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Abstract

This paper studies the impact of the Covid-19 pandemic on private donations using data on char-
ities annual returns filed to the Charity Commission for England and Wales. By exploiting varia-
tion in mortality rates across geographic units (local authorities), | show that donations to health
charities located in more severely hit areas have increased significantly more than those to health
charities in areas hit more mildly, and that this effect is quantitatively large. This differential evo-
lution is, however, not observed in the case of sources of charities’ income that are unrelated to
donors’ giving decisions. In addition, when comparing the post-pandemic increase in donations
to health charities vis-a-vis to non-health charities within a triple-difference setup, the analysis re-
veals that the growth differential between them turns out to be greater in areas that suffered higher
fatality rates. The evidence in the paper suggests that the relative severity of adverse events is a

crucial dimension guiding the allocation of charitable giving.
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1 Introduction

Understanding what motivates people to give and which causes they choose to contribute to are cen-
tral questions in the literature on charitable giving.! One key factor driving donation decisions is
awareness of need. Several studies have indeed provided evidence that altruistic behaviours posi-
tively respond to the awareness of adverse shocks that are in high need of support. In these stud-
ies, awareness spikes typically arise as a result of purposeful informational/fundraising campaigns
[Scharf, Smith and Ottoni-Wilhelm (2022); Meon and Verwimp (2022)], in the aftermath of short-
lived and geographically localised calamities [Deryugina and Marx (2021), Schwirplies (2023)], or
following individual experiences of suffering [Smith, Kehoe and Cremer (1995); Olsen and Eidem
(2003); Black et al. (2021)].2

One major recent adverse event witnessed worldwide has been the Covid-19 pandemic. The pan-
demic has hit virtually all countries and regions on the planet. Furthermore, its salience and coverage
on the media worldwide has been pervasive to a historically unprecedented level. This included very
precise updates on the geographic evolution and distribution of new infections and deaths, which
were readily available to anyone with access to internet.® This constant flow of information has be-
yond doubt impacted on the levels of awareness about severity of the pandemic in different geographic
areas. It has also led to swift and large philanthropic responses.*

This paper studies the impact of the Covid-19 pandemic on the level of private donations to health
charities in England and Wales. The analysis relies on data on total private donations to individual
charities sourced from the annual returns filed to the Charity Commission for England and Wales. It

combines this dataset with data on Covid-19 death rates during the years 2020 and 2021 at the level

1See, e.g., Andreoni (2006), Vesterlund (2006, 2016), List (2011), Bekkers and Wiepkin (2011), Andreoni and Payne
(2013), and Ottoni-Wilhelm, Vesterlund and Xie (2017), for general overviews of different theoretical explanations for

charitable giving, and for evidence based on experimental and observational data.
2See also Bauer et al. (2016) for a meta-analysis documenting that people who have been exposed to war violence

exhibit later on stronger altruistic and pro-social behaviour, arguably owing to stronger awareness of the endured suffering.
3This availability of information contrasts drastically with the previous major pandemic, caused by the Influenza A.

The Great Influenza pandemic became known as the "Spanish Flu", which is a misnomer, largely as a result of wartime
censorship. European countries fighting WW1 were censoring reports on deaths affecting their own citizens and troops as

they feared this could negatively impact on their war prospects.
“For example, for the case of the US, the Center for Disaster Philanthropy (2021) reported that the total philanthropic

funding related to the Covid-19 during the first half of 2020 has dwarfed any funding for other recent disasters.



of local authorities in England and Wales. Importantly for the purposes of this study, the UK (and
England in particular) has been hit particularly hard by the virus in relative terms, and also mortality
rates across different regions there have shown wide heterogeneity. | exploit the geographic variability
in death rates to study whether the severity of the Covid-19 pandemic has led to differential responses
in terms of private donations to health charities in the aftermath of the pandemic.

Relying on within-charity variation across time, the analysis shows that health charities located
in areas (local authorities) that have suffered higher Covid-19 mortality rates have experienced a sig-
nificantly greater increase in total private donations when comparing their levels in year 2022 to the
average level of donations during 2015-19.% This qualitative result is not only robust to controlling
for several potential confounding factors (such as fundraising effort by charities and differences in
regional time trends), but also it is seemingly quantitatively large. Health charities located in areas
experiencing mortality rates above the median have seen a growth in private donations of approxi-
mately 19% when comparing the levels in year 2022 versus those in the pre-pandemic years. On the
other hand, when carrying out the same comparison for health charities located in areas whose death
rates were below the median, the estimates imply a growth in donations of just 3%.

Interestingly, the starkly heterogeneous responses by private donations across health charities is
not observed in the case of other sources of income (such as legacies originating from a deceased
person’s will, investment income, fees/grants, and income arising from trading activities and other
exceptional sources of income). In particular, when looking at the post-pandemic growth of sources
of income that do not originate from private donations, the regressions find no significant correlation
between them and the severity of the pandemic in the area (measured by the death rate at the local
authority level).

One possible interpretation of the previous results is that they reflect the guiding impact of the
severity of the pandemic on donors’ altruistic behaviour towards different charities. However, the
heterogeneous post-pandemic response of donations may also be influenced or biased by other con-
temporaneous confounding factors. The Covid-19 pandemic has led to a major health tragedy, but
it also meant an enormous negative economic shock. It could arguably be the case that variations

in the evolution of donations across charities in different areas reflect heterogeneities in household

5The regression analysis in the paper excludes years 2020 and 2021 from the samples, as those two years are the period
when the sheer impact of the Covid pandemic has been suffered. In addition, economic activity during those two years
has been tremendously affected by the series of lockdowns that had been implemented to contain the spread of the virus.



income dynamics as the pandemic receded during year 2022. Alternatively, it is likely that the series
of lockdowns pushed some of the most inefficient charities out of the market, and this adjustment
on the extensive margin could have been stronger in more severely affected areas.® To address these
concerns, | further expand the previous analysis (based only on health charities) to the entire set of
charities registered in England and Wales, and compare the evolution donations to health charities
vis-a-vis that of non-health charities. More precisely, | carry out a triple-difference analysis, and
show that the post-pandemic evolution of donations gifted to health charities relative to those given to
non-health charities has been substantially wider in areas which have suffered worse mortality rates.

The response of charitable giving to a deadly adverse event using administrative data is also stud-
ied in Deryugina and Marx (2021). There are some important complementary differences between
the two papers. Deryugina and Marx (2021) rely on tornadoes hitting different areas in the US over
time, and focus on individual donors with data sourced from their tax returns. This allows them to
compare charitable giving by individuals located near areas affected by the tornadoes against those
by individuals farther from those areas. Tornadoes are, however, short-lived, sporadic and very lo-
calised adverse events, hence the source of variation exploited is mostly the result of isolated spikes
of awareness at different moments in time and geographic locations. By contrast, the Covid-19 pan-
demic offers a unique event in terms of geographic simultaneity and ubiquity, such that it allows
focusing on the intensive margin response of charitable giving by exploiting variation in the severity
of the same catastrophe across different regions. In addition, by exploiting a pre-post response to an
event which was primarily a health calamity, this paper can make use of a triple-difference approach
that enables it to control for other simultaneous unobservable factors that could impact on charitable
giving and correlate with local Covid-19 mortality rates.

