). As part of the anonymisation of the data, sensitive
parts of the transaction descriptions have been redacted. This makes it difficult
to categorise transactions ourselves and because of this we are reliant on the tags
provided by MDB.

As explained in the main text, we only rely on the automatic tags in our anal-
ysis, as they are consistently applied across users and time and not subject to
recollection biases or the like. We also exclude all transactions not tagged by the
algorithm from our analysis because it is hard to assess whether these transac-
tions are actual expenditure/income or merely reflect transfers between different
users or accounts. While this means that we may understate expenditure and
income to a certain extent, it ensures that these measures do not erroneously in-
clude unrelated transactions such as transfers. Furthermore, constructing finer
measures than total expenditure and income is only possible based on the tagged
transactions. However, our results turn out to be robust with respect to the tag
type as well as the treatment of untagged transactions, see Appendix D.

Expenditure measures. To construct measures of consumption expenditure, we
closely follow the COICOP guidelines by the United Nations Statistics Division
to group different transaction tags into broader categories of expenditure, such as
total, non-durable, durables, and services expenditure, as well as smaller subcat-
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egories such as retail, restaurants, or travel & holidays. The transaction tags used
for non-durables, durables, and services are presented in Table A.1. Total expen-
diture consists of all tags in the non-durables, durables and services groups. In
addition, Table A.2 reports all the transaction tags available in the data. Some
of these spending types have been restricted during the lockdown period, e.g.
concert or hotel expenses. Some spending categories have been unrestricted, e.g.
food and groceries, or only partially restricted, e.g. when online shopping is an
option for DIY. It is not possible to categorise all spending types under these three
categories therefore some are left unclassified, e.g. benefits or loans.

For some subcategories of expenditure, there are no matching transaction tags
provided by MDB, e.g. for online shopping or food delivery. For these categories,
we use information on the merchants. In particular, we proxy online shopping by
transactions with Amazon and Ebay as the merchant. For food delivery, we look
at transactions with Uber Eats, Deliveroo, and Just Eat as the merchant.

For each user we then construct measures of expenditure for these categories
by summing all debit transactions with the relevant tags over a specific time in-
terval (e.g. a week or a month). Spending at the weekly frequency features some
bunching towards the beginning and the end of a given month because of recur-
ring bills such as utilities, broadband, mobile or council taxes. For this reason,
we also construct measures of expenditure excluding these recurring bills, which

makes the series more easily interpretable.

Income, earnings, and benefits. On the income side, we construct measures
of earnings, benefits and total income. For earnings, we rely on the tag Salary
or Wages (Main). There are also tags for secondary salaries in the data, Salary
(secondary), however, these are poorly populated and including them does not
change any of our results.!

To construct a measure of total income, we construct different subgroups of
income. In particular, we create a measure of financial and other income (Irregular
Income or Gifts, Interest income, Rental income (whole property), Dividend), a measure
of pensions (Pension, Work pension), and a measure of overall benefits (Benefits,
Family benefits, Other benefits). Total income is then equal to the sum of earnings
as well as all other income.

For our measure of government benefits, we use the Benefits tag. This tag
includes income-support, work, and some health related benefits, issued by the

1 As discussed in Bourquin et al. (2020), in earlier vintages of the MDB data there was a problem
with the algorithm to identify salaries, which resulted in too few transactions being tagged as
salaries from March 2020 onwards. In the new vintage of the data, MDB have addressed this issue
and the salary tags should be reliable again.
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U.K. Department for Work and Pensions. We do not include family and other
benefits. However, we have verified that unlike income related benefits, these
benefits were very stable over our sample of interest, both along the intensive

and extensive margin.
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A.3 Comparison of different spending indicators in the U.K.

There are two main information sources which inform both scholars and policy
makers about how household expenditure evolves in the U.K.. The first is the Of-
fice of National Statistics” Living Costs and Food Survey (LCFS). This is a yearly
survey whose results are released twelve months after the previous financial year
ends.? The LCFS aims to understand consumption at the household level and re-
ports the average weekly expenditure alongside comparisons with the previous
financial years. The survey results feed into the calculation of consumer price
indices and national output.

The second data source is the Understanding Society Surveys (USS), formerly
conducted as the British Household Panel Survey.® This survey is conducted in
multiple waves. As data collection and processing takes place for one wave, the
other waves are taken to the development stage. The latest wave, Wave 9, has
started in 2016 with the development phase. The data collection took place until
the third quarter of 2019. Final data processing and documentation has been
tinalised in the second half of 2019 which allowed the results to be released in the
last quarter of 2019.

