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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 vari-
ation in mortality rates across narrow geographic units (local authorities), | show that donations
to health charities operating 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. 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 reveals that the growth differen-
tial between them turns out to be greater in areas that suffered worse 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 behaviors positively
respond to the awareness of adverse shocks that are in high need of support. In these studies, aware-
ness 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 localized calamities [Deryugina and Marx (2021), Schwirplies (2023)], or follow-
ing 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
pandemic 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, including
very precise updates on the geographic evolution and distribution of new infections and deaths. The
continuos flow of information has beyond 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 severity 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 do-
nations to individual charities sourced from the annual returns filed to the Charity Commission. It
combines this dataset with data on Covid-19 death rates during the years 2020 and 2021 at the level
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 relative to other countries, while it
has also experienced wide heterogeneity in mortality rates across narrower geographic areas. | exploit

this geographic variability in local death rates to study whether the severity of the Covid-19 pandemic

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.
3For 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.
4Local authorities are the narrowest geographic units at which this information is available from official UK sources.



has led to differential responses in private donations to health charities serving different areas in the
aftermath of the pandemic.

| determine the location of charities based on their main address within England and Wales. Char-
ities may, however, operate well beyond the exact location where they are headquartered. Crucially,
the Charity Commission database includes also information on the geographic level of operation of
the registered charities. This information allows to distinguish between charities that only operate at
the local level, and those that operate beyond or outside that level (for example, at the regional level,
country level, or international level).

The analysis shows that health charities headquartered in areas (local authorities) that have suf-
fered higher Covid-19 mortality rates and operate exclusively at the local level have experienced a
greater increase in total private donations when comparing their levels in year 2022 against those in
2015-19.5 This qualitative result is robust to controlling for several potential confounding factors,
such as fundraising effort and differences in regional time trends. In addition, the heterogeneities in
the evolution of private donations are quantitatively large. Health charities located in areas experienc-
ing mortality rates above the median have seen a growth in donations of approximately 28% when
comparing the levels in year 2022 versus those in the pre-pandemic years. On the other hand, for
health charities located in areas whose death rates were below the median no significant differences
are observed in terms of the pre- versus post-pandemic level of donations.

Importantly, the above-mentioned differential responses by private donations are only present in
the subsample of charities that operate exclusively at the local authority level. Instead, when compar-
ing the evolution donations to health charities that operate beyond/outside the local authority level, |
find no significant correlation between their post-pandemic response and the mortality rates in the ar-
eas where they are headquartered. This suggests that donors have only adjusted their giving choices in
the aftermath of the pandemic for charities that actually cater to more severely affected areas, and it is
consistent with the notion that altruistic behaviors are guided by (relative) need of support. Relatedly,
one additional interesting null result in the paper is that no heterogenous responses are observed either
in the case of other sources of charities’ income that are unrelated to donors’ choices. In particular,

the post-pandemic growth of total income by charities excluding their income from private donations

5The regression analysis in the main text 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 impaired by the series of lockdowns that had been implemented to contain the spread of the virus.



displays no correlation with the local severity of the pandemic.

One possible interpretation of the previous results is that they reflect the guiding impact of an
adverse health shock on donors’ altruistic behavior towards different health 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 a massive negative economic shock. It could arguably be the case that variations in
the evolution of donations across charities in different areas may reflect heterogeneities in household
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 gap in the post-pandemic evolution of donations gifted to health charities relative to those
given to non-health charities has been substantial only in areas which have experienced relatively
large 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-
calized 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

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



giving and correlate with local Covid-19 mortality rates.

The results in this paper link the severity of a major health catastrophe and the ensuing charitable
response by private donors. As such, it offers 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
behavior. 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.

The rest of the paper is organized as follows. The next section introduces the two main sources of
data used in the analysis. Section 3 studies the differential evolution of private donations across health
charities located in geographic areas with different levels of Covid-19 mortality rates. Section 4 pro-
ceeds to carry out a triple-difference analysis including both health and non-health charities. 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 vary in terms of the level of detail of historical
information. For example, while all registered charities must report back their total income and
expenditure over their financial year, larger charities must do so with a finer 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, income from other trading activities, and other income.” In addition,

"Income from donations exclude income from government grants received by the charity, which are included in the

category ‘income from charitable activities’, defined as ‘income received as fees or grants specifically for goods and



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 panel of charities used in the paper covers the years 2015-2022. | restrict the analysis to
charities which always received positive donations every time they appeared in the sample. This
trims off about 20% of the available observations. Restricting the analysis to charities that always
exhibit positive donations allows focusing on those for which donations represent an important source
of regular income. 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 organization 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 mission is
in health-related issues. This requires identifying/classifying the main area of activity of each charity.
Throughout the analysis | 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

services supplied by the charity to meet the needs of its beneficiaries’.
8The 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.