Lastly, the results in this paper offer observational evidence that is broadly in line with previous
experimental evidence on the salience of the Covid-19 pandemic and its impact on pro-social behav-
iour. For example, Adena and Harke (2022) showed that experiment participants whose attention has
been primed by referring to the Covid-19 pandemic have increased their giving relatively more, and
especially in the cases of participants from areas more severely affected by it. Similar evidence is
found by Fridman et al. (2022) based on a dictator game and by Grimalda et al. (2021) relying on an

online experiment with participants from the US and Italy.

6The Center for Disaster Philanthropy (2021) reported that the U.S. nonprofit sector lost more than 900,000 jobs during
year 2020.



The rest of the paper is organised as follows. The next section introduces the two main sources
of data used in the empirical analysis. Section 3 studies the differential evolution of private donations
across health charities located in geographic areas with experiencing varying levels of Covid-19 mor-
tality rates. Section 4 proceeds to carry out a triple-difference analysis including both health charities
and charities whose main area of activity lies outside health issues. Section 5 concludes. Additional

details on the data and robustness checks can be found in the Appendices.

2 Data

2.1 Donations to Charities and Definition of ‘Health Charities’

The main data source used in the paper is the annual returns submitted to the Charity Commission
for England and Wales.” All charities registered in England and Wales are required to file an annual
return to the Charity Commission reporting their income and spending during the year. The annual
report is divided in a number of separate sections. Depending on their total annual income, charities
are required to fill in some or all the sections, which in some cases differ in terms of the level of detail
of historical information. For example, while all registered charities must report their total income and
expenditure over their financial year, larger charities must report back that information with a higher
degree of disaggregation. In particular, charities whose gross yearly income has been above £500,000
must disaggregate total income between six separate source categories; namely: donations, legacies,
income from charitable activities, investment income, other trading activities, and other income.? In
addition, those charities must also specify how much of their total expenditure was due to fundraising
activities. Given that the purpose of the paper is to study evolution of donations before and after the
Covid-19 pandemic, the analysis will thus focus only on charities surpassing the £500,000 income
threshold.®

"The annual returns data is publicly available and can be accessed via the website https:/register-of-

charities.charitycommission.gov.uk/register/full-register-download.
81t is important to stress that income from donations do not include income from grants received by the charity. Income

from grants are included in the category ‘income from charitable activities’, which is defined as ‘income received as fees

or grants specifically for goods and services supplied by the charity to meet the needs of its beneficiaries’.
9The distribution of gross income across charities is highly skewed to the right, with median gross yearly income

approximately equal to £50,000 and mean gross yearly income slightly above £800,000. The share of charities with mean
gross yearly income greater than £500,000 is 12.5% of those registered in the Charity Commission.



The panel of charities used in the paper covers the years 2015-2022. | restrict the analysis to
charities which always receive positive donations every time they appeared in the sample. This trims
off about 28% of the available observations. Restricting the analysis charities that always exhibit
positive donations allows focusing on charities for which donations represent an important source of
regular income. Notwithstanding, in the Appendix, | show that the results are robust to including
all observations in which donations are equal to zero, by using the inverse hyperbolic sine (IHS)
of donations as dependent variable.!® One peculiarity of the charity sector in England and Wales
is that some of the charities may opt for some flexibility in terms of the length of their fiscal year.
In particular, a charitable incorporated organisation (CIO) may choose its financial year to run for a
length of time between six months to eighteen months, and it can adjust the fiscal year (within those
boundaries) every three years. Although the vast majority of charities in the dataset do follow the rule
that the fiscal year must equal twelve months, a smaller fraction have chosen at some point a different
length, and/or also have changed the length at some point in their history. To avoid comparing fiscal
years with different lengths, all observations originating from charities whose fiscal year differs at
some point during 2015-22 from twelve months have been excluded — this amounted to dropping an
additional 6% of the remaining observations.

The Charity Commission’s registry includes as well a database with a classification of “‘what’ each
charity does across seventeen different areas of charitable activities. (The full list of areas of activity
is provided in Table A.1 in Appendix A.) Charities may select one of more areas of activity within
the classification (see Table A.2 in Appendix A). The registry also includes a brief description of
the charitable activities written by the charity itself. The key question in this paper is whether the
Covid-19 pandemic has predominantly impacted charitable giving to charities whose main area of
activities is in health-related issues. This requires identifying/classifying the main area of activity of
each charity. Throughout the analysis I classify a charity as a “‘health charity’ if one of the following
two (non-overlapping) conditions is verified: i) the charity has selected ‘The Advancement of Health
or Saving of Lives’ as their only area of activity; ii) the charity has selected its activity to be in more
than one area, one of which is “The Advancement of Health or Saving of Lives’, and it has also made

0Relying on the IHS (arcsinh) transformation to approximate the logarithm function, while simultaneously accounting
for the presence of zeros in the variable of interest, has been increasingly used in Economics. See the discussion in
Bellemare and Wichman (2020), and for examples of its use in the literature see Pence (2006), Clemens and Tiongson
(2017), Jayachandran et al. (2017), McKenzie (2017), and Deryugina and Marx (2021).



explicit reference to health activities its own description of what it does.!* All the charities that do not
comply with either of the above two conditions are classified as ‘non-health charities’.

Finally, I also rely on the Charity Commission’s registry for geographically locating charities,
based on their main address and their postcodes. The geographic unit of analysis throughout the
paper will be the local authorities. England and Wales comprise 329 local authorities.'?

2.2 Covid-19 Deaths

I rely on the Office for National Statistics for data on Covid-19 deaths at the local authority level.
A death is deemed to be a ‘Covid-19 death’ when Covid-19 is mentioned in the deceased’s death
certificate. | compute the total number of Covid-19 deaths by local authority during years 2020 and
2021. Next, | compute the share of Covid-19 deaths during those two years over the total population
of the local authority. Focusing on the death rates during 2020 and 2021 to measure the severity
of the Covid-19 pandemic seems the appropriate choice, since those two years comprise the period
when the sheer impact of the pandemic was suffered in England and Wales. In addition, it was during
2020-21 that those regions went through a series of lockdown policies (varying in terms of restrictive
intensity), all aimed at containing the spread of the virus. The share of deaths for which Covid-19 is
mentioned in the death certificate remained of relative importance during 2022 (especially in the first
few months of that year). Nevertheless, by 2022 economic life in England and Wales had returned
to almost complete normalcy. By then, lockdown measures had all been lifted, and the Covid-19
pandemic was in general considered vanishing as vaccine campaigns reached the vast majority of the

population and milder virus variants like the Omicron became the prevalent ones.

I More precisely, whenever a charity selects ‘The Advancement of Health or Saving of Lives’ as one of its areas of
activities (alongside one or more other areas of activity), | classify the charity as a ‘health charity’ when in its own
description of what it does (at least) one of the following words is mentioned at least once: health, disease, illness,
sickness, medicine, medical, pathology, hospital, therapeutic, immunology, vaccination. The reference to any of these
words is irrespective of the use of lower case or capital letters, or whether it is in its singular or plural form. See Table

A.3in Appendix A for some examples of the classification in the cases of charities selecting multiple areas of activity.
12The financial district in London, known as the “City of London Corporation’ was excluded from the sample, as this is

a small geographic area in the centre of London with barely above 7,000 permanent residents, and to which approximately
half million people commute daily. For comparison, the median population amongst the local authorities in England and
Wales is 136,000 people.
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Figure 1. Histogram of Covid-19 Death Rates

Notes : The figure plots the distribution of Covid-19 death rates as percentage of total
population for the 329 local authorities in England and Wales. The median and mean
values are 0.285% and 0.284%, respectively. The maximum and minimum values are

0.517% and 0.097%, respectively. Data source: Office for National Statistics.