In Table A.3, we compare our spending indicator with the information col-
lected by the surveys by the ONS and Understanding Society. The first row dis-
cusses the release delay. To illustrate this, consider spending data that occurred
during the month of March 2019. This information is collected by the MDB auto-
matically and with no delay via the app and thus can be processed and released
a few days after 31 March 2019, say — for sake of concreteness — by 3 April 2019.
In contrast, the LFCS and USS releases come only after eleven and six-to-twelve
months: for instance, data about March 2019 became publicly available on 19
March 2020 and in the month of December 2019 respectively.

Another relevant dimension of comparison is the frequency of data release.
The MDB data allows us to observe every transaction that takes place on a daily
basis and so we are able to generate weekly (and even daily) spending indicators.
On the other hand, the data release of the ONS’ Living Cost and Food Survey is
yearly while the one of Understanding Society occurs at quarterly frequency.

As for method of data collection, it is worth emphasizing that the fintech app

minimizes measurement errors as both the exact amount, and the exact time and

The latest release for the financial year of April 2018 to March 2019 is in https://wwu.
ons.gov.uk/peoplepopulationandcommunity/personalandhouseholdfinances/expenditure/
bulletins/familyspendingintheuk/april2018tomarch2019.

3Information on the methodology and the coverage of the Understanding Society Surveys can
be found in https://www.understandingsociety.ac.uk.
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date of transaction are electronically recorded in real-time via the app. In con-
trast, the LCFS is based on a mixture of diary records (on smaller and more fre-
quent expenses, especially groceries) and a retrospective interview (for larger and
less frequent purchases) whereas the USS uses only a retrospective interview. As
discussed by Attanasio, Hurst, and Pistaferri (2014) and Pistaferri (2015), retro-
spective interviews are subject to recollection biases and diary records typically
suffer from severe non-classical measurement errors that may seriously compro-
mise inference.

In terms of sample size, our MDB sample covers more than 8,000 individuals,
which will likely increase further over time as the user base grows and existing
users refresh their accounts, while ONS and Understanding Society cover up to
6,000 households and 40,000 individuals, respectively. However, the MDB data
may not be as representative of the British population as the other sources, as the
users self-select in using the app. Therefore, we will analyze the its representa-
tiveness in detail in Appendix B.

It is useful at this point to discuss the means of payment. In the MDB data,
we observe separately the amount of electronic payments and ATM cash with-
drawals, though for the latter we do not know which category this is spent on.
On the other hand, the LCFS and the USS include both electronic and cash pay-
ments. However, as discussed in Section 2, the share of cash transactions is less
than a quarter of the total transactions and has been declining over time. Further-
more, the MDB data allows us a detailed coverage of different spending types.
This is similar to the LCFS but different from the USS, which only covers some
expenses types such as groceries, and alcohol and tobacco (but not other relevant
categories such as transport, restaurant or travel).

All methods include information to explore regional heterogeneities as well as
those arising from housing tenure, income and age. Finally, the unit of observa-
tions in the LCFS (and the USS) is a household In contrast, the unit of observations
in the MDB is a user, who through the app may be linking either individual or
joint accounts, with the associated credit and debit cards.

In sum, all three methods and sources have advantages and disadvantages.
The most appealing feature of our method is timeliness. As such, it may represent
a useful addition that complements the LCFS and the USS, which are based on
more representative samples of the British population.
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B Descriptive statistics and representativeness

B.1 Demographic and regional distribution

In this section, we provide some descriptive features of the data. The age profile
of our sample is presented in Figure B.1. Figures B.2 and B.3 present the number
of users and the share of users with respect to the total population of the regions
they live in. Finally, Figure B.4 shows the gender profile of our sample.* We
can see that MDB users are younger and more likely to be based in the Greater
London area than the British population. Furthermore, men appear to be over-
represented in our sample, even though this may partly reflect the fact that shared

accounts are more likely attributed to men.

Figure B.1: Age profile of users
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Note: Age profile of the users in the final dataset.

41t is important to note that gender is a derived variable, provided by MDB, and not by the
user itself.
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Figure B.2: Number of users by regions
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Note: Total number of users with respect to the regions they live in. NA: users with no
postcode information.

48



Figure B.3: Number of users by regions normalized by region population
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Note: Share of total number of users to the total population of the regions they live in.
Excluding those with no postcode information.
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Figure B.4: Share of users by gender
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B.2 Representativeness

As discussed in more detail in Appendix A.3, there exist some important differ-
ences between the MDB data and other sources and national statistics in particu-
lar. The MDB has many desirable properties especially concerning measurement
and timeliness. However, this comes at the cost of a potentially less representa-
tive sample, as the users self-select in using the app and are not selected to en-
sure representativeness. In fact, as we have seen above there are some important
demographic and regional differences between the MDB sample and the British
population. Therefore, it is crucial to analyze whether our sample may still bear
some representativeness for consumption and income of the British population.