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 or in its own charity name.® Charities
that do not comply with either of the above two conditions are classified as ‘non-health charities’.
Finally, 1 also rely on the Charity Commission’s registry for geographically locating charities
based on their main address. The geographic unit of analysis throughout the paper will be the local
authorities. England and Wales comprise 329 local authorities.!® The Charity Commission’s registry
includes as well information on whether the charity operates exclusively at the local authority level,
or at geographic levels beyond/outside the local authority level (such as UK regional, UK national, or
international level). With the exception of the "placebo” test carried out in Table 2 (Panel A), all the
regression analysis in the paper has been performed on the subset of charities that operate exclusively

at the local authority level.

2.2 Covid-19 Deaths

I rely on the Office for National Statistics (ONS) for data on Covid-19 deaths at the local author-
ity level. This is the narrowest geographic unit at which Covid-19 death rates have been officially
counted by the ONS. 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 deaths during those two years over the total popula-
tion 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
of the sheer impact of the pandemic 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

9More 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 or in its own charity name (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.3 in Appendix A for some examples of the classification in the cases of charities selecting

multiple areas of activity.
19The 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. (The median population amongst the local authorities is 136,000 people.)



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 com-
plete 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.

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.

Fraction

A , 3 .4
Covid death rate

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 main three lockdown measures (imposed starting on 26-03-2020, 05-11-2020 and 06-01-2021) were all intro-
duced at the national level, with essentially no variation across different areas in England and Wales.



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 Essex
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 its bottom decile (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.*3

3 Empirical Analysis I: Health Charities Sample

3.1 Difference-in-Difference Analysis on Donors Behavior

As afirst step, | conduct an event study analysis focused on charities classified as “health charities’ that
operate exclusively at the local authority level. 1 split local authorities into two subsets depending on
whether their Covid-19 death rate lies below or above the median death rate across all local authorities
in England and Wales. For each subset of local authorities, I regress separately the logarithm of
private donations received by each individual charity on a set of year dummies, excluding years 2020
and 2021 from the sample (that is, the two main years of the pandemic). The regressions include
charity fixed effects, and hence exploit within-charity variation in donations.

The results of the event study are displayed in Figure 2, where year 2019 has been set as reference
year. Confidence level intervals are set at 95% and standard errors are clustered at the county-year

level. The dynamic behavior of donations to charities located in local authorities whose death rate is

12Counties represent a coarser geographic unit. England and Wales comprise 34 counties. The median number of local

authorities per county is 7.
13The 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.



coefficient estimate

2015 2016 2017 2018 2019 2022
year
Figure 2. Pre- and Post-Covid-19 Donations to Health Charities:
High vs. Low Death Rates Areas

Notes : The dependent variable is the logarithm of donations received by the charity during the year.

The left-side red lines show the estimates for charities in areas with low death rates (below the median)
and the right-side blue lines the estimates of charities in areas with high death rates (above the median).
The regressions include charity fixed effects. Standard errors are clustered at the county-year level with

95% confidence intervals displayed.

below the median (resp. above the median) is displayed by the left-side red lines (resp. by the right-
side blue lines).

Figure 2 showcases a drastically divergent behavior in terms of donations channelled to health
charities in high mortality rate areas relative to those in low mortality rate areas, when comparing
before and after the Covid-19 pandemic. Quantitatively the gap is substantial: the point estimates
indicate an average increase approximately 24% larger in terms of donations to health charities located
in severely hit areas versus those in areas hit more mildly, comparing the levels in year 2022 against

those in 2019. Visual inspection of Figure 2 also seems to reassure against the presence of non-parallel
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trends during years 2013-19 between the two subsets of health charities under analysis.!* In light of
these results, | will take as valid the assumption of parallel trends, and carry out a difference-in-
difference regression analysis of the impact of the relative severity of the pandemic on the allocation
of donations across geographically dispersed health charities.

The results showcased in Figure 2 seem to arguably rule out the presence of heterogeneous pre-
trends across geographic areas differently impacted by the Covid-19 pandemic. | study now the rela-
tionship between the (post-pandemic) change in donations to health charities and the Covid-19 fatality
rate in the local authority where the charities are headquartered, restricting the sample of analysis to
health charities that operate exclusively at the local authority level. The benchmark regression has the

following structure:
In(D;qy) = a - postcovidy + 3 - (postcovid, X high_deathate;) + 7 - year; + Gy + iy (1)

The dependent variable in (1) is again the logarithm of the total amount of donations received in
year t by health charity 7, which is located in local authority [. postcovid; is a dummy variable that
equals one in year 2022, and equals zero during years 2015-19. | exclude the two main years of the
Covid-19 pandemic (years 2020 and 2021) from the sample. In the interaction term, high_deathrate,
is a dummy variable which equals one when the Covid-19 death rate in local authority { (computed
as the number of Covid-19 deaths recorded in [ during years 2020 and 2021 over I’s total population
in year 2020) is greater than the median death rate across all local authorities in England and Wales,
and zero when it is below it. 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, ¢;;) will also implicitly be
controlling for fixed effects at the local authority level.*® I also include in (1) a linear trend term
(1 - year;). Standard errors are clustered at the county-year level. The main coefficient of interest
is 5, which captures heterogeneities in the post-pandemic evolution of donations to health charities
across areas varying in terms of the relative severity of the Covid-19 catastrophe.