The Covid-19 pandemic has been an unprecedented event in terms of number of fatalities and its
ubiquity worldwide. The UK has been no exception. In fact, the UK (and especially England) ranked
comparatively high in terms of death rates across the globe. Despite fatalities being extensively
widespread in England and Wales, its geographic distribution exhibited substantive variability.

Figure 1 presents a histogram with the death rates as a percentage of the total population across
the 329 local authorities in England and Wales. This histogram displays a relatively symmetric distri-
bution of death rates. The median death rate across local authorities is 0.285% (and almost identical
to the mean 0.284%). The values of the death rates across local authorities range from its lowest
0.097% in South Hams (located in Devon county) to its highest 0.517% in Tendring (located in Es-
sex county).'®* The degree of geographic variation in death rates is also attested by comparing the
top decile of the distribution (exhibiting death rates above 0.378%) against the bottom decile of the

13Counties represent a coarser geographic unit. England and Wales comprise 34 counties. The median number of local

authorities per county is 7.



distribution (exhibiting death rates below 0.19%). The empirical analysis will exploit this geographic
variation in death rates, and study the differential evolution of donations to health charities in areas

more severely hit by the pandemic vs. those located in areas hit more mildly.14

3 Empirical Analysis I: Health Charities Sample

3.1 Difference-in-Difference Analysis on Donors Behaviour

As a first step, before conducting the analysis comparing donations in the pre- vs. post-pandemic
years across different areas in England and Wales, | test for the presence of non-parallel trends in
the evolution of donations during the pre-pandemic years. More specifically, 1 run the following

regression using data from years 2015-19:
In(D;qy) = 7 - Year, + p - (Year, x Deathrate;) + Gy + i, @

where the dependent variable in (1) is the natural logarithm of the total amount of donations received
in year ¢ by charity ¢, which is located in local authority I. Deathrate, is equal to the total number
of Covid-19 deaths during 2020-21 in local authority / over the total population of . The regression
(1) also includes a full set of charity fixed effects, ¢;;), and hence it exploits the time variation in
donations within charities. Note that since charities in the sample do not change the geographic
location where they are registered, c;;y will also implicitly be controlling for fixed effects at the local
authority level.*> Standard errors are clustered at the local authority level.

The estimation results of (1) are presented in the first column of Table 1. The estimated value of p
is not statistically significantly different from zero. The null hypothesis of parallel pre-trends across
local authorities that would eventually experience different levels of Covid-19 death rates cannot thus
be rejected. As robustness check, in column (2), I replace the linear trend term (7-Year;) by a full set
of year fixed effects. The presence of parallel pre-trends cannot be rejected in this case either. Lastly,
in column (3), I run a regression that aims at testing for the presence of parallel pre-trends, showing

some mild evidence of a linear time trend during the years 2015-2019.

14The empirical analysis will take the severity of the impact of the pandemic at the local level as exogenous. Fetzer
(2022) offers an explanation for geographic variations in the spread of the virus in the UK based on the implementation

of the so-called ‘Eat-Out-to-Help-Out’ scheme’.
15This fact also entails that (2) does not need to explicitly include Deathrate; as one of their regressors.

9



Table@.fonationsfoMealth@harities:MNon@Parallel®Pre@rendsTests

(1) (2) (3)

year 0.042 0.019*
(0.045) (0.011)
year®@eathrate @.088 @.087
(0.174) (0.174)
Observations 5,148 5,148 5,158
charities 1188 1188 1190
RBquared 0.898 0.898 0.898
charity FE Yes Yes Yes
yearFE No Yes No

Notes :@nlyFhealth@harities'TndFears2015Z2019Arelncluded@nEheBample.@ he@ependent®ariablefs @n(D iy ),Bvhere D i
equals@onations@uring®ear ¢t Bo@harity i localed@nfocal Authority /.M eathrates@efined@sEotal Lovid@A I@eaths Muring@020
and20210dn [ dividedby /'s@otalopulation.RobustBtandard@rrors@lustered@tiocal Authority Bevel @nfarenthesis.

The previous results seem to rule out the presence of heterogeneous pre-trends across geographic
areas with varying levels of Covid-19 death rates. In light of this, | proceed next to carry out a
difference-in-difference analysis of the response of donations to health charities in areas varying in
terms of the severity of the pandemic. In particular, | study now the relationship between the (post-
pandemic) change in donations to ‘health charities’ and the Covid-19 fatality rate in the area where

the charities are located. The benchmark regression has the following structure:
In(D;y) = a - Postcovid, + ( - (Postcovid, x Deathrate;) + 7 - Year, + ) + €iqye- (2)

The dependent variable in (2) is again the natural logarithm of the total amount of donations
received in year ¢ by charity 4, which is located in local authority [. Postcovid, is a dummy variable
that equals one in year 2022, while it equals zero during years 2015-19. For the regression analysis, |
exclude the two main years of the Covid-19 pandemic (that is, years 2020 and 2021) from the sample.
The regression (2) also includes a full set of charity fixed effects, ¢;;). Given the evidence of a mild
linear trend in column (3) of Table 1, I include in (2) the term 7 - Year;. Standard errors are clustered
at the local authority level. The main coefficient of interest is 3, which captures heterogeneities in
the post-pandemic evolution of donations to health charities given the Covid-19 mortality rate in the
areas where they are located.

The estimation results of (2) are displayed in column (1) of Table 2. The estimated value of 3 is
positive and highly significant. This implies that health charities located in areas that suffered higher
death rates have seen a larger increase in donations received in year 2022 relative to the average level
of donations during years 2015-19.

10



Notice that since all local authorities in England and Wales have experienced positive death rates
during the Covid-19 pandemic, the estimated value of o has no meaningful interpretation in this con-
text. However, the combination of the estimates of o and (5 at different levels of Deathrate; reveals
large quantitative variations in the post-Covid-19 responses of donations to health charities across ar-
eas with different mortality rates. For example, the 75th-percentile death rate across local authorities
was equal to 0.337%, for which based on the estimates the implied increase in post-pandemic dona-
tions to health charities in that area would be approximately 18%. On the other hand, considering the
local authority in 25th percentile, which had a death rate equal to 0.227%, the implied post-pandemic
rise donations to health charities there would be just 3.5%.

Columns (2)-(4) in Table 2 proceed to include some additional controls as robustness checks. Col-
umn (2) includes year fixed effects to control for any confounding effect generated by time trends or
temporary shocks. Naturally, once time fixed effects are included the regression can no longer iden-
tify the parameter «, but it can still identify the main parameter of interest (). The estimated value of
[ remains essentially identical compared to column (1). Another possible confounding factor could
be that health charities may have responded to the impact and gravity of the pandemic by increasing
their fundraising efforts. To address this issue, in column (3), I include the inverse hyperbolic sine
(IHS) of fundraising expenditures by each charity as additional control.’® As it would be expected if
donations do respond to fundraising efforts or campaigns, this variable carries a positive and statisti-
cally significant coefficient. The estimated value of 5 remains, however, almost intact quantitatively
and in terms of statistical significance. Column (4) includes county-by-year fixed effects. These
fixed effects would control, for example, for the impact of income shocks that heterogeneously affect
different geographic areas. The estimated value of 5 remains positive and statistically significant.