In this appendix, we thus investigate the representativeness of our MDB sam-
ple along two dimensions. First, we study how the pre-pandemic income and
consumption distribution compares to other, representative sources. Second, we
study how aggregated expenditure from the MDB data compares over time with
the official data from the ONS on final household expenditure.

Cross-sectional dimension. We start by analyzing the representativeness along
the cross-sectional dimension. Our benchmark will be the 2019 data from the
2018/2019 wave of the LCFS survey. The derived households characteristics data
contains all the data we need, i.e. total expenditure and disposable income as well
as more detailed expenditure on COICOP categories. We aggregate the normal
weekly income and consumption measures to annual measures by multiplying
them by 52.

First, we look at how the pre-pandemic income distribution in the MDB data
compares to the distribution in the LCFS. Figure B.5 presents the results. In the
top panel we study the unrestricted income distribution while the bottom panel
shows the distribution after we impose our additional restrictions (we impose the
same restrictions in both the MDB and LCFS data). We can see that the income
distribution in the MDB data is fairly similar to the LCFS, both in the unrestricted
sample as well as in our main sample where we exclude very high income indi-
viduals. The MDB distribution is slightly shifted to the right relative to the LCFS
sample, however, the match is very close.
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Figure B.5: Income distribution in the MDB and LCFS data

Panel A: Unrestricted sample

Density

0 20k 40k 60k 80k 100k 120k

After-tax income in 2019

Panel B: Restricted sample

Density

0 10k 20k 30k 40k 50k 60k 70k

After-tax income in 2019

Notes: The figure shows distribution of the annual after-tax income in 2019 in the MDB and
LCFS sample. As the LCFS is currently only available for the first quarter 2019, annual income
is computed based on the normal disposable income of the sample in that quarter. The pdfs’ are
estimated using an Epanechnikov kernel. The top panel shows the unrestricted income distri-
bution in the MDB and the LCFS data, only excluding incomes over 100k that are top-coded in
LCFS data. The bottom panel shows the income distribution in the MDB and LCFS data once we
impose our additional restrictions (i.e. dropping very low and high incomes). As explained in
Appendix A, we drop very high incomes to further minimize the risk to include users who use
MDB for business-related purposes (users with an annual after-tax income in 2019 above 60k).
However, our results are robust to using higher thresholds.

In Figure B.6, we compare the distribution of COICOP total expenditures (in-
cluding housing) in the MDB and the LCFS data.” Reassuringly, the two distri-
butions are virtually identical.

>Note that this definition does not include mortgage interest payments and council tax, which
are included in LCFS under ‘other expenditure’.
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Figure B.6: Consumption distribution in the MDB and LCFS data
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Total consumption expenditure 2019 (incl. housing)

Notes: The figure shows distribution of the annual total consumption expenditures including
housing (COICOP definition) in 2019 in the restricted MDB and LCFS samples. As the LCFS is
only available for the first quarter of 2019, annual expenditure is computed based on the COICOP
total consumption expenditure measure of the sample in that quarter. The pdfs’ are estimated
using an Epanechnikov kernel.

Finally, we also study how spending across the main COICOP categories in
the MDB data matches up with the LCFS. For this purpose, we have constructed
12 expenditure categories ranging from food and non-alcoholic drinks to miscel-
laneous goods and services, trying to match the definitions of the corresponding
COICORP categories in the LCFS data as closely as possible.

The results are shown in Figure B.7, which shows the annual average expen-
diture in 2019 on the main COICOP categories as a share of total expenditure
(including housing). We can see that the shares in the MDB data match the LCFS
data fairly well. We observe the largest differences for “food and non-alcoholic
drinks’, "alcoholic drinks, tobacco and narcotics” as well as ‘recreation and cul-
ture’. However, note that the total share on food and alcohol is comparable across
the MDB and LCFS data. Given that the tags in the MDB data may be some-
times not specific enough to identify purchases of alcohol (if a user buys alcohol
at a supermarket in combination with other foods, this will likely show up un-
der broader tags than “alcohol’/’tobacco’, e.g. ‘supermarket” or "foods, groceries,
household’, which are included in the food category). Similarly, the high share on
‘recreation and culture’ in the MDB data is driven by the tag "Enjoyment’, which
could potentially also contain expenditure on other COICOP categories, which
we are however not able to disentangle in the MDB data. By way of summary,
it seems that the expenditure on different COICOP categories in the MDB data is
fairly consistent with the LCFS data.
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Figure B.7: Spending on main COICOP categories in the MDB and LCFS data

25
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W LCFs
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Notes: The figure shows annual average expenditure on the main COICOP categories as a share
of total expenditure including housing in the restricted MDB and LCFS samples. As the LCFS is
only available for the 2019Q1, annual expenditure is computed based on the COICOP expenditure
measures of the sample in that quarter.