Lastly, as additional robustness check, the regression in column (5) restricts the sample to charities
located outside Central London (this removes 13 local authorities from the sample). In a sense, one
could fear that the exact local authority within Central London where a particular charity is located
is much less meaningful than in other areas of England and Wales, being Central London by far the
largest commuting centre in the UK. The results in column (5) remain, however, essentially intact
relative to those in column (4).

Appendix B.1 presents a series of robustness checks. One possible concern with the results in

16 A large number of charities report spending zero in terms of fundraising. Hence, the IHS is used to approximate the

logarithm of fundraising expenditure in the presence of zeros, rather than having to discard all these data points.

11



Table2.@Donations@oMealth@harities:fheterogeneousesponses@o@heLovid@ 9fandemic

&) (2 3 4 (5)

postcovid x@eathrate 1.311** 1.314** 1.357** 1.805** 1.830**

(0.619) (0.620) (0.618) (0.870) (0.904)
postcovid @.262

(0.166)
year 0.018

(0.011)
[HSHundraising 0.019%** 0.019%** 0.022%**

(0.006) (0.006) (0.008)

observations 6,253 6,253 6,253 6,253 4,788
charities 1258 1258 1258 1258 956
RBquared 0.874 0.874 0.875 0.878 0.876
charity®E Yes Yes Yes Yes Yes
year®E No Yes Yes No No
countyFear®E No No No Yes Yes
London Yes Yes Yes Yes No

Notes :@MnlyZhealth@harities'@refncluded@n&heBample.m'he@ependentBariableds@og(D ig:),Bvhere D jg): Bquals@onations @uring@ear ¢ Eo
charity i Bocaled@nfocal @uthority [.@The@nain®earsdffhefandemicf2020AndR2021)Are@xcluded@rom@heBample.Postcovid@quals@ An
year2022@AndMAnGrears@015 9. M eathratels Mefined@s Botal Lovid@elated@eaths @uringfears2020And2021 Bnflocal Authority [@ivided
by I'sf@otal Bopulation. RobustBtandard@rrors@lustered@tithedocal Authority Bevel Anfarenthesis.Ep<0.1F*p<0.05;F**p<0.01

Table 2 is that it restricts the sample to charities receiving positive donations. In Table B.1.1, by using
as dependent variable the IHS of donations, I run a series of alternative specifications that include as
well those observations where donations are equal to zero. All results tend remain qualitatively in
line with those in Table 2. As additional robustness checks, Table B.1.2 runs the same regressions but
replacing Deathrate; by the dummy variable High_deathrate;, which equals one when the Covid-
19 death rate in local authority / lies above the median death rate, and zero otherwise. Next, Table
B.1.3 enlarges the set of years considered as post-treatment, by redefining Postcovid; = 1 for years
2021 and 2022, while only excluding year 2020 from the regressions sample. Lastly, in Table B.1.4, |
restrict the analysis to the subsample of charities that operate only at the local authority level (hence,
removing all charities that operate as well at the national and/or international level). Despite the
large reduction in the size of the sample, the results remain qualitatively in line with those in Table
2. Furthermore, the results based on the subsample of health charities operating only at the local
authority level seem to point towards slightly larger quantitative differential effects. This would be
consistent with the notion that donors’ charitable giving across health charities in different areas is

influenced by the relative severity of the adverse events in the area they exclusively operate.

12



3.2 Difference-in-Difference Analysis on Other Sources of Income

The results in Table 2 provide evidence of strong heterogeneities in the post-pandemic response of
charitable giving to health charities depending on whether they are located in areas that suffered
higher mortality rates or where the impact of the pandemic has been milder. The interpretation of
these results entertained by this paper is that donors’ altruistic behaviour responds to the harmfulness
of adverse events, and hence charitable giving will increase more strongly in areas where it is needed
relatively more. If the results in Table 2 do reflect essentially this effect, one should not expect to
observe such strong heterogeneities before and after the pandemic when looking at other sources of
charities’ income which are unrelated to donors’ behaviour.

In Table 3, I show the results of a series of regressions analogous to that one in column (2) of Table
2, but where the dependent variable (natural logarithm of donations) has been replaced by alternative
sources of charities” income. In column (1) the dependent variable is income from legacies as the
result of a deceased person’s will, in (2) it is the income from investments (including rents), in (3) it
is the income received as fees or grants, in (4) is the income received from other sources of trading
activities and other exceptional sources of income. Unlike the case when using donations as dependent
variable, none of the regression in Table 3 yields a significant estimate for the coefficient associated

to the interaction term Postcovid, x Deathrate;.*’

4 Empirical Analysis I1: Triple Difference Approach

As previously mentioned, the results in Table 1 do not raise in principle major concerns about diver-
gent pre-trends across local authorities which would eventually experience varying levels of Covid-19
mortality rates. Nevertheless, interpreting the estimates of 3 in Table 2 as reflecting the impact of the
severity of the pandemic on donors’ altruistic behaviour may be unwarranted in the presence of other
confounding factors influencing such heterogeneities. One possibility could be that the results in

Table 2 are actually driven by differences in income dynamics as the pandemic receded during year

1"The number of observations (and charities) present in the different columns in Table 3 is always smaller than those
in Table 2. This is due to the fact that there are many more zeroes for the dependent variables used in the different
specifications used in Table 3. All the qualitative results in Table 3 are, however, robust to replacing the log of each
dependent variables by their respective IHS, so as to allow including all the observations with zeros. These additional

results are available from the author upon request.
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Table@.@HealthCharities:MtherBources®fAncome@pre@ndiost@ovid@ 9Ghandemic)

(€3] (2) (3 4

legacies investments charit Act. other income
postcovid®@eathrate 0.792 @.973 0.199 0.058

(0.862) (0.775) (0.534) (0.886)
Observations 2,843 5,451 4,457 4,408
charities 603 1113 904 939
RBquared 0.793 0.900 0.902 0.827
charityE Yes Yes Yes Yes
year®E Yes Yes Yes Yes

Notes :@nlyPhealth@harities'EArefincludeddnfhe®ample.@ he@ependent®ariablelslog(X iy ), Bvhere X Es@egacies@n{1),EnvestmentEncomeln{2),
charitableRctivities@ncomen{3) AndBtherBources Bf@Erading@nd@xceptional Bources BfEncomedn{4).ThenainfearsdfEheandemicf202021)
are@xcludedfrom@heBample.@Postcovid@qualsA AnBrear2022AndMEnGears2015@ 9.0 eathrate@quals@otal LovidAelated@eaths Muring20202 1
inf@ocal Authority [@ivided®y ['s@otalBopulation. RobustBtd. Brrors@lustered@tllocal Authority @evel AnGarenthesis.Fp<0.1;F*p<0.05;F**p<0.01

2022. For example, it could be the case that areas suffering higher death rates may have also had to
constrain their spending more strongly during the pandemic years. This could then have led them to
save relatively more, and could in turn mean that as the pandemic receded those areas may end up
catching up with their spending (including their spending in charitable donations). Another possibil-
ity could be that the pandemic years forced some of the most inefficient charities to leave the market,
and this cleansing mechanism may have worked more strongly in more severely affected areas.
Drastic changes in donors’ altruistic behaviour awaken by the gravity of the pandemic should
arguably be mainly reflected in variations in charitable giving to health-related causes. On the other
hand, other potential confounding effects of the pandemic on donations (as those mentioned in the
previous paragraph) should exert a more even impact across all charities in a given geographic area,
irrespective of their specific social missions. To assess this source of heterogeneity across areas and
charities” missions, |1 now proceed to carry out a triple-difference regression including all charities
present in the dataset (regardless of their area of activity). To that end, | introduce now the dummy
variable Health;, which is equal to one when charity 7 is classified as a *health charity’ and zero

otherwise, and run the following regression:
In(D;qy) = a - Postcovid, + (3 - (Postcovid, x Deathrate;) + 6 - (Postcovid, x Health;)
7 - (Postcovid; x Deathrate; x Health;) + 7 - Year; + Gy + €iqye- 3
The main coefficient of interest in (3) is ~. If donors’ altruism does indeed respond to the severity
of the pandemic, we should then observe a relatively more pronounced increase in donations to health

charities compared to non-health ones when looking at areas that suffered higher mortality rates. That

is, we should observe a positive estimate for ~.
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The results of (3) are displayed in the first column of Table 4. The estimated value of  is positive
and highly significant, implying that the post-pandemic response in donations to ‘health charities’
relative to donations to ‘non-health charities’ tends to favour the former relatively more in those areas
that experienced worse Covid-19 death rates. One additional interesting result is the fact that the
estimate of the coefficient associated to the interaction term Postcovid; x Deathrate; is negative.
This would suggest that (unlike to the case of health charities) in the case of non-health charities the
post-pandemic response of donations seems to display a negative association with Covid-19 mortality
rates. One possible reason behind this negative relation could simply be post-pandemic negative
income effects on donors brought about by the pandemic. However, it could be also the consequence
of donors shifting their gifts from non-health to health charities, especially in areas that experienced
worse Covid-19 fatalities.

Jointly considered the estimates in column (1) lead to some noteworthy quantitative results. Ac-
cording to those estimates, the post-pandemic growth in donations to health charities located in the
75th-percentile-mortality local authority (with death rate 0.337%) turns out to be approximately 19%
greater than that of non-health charities in that local authority. Conversely, when considering the
25th-percentile-mortality local authority (with death rate 0.227%), there turns out to be almost no
quantitative difference in the post-pandemic change in donations when comparing health charities
against non-health charities located in that area. These quantitative gaps tend to suggest again that
donors’ choices in terms of charitable giving have been heavily guided by the gravity of the pandemic
across geographic areas.

Columns (2)-(5) in Table 4 add subsequently additional controls in the form of different layers of
fixed effects. Columns (2), (3), and (4), follow the same sequence of fixed effects as previously done
in Table (1). In addition to those specifications, column (5) includes local authority-by-year fixed
effects. Unlike the previous regressions based on (2), including such fixed effects is feasible in this
case (at the cost of failing to identify the coefficient associated with Postcovid; x Deathrate;) since
(3) contains variation of social missions by charities within the same local authority. Notice that the
incorporation of local authority-by-year fixed effects allows the triple-difference regression to control
for any source of variation that stems from income shocks or differences in income dynamics at the
local authority level. Irrespective of the exact specification, all the results in Table 3 carry a very
similar point estimate for ~. Lastly, column (6) excludes charities located in Central London from the

regression sample; the estimated value of v remains again essentially intact.

15



Table@.@Donations@o L harities:@riple@ifference@esponsefoBhe@ovid@ 9fandemic

(1) (2) (3 4 () (6)
postcovid&@eathrateBHhealth 1.801%** 1.805%** 1.811%** 1.735%** 2.012%** 2.009**
(0.668) (0.668) (0.667) (0.659) (0.690) (0.802)
postcovid®@eathrate @.488** @.489** @.476** @.434
(0.233) (0.233) (0.232) (0.316)
postcovid®ealth @.418** @.419** @.422** @.405** [@.482%*** @.480**
(0.175) (0.175) (0.174) (0.172) (0.180) (0.220)
postcovid 0.234***
(0.060)
year 0.002
(0.005)
[HS@undraising 0.008*** 0.007*** 0.007*** 0.006***
(0.002) (0.002) (0.002) (0.002)
observations 40,293 40,293 40,284 40,284 40,261 30,425
charities 8194 8194 8193 8193 8191 6170
REquared 0.866 0.867 0.867 0.868 0.874 0.871
charityE Yes Yes Yes Yes Yes Yes
year®E No Yes Yes No No No
countyHear®E No No Yes Yes No No
local@uthority Frear®E No No No No Yes Yes
London Yes Yes Yes Yes Yes No

Notes: Mhe@ependent®ariablefis@n(D g ),Bvhere D g is@onationsieceived@uringBear ¢t by @harity i Bocated@n@ocal@Authority [.AT hefwoEnainears
offtheandemicf2020@End2021) Are@xcludedfrom@heBample.Postcovid@qualsA BnBrear2022AndDEnFears20152019.Meathrateds Mefined@s Eotal
Covid@eaths@uring®ears@020@nd®2021AnAocal Authority [ @ividedby I's@hedotalBopulation.@RobustBtandard@rrors@lustered@t@hefocal Authority
levell@n@arenthesis.#p<0.1#*p<0.05;F**p<0.01

Appendix B.2 presents a series of robustness checks on Table 4, analogously to those in Appendix
B.1 for Table 2. In particular, Table B.2.1 allows including the observations where donations are equal
to zero by using an IHS transformation of the dependent variable. Table B.2.2 runs the same set of
regressions as in Table 4, but substitutes the continuous variable Deathrate; by the dummy variable
High_deathrate; (equal to one when the Covid-19 death rate in local authority [ lies above the
median death rate). Table B.2.3 enlarges the set of years considered as post-treatment, by redefining
Postcovid, = 1 for years 2021 and 2022, while only excluding year 2020 from the sample. Lastly,
Table B.2.4 restricts the analysis to the subsample of charities that operate only at the local authority

level. In all these robustness checks, the main results tend to remain in line with those in Table 4.

5 Concluding Remarks

The analysis in the paper reveals that the severity of the Covid-19 pandemic has significantly influ-
enced the post-pandemic growth in donations channeled to charities whose main mission is to ad-

dress health-related issues. Relying on data sourced from the annual returns submitted to the Charity
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Commission for England and Wales, the analysis has shown that charities dealing with health issues
located in areas that suffered higher Covid-19 death rates have benefitted from a relatively larger in-
crease in private donations after the pandemic receded (in year 2022). This differential behaviour
across health charities is only observed for private donations, while it is absent in the case of other
sources of charities” income. Furthermore, when exploiting a triple-difference approach, the analysis
shows that post-pandemic donations to health charities have significantly outgrew donations to non-
health charities in areas experiencing higher Covid-19 fatalities, but such a gap in the post-pandemic
evolution of donations across types of charities is not present in areas where death rates have been
relatively milder.