Time-series dimension. We also study how the MDB compares with national
statistics in the time-series dimension. To this end, we construct an aggregate
consumption expenditure measure based on the MDB data over the period 2015-
2019. In this context, it is problematic to follow the same set of users, as we do for
our main results, because of the following reasons. First, as the MDB users age
and gain more experience, this will naturally be reflected in their expenditure and
income. This is very different from national statistics, which reflect such changes
only to the extent the overall demography changes. Second, it constrains the user
pool considerably, as the number of users has grown over time and only a smaller
share of users have used the app consistently from the start.

To address these issues, we follow an alternative approach and use a rotating
panel of users. In particular, we focus on users that we consistently observe for
at least three consecutive years. This leaves us with a rotating panel of around
45,000 users. For these users, we compute monthly total consumption expendi-

ture and rents. After removing outliers, we compute monthly averages of total

®To remove outliers in total expenditure, we drop the top and bottom 5% of observations, first
within every month to remove outliers in a given month and then also across the entire sample to
remove global outliers. For rents, we remove observations below 200 and above 6,000 GBP.
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expenditure and rents.® Using this data, we construct a measure of total expendi-
ture including imputed rents, by adding the average monthly rent to the average
total expenditure. This simple approach of imputing rents essentially amounts to
impute to all homeowner occupiers the same average rent paid by the renters in
our sample. Finally, we deflate the nominal expenditure series by the U.K. CPI

and aggregate the monthly deflated series to the quarterly frequency.”

Figure B.8: Comparison to national statistics
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Notes: The figure compares quarterly measures of aggregate household consumption expenditure

from the MDB data (non-SA) and the official statistics from the ONS (SA). The top panel shows
an index of the series, normalized to 100 in mid-2017. The bottom panel shows year-over-year
growth rates for the period2016-2019.

Figure B.8 compares the MDB aggregate to the measure of real final consump-

“Tmportantly, the evolution of aggregate expenditure based on this representativeness sample
is very similar to aggregate expenditure based on our main sample in 2019, the year the two
samples overlap, when accounting for the aforementioned age and experience effects.
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tion expenditure per capita from the ONS. Because the MDB data does not in-
clude cash payments, the level of our series will be somewhat lower. Therefore,
normalize both series to an index, choosing mid-2017 as the base period. We can
clearly see that the two series follow a very similar trend. We can also see that the
MDB data features a strong seasonal pattern. However, given the relatively short
sample period, it is challenging to remove the seasonality from the series. In the
bottom panel, we thus show the yoy growth rates for 2016-2019. Even though the
MDB growth rates are somewhat more erratic, they track the growth rates of the
ONS data reasonably well. The correlation between the two growth rates stands
as high as 79%.

The cross-sectional evidence in combination with the time-series evidence
suggests that the MDB sample bears quite some resemblance with the UK popu-
lation in terms of income and consumption — alleviating concerns regarding the
representativeness of the MDB data. There is also external evidence on the rep-
resentitativeness of the MDB data, in particular by Bourquin et al. (2020) who
investigate the representativeness of the data along a battery of measures, includ-
ing demographics, income, earnings, the number of salaries in the household, the
number of bank accounts and credit cards, and pre-crisis indicators of financial

distress.
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C Additional analysis and charts

In this Appendix, we present some additional results on the heterogeneous
spending response to the pandemic. We begin by grouping MDB users according
to their housing tenure, age gender.® The results are presented in Figure C.1.

Looking at the role of housing tenure status, we can see that mortgagors (in
orange) and renters (in green) have cut their expenditure by more than owners
(in blue). The recovery in June is least pronounced for mortgagors, which could
possibly reflect some form of financial distress. Turning to age, we find a larger
drop in spending for younger people (green line), closely followed by middle
aged users (orange line). For older people in our sample (blue line), we record a
smaller decline in consumption. Finally, women in our sample cut expenditure
somewhat less than men.