One caveat with the analysis in the paper is that while the regressions have systematically uncov-
ered a larger post-pandemic growth in donations to health charities located in areas that experienced
higher mortality rates, these results cannot be ascribed to a differential response of donors residing
in a specific geographic area. More precisely, the data from the annual returns specify the yearly
amount of income from donations received by each charity (in the cases of charities whose total an-
nual income surpassed the £500,000 threshold), but it does not specify the identity or location of the
individual donors. As such, the results in this paper cannot be interpreted as being driven by differen-
tials in the direct exposure of individual donors to the severity of the pandemic, but only as a response
by donors at large to the differential exposure of geographic areas to it.

Given the current data availability (up to the 2022 annual returns), this paper has only managed
to study the short-run response of donations after the Covid-19 pandemic started to recede. An inter-
esting question that remains pending is therefore the lengthiness of its impact. In particular, whether
the differential effect of the severity of the pandemic on donations to health charities proves to be
long-lasting, or if it is the case that donors’ behaviour will quickly/eventually revert back to its previ-
ous trend. This question is left open as follow-up research on this paper, as future annual returns are

submitted to the Charity Commission over the next few years.
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Appendix A

Table A.1 lists the seventeen areas of activity among which charities self-report ‘what’ they do. Char-
ities may select one or more areas of activity within the classification of the Charity Commission for
England and Wales. The total number of charities that appears in each of the rows in Table A.1 counts
therefore multiple times the same charity (whenever the charity selects more that one area of activity).

Table A.2 displays some basic summary statistics for some of the key variables used in the em-
pirical analysis. To get a sense of heterogeneities across the subsamples of charities, the table breaks
down the sample of charities between ‘health’ and ‘non-health’ charities. The two subgroups appear
very similar in terms of their total income and their income sourced from donations, albeit the disper-
sion measure is somewhat larger in the case of non-health charities (possibly as a result of comprising
a more heterogeneous set of charities). Charities dealing with health-related issues tend to spend more
in fundraising than those whose main mission is not in health. Importantly, the statistics for the vari-
able “‘death rate’ are also very similar across the two subgroups, which suggests that the geographic
distribution of health and non-health charities may not differ much across the set of local authorities
in the dataset. Finally, in terms of ‘number of years present in the sample’, the differences appear to
be very small as well.

For the purposes of the analysis, a charity has been classified as ‘health charity’ if and only if
one of the following two (non-overlapping) conditions is verified: i) the charity has selected ‘The
Advancement of Health or Saving of Lives’ as their only area of activity; ii) the charity has selected
its activity to be in more than one area, one of which is ‘The Advancement of Health or Saving of
Lives’, and it has also made explicit reference to health activities its own description of what it does.
In particular, a charity that selects multiple areas of activity, including ‘The Advancement of Health or
Saving of Lives’ as one of those, is classified as a ‘health charity’ when in its own description of what
it does (at least) includes one of the following words at least once: health, disease, illness, sickness,
medicine, medical, pathology, hospital, therapeutic, immunology, vaccination. The reference to any
of the words above is irrespective of the use of lower case or capital letters, or whether it is in its
singular or plural form.

Table A.3 shows the distribution of number of activities selected by charities, considering all
charities and also only those charities classified ‘health charities’ in the paper. About 75% of the

charities that have been classified as ‘health charities’ for the purposes of the analysis have listed
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more than one area of activity. Charities classified as health charities seem overall to report a wider
set of areas of activity than those classified as non-health charities.

Table A.4 displays, as illustration, six examples of charities that have selected ‘The Advancement
of Health or Saving of Lives’ as one of their areas of activity, alongside some other areas of activities.
The top three cases are examples of charities that have been classified as ‘health charity’ based on the
its own description of the activities they carry out. The bottom three cases are instead examples of
charities not classified as “health charity’, as their descriptions of what they do make any reference to

dealing with health-related issues.

Table A.1. Areas of Charitable Activity

Area of Charitable Activity # Charities
Accommodation/Housing 1143
Amateur@port 924
Animals 361
Armed®orces/Emergency BerviceZfficiency 103
Arts/Culture/Heritage/Science 1747
Disability 2072
Economic/Community@evelopment/Employment 1753
Education/Training 6192
Environment/Conservation/Heritage 1285
General haritable@®urposes 2998
HumanRights /Religious@r@Racial HHarmony /Equality@riversity 514
Other@haritable@urposes 920
Overseas@id/Famine®Relief 737
Recreation 666
Religious@ctivities 2328
The@dvancement@f ealth@rBaving@fives 2818
The®Prevention®rReliefdfPoverty 2668
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Table A.2. Summary Statistics

Health Charities

mean median coef.®ar.
Total@ncome 5,723,908 1,643,255 3.250
Incomefrom@onations 1,760,559 496,197 4.373
Fundraising@xpenditure 808,984 80,496 4.559
Death@Rate 0.262 0.261 0.261
#Xears@Present@nBample 7.08 8 0.240

NonHealth Charities

mean median coef.[ar.
Total@ncome 6,474,432 1,410,966 4.788
Incomefrom@onations 2,153,831 407,732 8.589
Fundraising@xpenditure 539,110 27,003 6.855
Death@Rate 0.254 0.242 0.264
#Hears@Present@nBample 6.93 8 0.266

Table A.3. Number of Areas of Activity by Charity

# Areas of all charities health charities
Activity Number % Number %

1 2977 30.3 366 25.6

2 2148 21.8 241 16.9

3 1642 16.7 208 14.6

4 1167 11.9 165 11.6

5 757 7.7 151 10.6

6 436 4.4 113 7.9

7 310 3.2 71 5.0

8 169 1.7 51 3.6

9 89 0.9 20 14

10 66 0.7 25 1.8

11 40 0.4 9 0.6

12 17 0.2 3 0.2
13 10 0.1 3 0.2
14 9 0.1 0 0

15 3 0 1 0.07
16 1 0 0 0

17 1 0.01 1 0.07

Total 9842 100 1482 100
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Appendix B

B.1: Robustness checks on Section 3

Table B.1.1 carries out the same set of regressions as those in Table 2, but replacing the dependent
variable in (2) by I HS(D;q), where IHS(-) is the inverse hyperbolic sine transformation. The set
of regressions in Table B.1.1 include all observations where D;;y, = 0. All the results displayed on
this table are in line with those in the benchmark regressions in Table 2.

Next, Table B.1.2 shows the results of a series of regressions analogous to those in Table 4, but
where the variable Deathrate; in (3) is replaced by the dummy variable High_deathrate;, which
equals one when the Covid-19 death rate in local authority [ lies above the median death rate in
the sample of all local authorities (which is equal to 0.285%), and zero otherwise. All the results are
qualitatively in line with those of Table 2. In addition, the interpretation of the results would entail that
donations to health charities in local authorities suffering death rates above the median have growth
approximately 20% in 2022 relative to their pre-pandemic levels, while donations to health charities
in local authorities whose death rates have been below the median have not shown any change in
terms of donations when comparing pre- vs. post-pandemic levels.

Table B.1.3 expands the definition of “treatment” years to include both 2021 and 2022. More
precisely, in Table B.1.3, I let Postcovid, = 1 in years 2021 and 2022, while exactly as in Table 2
Postcovid, remains equal to zero during years 2015-19. All the regressions in Table B.1.3 exclude
only year 2020 (recall that in in Table 2 both years 2020 and 2021 were excluded from the sample).
As it can be readily observed, all the results are very similar to the previous ones in Table 2.

Lastly, in Table B.1.4, | restrict the analysis to the subsample of health charities that operate
only at the local authority level. While this reduces substantially the set of charities included in the
regressions (to less than half relative to the benchmark sample in Table 2), it ensures that those that
remain in the sample are only operating in their local area. Despite the large reduction in the size of the
sample, the results remain qualitatively in line with those in Table 2. Interestingly, the point estimates
suggest that the heterogeneities in the post-pandemic evolution of donations to health charities are
slightly larger when considering only charities operating at the local authority level. This last result
would indeed be in line with the notion that donors’ altruistic behaviour towards different charities is

guided by the relative severity of the pandemic in the areas where they operate.
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Table®.1.1.@onations@oMealthharities:Anverse@MyperbolicBine®f@ onations{includes@eros)

€] (2) (3 4 (5
postcovidBhigh@eathrate 2.950%* 2.947** 3.006%* 3.998** 3.162*
(1.357) (1.357) (1.359) (1.720) (1.714)
postcovid @.643*
(0.380)
year 0.022
(0.025)
[HS@undraising 0.032%** 0.034%** 0.035%**
(0.012) (0.013) (0.013)
observations 8,093 8,093 8,093 8,093 6,153
charities 1617 1617 1617 1617 1222
RBquared 0.812 0.812 0.812 0.816 0.828
charity@E Yes Yes Yes Yes Yes
year®E No Yes Yes No No
county@ear®E No No No Yes Yes
London Yes Yes Yes Yes No

Notes :M heegressionsAnthis@ablefollowfheBameBtructure@sEhoseln® able, Bxceptihathe@ependent®ariablefsBhe@HS( D iz ) BndAtAncludes
observations@vhere@onations Are@qual@oZero.RobustBtandard@rrors @lusteredAt@local Authority @evel AnBarenthesis. B p<0.1;&*p<0.05;#**p<0.01

Table@®.1.2.@D onations@lo Mealth@harities:@esponse@o@heTovid @A 9Gandemiclnthigh@s.dowdlleath@ates@reas

(1) (2) (3 (4 (5
postcovid®high@eathrate 0.201%** 0.202%** 0.206*** 0.194** 0.194**
(0.076) (0.076) (0.075) (0.089) (0.091)
postcovid 0.005
(0.064)
year 0.017
(0.011)
IHSMundraising 0.019*** 0.019*** 0.022***
(0.006) (0.006) (0.008)
observations 6,253 6,253 6,253 6,253 4,788
charities 1258 1258 1258 1258 956
RBquared 0.874 0.874 0.875 0.878 0.876
charityFE Yes Yes Yes Yes Yes
yearHE No Yes Yes No No
countyFear#E No No No Yes Yes
London Yes Yes Yes Yes No

Notes :@hefegressions@nhis@ablefollowEheBameBtructure@s@hosedntTable®, Bxcept@or@he@ummy Brariablefhigh@eathrate@eplacing@eathrate.
High@eathrate@quals@ Bvhen@he@eath@ate@n@ocal Authority | @s@bove@nedian@eath@ate@cross@AllMocal AuthoritiesAn@heBample, AndDBtherwise
RobustBtandard@rrors@lustered@tliocal Authority @evel @nfarenthesis.Bp<0.1;#*p<0.05;#**p<0.01
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Table®.1.3.@onations&o MHealth@harities:PostcovidFears@2021@AndR2022

1) (2) (3 4) (5)
postcovidBthigh@eathrate 1.723%** 1.723*** 1.812%** 2.028** 2.066**
(0.555) (0.555) (0.556) (0.837) (0.878)
postcovid @).322**
(0.145)
year 0.012
(0.011)
IHSMEundraising 0.024*** 0.025%** 0.027***
(0.007) (0.007) (0.008)
observations 7,588 7,588 7,588 7,588 5,809
charities 1401 1401 1401 1401 1067
RBquared 0.864 0.864 0.865 0.869 0.866
charityE Yes Yes Yes Yes Yes
year®E No Yes Yes No No
county ear®E No No No Yes Yes
London Yes Yes Yes Yes No

Notes :MMhel@egressionsfollowfheBameBtructure@sdnfTable®, But@efining@Postcovid@s@qual oA AnGrear2021@And 2022, AndMEAnErears2015@9
Year2020@s@xcluded@rom@heBample.RobustBtd. Brrors@lustered@t@ocal Authority @level @nfarenthesis.Bp<0.1;#*p<0.05;F**p<0.01

Table®.1.4.@Donations@o Mealth@harities:CharitiesMperating@nly@tA.ocaldevel

€3] (2) (3 4 (5)
postcovid®high@eathrate 1.940%* 1.935%* 1.994** 1.689* 1.787*
(0.827) (0.827) (0.825) (0.997) (1.003)
postcovid @.423*
(0.242)
year 0.029*
(0.017)
IHS@undraising 0.015* 0.013 0.015*
(0.009) (0.009) (0.009)
observations 3,077 3,077 3,077 3,075 2,892
charities 597 597 597 597 560
REquared 0.859 0.860 0.860 0.868 0.868
charityE Yes Yes Yes Yes Yes
yearFE No Yes Yes No No
county Fear®E No No No Yes Yes
London Yes Yes Yes Yes No

Notes :@T hhe@egressionsfollowEheBameBtructure@sn able®, BHut@estricting@heBample@o@nclude®nly Bhose@harities Ehat@perate@nly AtEhe
localfevel. RobustBtandard@rrors@lusteredAtllocal Authority Mevel Anfarenthesis.Bp<0.1;#*p<0.05;F**p<0.01
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B.2: Robustness checks on Section 4

Table B.2.1 carries out the same set of regressions as those in Table 4, but replacing the dependent
variable in (2) by 1HS(D;qy), where 1HS(-) is the inverse hyperbolic sine transformation. The set
of regressions in Table B.2.1 include all observations where D;), = 0. All the results displayed are
in line with those in the benchmark regressions in Table 4, with the only exception is column (6) in
Table B.2.1 (controlling for county-year fixed effects and excluding Central London from the sample
of charities), in which case the estimate is still positive but fails to reach statistical significance.

Table B.2.2 shows the results of a series of regressions analogous to those in Table 4, but where
the variable Deathrate; in (3) is replaced by the dummy variable High_deathrate;, which equals
one when the Covid-19 death rate in local authority [ lies above the median death rate in the sample
of all local authorities (which is equal to 0.285%), and zero otherwise. All the results for the main
coefficient of interest (that is, the triple interaction term) are qualitatively in line with those of Table
4. On the other hand, the estimates associated to the other interaction terms become much smaller in
magnitude, and lose statistical significance as well.

Table B.2.3 expands the definition of "treatment” years to include both 2021 and 2022. More
precisely, for the set of regressions shown in this table, Postcovid; = 1 in years 2021 and 2022, while
exactly as in Table 2 Postcovid; remains equal to zero during years 2015-19. All the regressions in
Table B.2.4 exclude only year 2020 (recall that in in Table 2 both years 2020 and 2021 were excluded
from the sample). The results are very similar to the previous ones in Table 4, with the exception of
the estimate of the coefficient associated to the interaction term Postcovid; x Deathrate; which falls
in magnitude and turns statistically insignificant.