In Figure C.2, we look at how expenditure varies depending on whether a
user receives benefits, a pension or has children.” Consistent with our results in
the main text for users for whom we observe an increase in benefits, we find that
benefits recipients (in orange) cut their expenditure by about 10% less than non-
recipients (in blue).!’ Looking at pensioners (orange line), we find that the fall in
expenditure has been comparable in April and May to other users (in blue) but
the recovery for this group in June appears more muted. This stands in contrast to
the results we have for the older users in the working age population, for which
we observe a smaller response than for any other age group. Finally, the bottom
panel of Figure C.2 reveals that users with children (in orange) cut their expen-
diture by less than users without (in blue), possibly reflecting the government
support through child-related benefits and tax credit.

8We identify mortgagors and renters based on whether we observe rent or mortgage payments
for a given user. Users for which we do not observe either are classified as owners.

9Pensioners are identified based on pension payments and the age of a given user. Note that
we exclude pensioners from our main analysis but report the results for them here separately.
Finally, we identify users with children based on whether they receive family benefits and/or
have significant child related expenses.

19We also tried to identify “likely unemployed” adults by conditioning on users who receive
government benefits in March to June 2020. The results are very similar to the ones for the users
for which we observe an increase in benefits over this period.
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Figure C.1: Spending by housing tenure, age, and gender

Monthly expenditure by housing tenure
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Figure C.2: Spending for benefit recipents, pensioners, and users with children

Monthly expenditure for recipients of any benefits
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For completeness, in Figure C.3, we present the average weekly expenditure
measures of Section 4 but including recurring bills. The results are qualitatively
very similar to the ones excluding recurring bills in the main text. However,
by abstracting from recurring bills and focussing on discretionary spending, the

results are visually easier to interpret, especially for the indices in the left column.
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Figure C.3: Average weekly expenditures by main categories
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Notes: The figure shows the average weekly total expenditure, as well as spending in non-durable

goods, services and durable goods normalised to 100 in January (left); year on year changes
(right). All series have been deflated by the U.K. CPI. Normalising both series to 100 in January
nets out regular growth and age effects.
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D Robustness

In our main analysis, we have exclusively relied on the automatic tags provided
by MDB. To mitigate concerns that the patterns in expenditure and income that
we uncover are driven by the performance of the tagging algorithm, we report
here the share of outgoing and incoming transactions that are tagged over time.
Figure D.1 presents the results. From Panel A, we can see that the algorithm
is generally more successful in tagging expenditure than income, with around
80% of the outgoing transactions tagged and 55% of the incoming transactions.
Importantly, the share of tagged transactions turns out to be remarkably stable
across time. From Panel B, we can see that this does not only hold in the aggregate
but also by the four income groups we consider.

Figure D.1: Share of untagged transactions in 2020 (percent)

Panel A: In the aggregate
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Panel B: By income group
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Notes: The figure shows the share of untagged transactions over the course of 2020, in the
aggregate (Panel A) and by income groups (Panel B). The shares of untagged outgoing
transactions is on the left and the share of incoming transactions is on the right.

Given that a non-negligible share of transactions cannot be tagged by the al-
gorithm, we have also performed some robustness checks regarding the tag type
and the treatment of untagged transactions.
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In Figure D.2, we analyze how our main results are affected if we rely on the
user precedence tag as opposed to the automatic tags. Interestingly, the results

turn out to be quite consistent to using the automatic tags.

Figure D.2: Robustness with respect to tag type
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Notes: The figure compares the results on income and expenditure based on the automatic tags
(left column) to the results based on user tags (right column).

Finally, we have also constructed expenditure and income measures that are
based on all incoming/outgoing flows into the user’s current (and credit for
spending) accounts, including untagged transactions, net of transfers. Reassur-
ingly, the results turn out to be qualitatively very similar to our baseline results,

see Figure D.3. However, identifying transfers or refunds among the untagged
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transactions is very difficult. Therefore, we view our approach as more conserva-
tive as relying on the tagged transactions avoids inflating spend and income by
erroneously attributing transfers as actual expenditure/income.

Figure D.3: Including untagged transactions

Monthly expenditure by income groups
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Notes: Monthly expenditure and income by income groups based on measures includ-
ing untagged transactions. The measures are constructed based on the outgoing/income
flows into a user’s current (and credit for spending) accounts, net of transfers. For the
expenditure measure, we use all tagged transactions except transactions with a tag related
to transfers, savings or credit card repayments (to avoid double counting). Furthermore,
we include untagged transactions except transactions that are above 100 and exact muti-
ples of 50, (as these are likely untagged transfers). For the income measures, we include
all transactions with a relevant income tag as well as untagged transactions. Among the
untagged transactions, we drop transactions with amounts below 100 pounds as well as
transactions with amounts that are exact multiples of 50. This approach is similar to the

one used in Bourquin et al. (2020).
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