Lastly, in Table B.2.4 restricts the analysis to the subsample of charities that operate only at the
local authority level. As a result, the set of charities included in the regressions falls substantively
(to almost half as in the benchmark sample in Table 4). Nevertheless, despite the large reduction
in the size of the sample, the results remain qualitatively in line with those in Table 4. Furthermore,
analogously to what it is observed with the results in Table B.1.4 relative to those in Table 2, the quan-
titative point estimates suggest that the heterogeneities in the post-pandemic evolution of donations
across charities are slightly larger when considering only charities operating at the local authority
level, which would indeed be consistent with the notion that donors’ altruistic behaviour towards

different charities is guided by the relative severity of the pandemic in different areas.

28



Table®.2.1.@onations@oCharities:Anverse@MyperbolicBine@fA onations{includesieros)

1) (2) (3) 4) (5) (6)
postcovid®high@ieathrate@tealth 3.398** 3.398** 3.387** 3.262%* 2.861* 0.438
(1.504) (1.503) (1.504) (1.501) (1.514) (1.494)
postcovid@high@leathrate ®.448 @.449 @.406 0.550
(0.507) (0.507) (0.505) (0.634)
postcovidBttealth @.846** @.846** @.847** @.825** @.741* 0.049
(0.412) (0.412) (0.412) (0.413) (0.417) (0.411)
postcovid 0.090
(0.142)
year 0.045%**
(0.011)
fundraising 0.017*** 0.017*** 0.016*** 0.016**
(0.005) (0.005) (0.005) (0.006)
observations 56,378 56,378 56,363 56,363 56,352 42,768
charities 11336 11336 11334 11334 11334 8582
RBquared 0.786 0.786 0.786 0.787 0.794 0.793
charity FE Yes Yes Yes Yes Yes Yes
year@E No Yes Yes No No No
countyFearE No No Yes Yes No No
local@uthority &ear®E No No No No Yes Yes
London Yes Yes Yes Yes Yes No

Notes :@he@egressions Enhis@ablefollow@heBameBtructure@s@hosednableB, BxceptEhat@he@ependent®ariablellls Bhe@HS( D i) And@tiEincludes
observations@Bvhere@onations Are@qual @oZero.RobustBtandard@rrors @lustered@tlocal Authority Mevel Enfarenthesis.Bp<0.1;#*p<0.05;F**p<0.01

Table®.2.2.0D onationso Charities:Ariple@ifference@esponse@o@heLovid@A 9BandemicHhigh@s.Aoweath@ates)

1) (2) (3 4 (5 (6)
postcovid@fhigh&leathrate@feal th 0.233%** 0.233%*** 0.234*** 0.230%** 0.258%** 0.246%**
(0.080) (0.080) (0.080) (0.078) (0.079) (0.085)
postcovid®tigh&leathrate @.031 @.032 @.030 @.012
(0.035) (0.035) (0.035) (0.043)
postcovid®fhealth @.039 @.039 @.041 @.041 @.057 @.044
(0.050) (0.050) (0.049) (0.048) (0.049) (0.057)
postcovid 0.121%**
(0.024)
year 0.002
(0.005)
fundraising 0.008*** 0.007*** 0.007*** 0.006***
(0.002) (0.002) (0.002) (0.002)
observations 40,293 40,293 40,284 40,284 40,261 30,425
charities 8194 8194 8193 8193 8191 6170
RBquared 0.866 0.867 0.867 0.868 0.874 0.871
charityE Yes Yes Yes Yes Yes Yes
year®E No Yes Yes No No No
county@ear®E No No Yes Yes No No
local@uthority & ear®E No No No No Yes Yes
London Yes Yes Yes Yes Yes No

Notes :MMheegressionsdnhis@ablefollow@heBameBtructure@sihosednT ableB, Bxcept@or@he@ummy Brariablefigh@eathrate@eplacing@eathrate.
High@&leathrate@quals@ Bvhen@he@eath@atednfocal Authority [ As@boveinedian@eath@ate@cross@ll@ocal Authorities An@he@Bample, AndD@therwise
RobustBtandardBrrors@lustered@tiocal Authority @evel @nBarenthesis.Bp<0.1;#*p<0.05;H**p<0.01
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Table®.2.3.friple@ifference@esponse:@ostcovidFears2021And2022

1) (2) (3) 4) (5) (6)
postcovid®high&leathrate Xtealth 1.865%** 1.869*** 1.884*** 1.805*** 1.970%** 1.908***
(0.593) (0.593) (0.591) (0.590) (0.619) (0.713)
postcovidBhigh@leathrate @.140 @.146 m.127 @.167
(0.209) (0.209) (0.208) (0.275)
postcovid@health @.475*** @.476%** @.481*** @.465*** @.514*** @.490**
(0.157) (0.156) (0.156) (0.155) (0.162) (0.196)
postcovid 0.2271%**
(0.056)
year @.004
(0.005)
fundraising 0.009*** 0.008*** 0.008*** 0.008***
(0.002) (0.002) (0.002) (0.003)
observations 48,775 48,775 48,763 48,763 48,741 36,838
charities 9103 9103 9101 9101 9100 6866
RBquared 0.856 0.856 0.857 0.858 0.865 0.861
charity@E Yes Yes Yes Yes Yes Yes
year®E No Yes Yes No No No
countyFear®E No No Yes Yes No No
local@uthority@ear®E No No No No Yes Yes
London Yes Yes Yes Yes Yes No

Notes:ThelttegressionsfollowEheBameBtructure@sdnable@,But@efining@ostcovid@s@qual @o@ AnFear2021End2022,And®Enears201529
Year2020@s@xcludedBrom@heBample.RobustBtandard@rrors@lustered@tlocal Authority @evel AnGarenthesis.Bp<0.1;F*p<0.05;F**p<0.01

Table®.2.4.Ariple@ifference@esponse:MharitiesDperating@nlyAtA.ocald.evel

€3] (2 (3 4 (5 (6
postcovid®high@eathrate®health 2.151** 2.153** 2.168** 1.938** 2.091** 2.418**
(0.926) (0.925) (0.924) (0.928) (1.000) (1.016)
postcovid®high@eathrate @.204 @.205 @.201 @.238
(0.326) (0.325) (0.325) (0.400)
postcovid@fhealth @.434* @.434* @.440* @.375 @.418 @.526*
(0.250) (0.250) (0.250) (0.250) (0.265) (0.269)
postcovid 0.171*
(0.090)
year @.004
(0.007)
fundraising 0.005* 0.004 0.003 0.002
(0.003) (0.003) (0.003) (0.003)
observations 21,400 21,400 21,395 21,395 21,311 19,262
charities 4313 4313 4312 4312 4299 3884
RBquared 0.856 0.856 0.857 0.858 0.865 0.861
charity FE Yes Yes Yes Yes Yes Yes
year®E No Yes Yes No No No
county & ear®E No No Yes Yes No No
localAuthority B ear®E No No No No Yes Yes
London Yes Yes Yes Yes Yes No

Notes:@helttegressions@ollowiheBameBtructure@sdnable®, But@estricting@heBamplel@ofnclude@nly Bhose@harities Ehat@perate®nly EtEhe
localllevel. RobustBtandard@rrors@lustered@tflocal Authority @evel @nparenthesis.#p<0.1;#*p<0.05;#**p<0.01
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