The estimation results of (1) are displayed in column (1) of Table 1. The estimated value of 3

is positive and highly significant, implying that health charities located in areas that suffered higher

4private donations actually display a mild positive time trend, but this trend is not heterogeneous across local author-
ities that would eventually experience different levels of Covid-19 death rates. See results of a regression test for the

presence of non-parallel trends in Appendix B.3.
15This fact also entails that (1) does not need to explicitly include high_deathrate; as one of their regressors.
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Covid-19 death rates have seen a larger increase in donations received in year 2022 relative to the
average level of donations received during years 2015-19. Interestingly, the point estimate for « is
virtually zero. This means that the level of post-pandemic donations to health charities in areas with
below-median mortality rates has remained essentially at the same level as it was before the pandemic
(after accounting for the linear time trend growth in private donations). On the other hand, donations
to health charities in areas experiencing above-media mortality rates have increased approximately
28% comparing the level in year 2022 against its pre-pandemic level.

Columns (2)-(4) in Table 1 proceed to include some additional controls as robustness checks.
Column (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
identify the parameter «, but it can still identify the main parameter of interest (). The estimated
value of 5 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), | include 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 statistically 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 (larger) geographic
areas. This would also partly control for the fact that some counties comprise essentially large cities
(like London, Greater Birmingham, and Greater Manchester) while others comprise mostly rural
areas. The estimated value of 5 remains still 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). This sample re-
striction would mitigate concerns one may have about selection across geographic areas (for example,
one may worry that people who live in a large and cosmopolitan city may exhibit a different propen-
sity to respond to an adverse shocks relative to those who live in smaller towns or rural areas).® The
estimate of 5 in column (5) remains virtually identical to the one in column (4).

Appendix B.1 presents additional robustness checks with a series of alternative specifications to

16See also Table B.1.3 in Appendix B.1 as further robustness check, where all large cities with population above

500,000 people were excluded from the sample.
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Table@.MonationsfoMealth@harities:Meterogeneoustesponsesiothe LovidEl 9Pandemic

(1) (2) (3) (4) )
postcovid xthigh@eathrate 0.2761%** 0.2760%** 0.2821%** 0.2194*** 0.2205%**
(0.0900) (0.0901) (0.0897) (0.0829) (0.0835)
postcovid .0037
(0.0778)
year 0.0268**
(0.0129)
fundraising 0.0007* 0.0008** 0.0011**
(0.0004) (0.0004) (0.0005)
observations 3,113 3,113 3,113 3,111 2,928
charities 605 605 605 605 568
RBquared 0.86 0.86 0.86 0.87 0.87
charityE Yes Yes Yes Yes Yes
yearE No Yes Yes No No
countyFearHE No No No Yes Yes
London Yes Yes Yes Yes No

Notes :@nlyMealth@harities@hat®perate@xclusively@tihebcalButhorityfevel@re@ncludedinthe@ample.@'he@dep.&rariablefs@hefogarithm
offfiotaldonations@eceivedBy@harity i Bnfbcal@uthority / @uringBtear ¢t.Mhedainflears@fthePpandemicf2020@nd2021)Are@xcludedfrom
the@ample.Postcovid@quals@ inBrear2022EAndDEnBtears@01529.Migh@eathrate@s AMummy&ariable@qualio@ BorfocalButhorities@vhose
Covidfl9@eathMateflcomputed@msing@eathsinfear020End2021)Bvas@bovelhefhedianEnd®@therwise.Robust@tandard@rrors@lustered
at@®he@ountyFeard@evel@niparenthesis.F p<0.13*p<0.05;F **p<0.01

the regressions in Table 1. Table B.1.1 runs the same set of regressions but replacing the dummy
variable high_deathrate; by a continuous variable (deathrate;) which is defined as the total number
of Covid-19 deaths during 2020-21 in local authority [ over [’s population. The results are all in line
with those in Table 1. Furthermore, the point estimates computed at the 25% and 75% percentile levels
of the Covid-19 death rates are similar to those based on the dummy variable in Table 1. Next, Table
B.1.2 runs a set of regressions analogous to those in Table 1, but using all years in the sample (i.e.,
including also 2020 and 2021), and separating the impact in each year by including interaction terms
with different dummies for years 2020, 2021, and 2022. Interestingly, the results show a differential
impact of the severity of the Covid-19 pandemic on donations to health charities both for years 2021
and 2022, but not yet in year 2020.1" Lastly, Table B.1.3 re-runs the regressions in columns (1)-(4) in
Table 1, but excluding from the used sample all metropolitan agglomerations with population above
half million people (i.e., London, Birmingham, Manchester, Liverpool, Leeds, Sheffield, and Cardiff).

Despite the large reduction in sample size, all the results remain in line with those in Table 1.

7In a sense, the results in Table B.1.2 seem to reasonably support the ones in Table 1, as reflecting the notion that
donors had already started responding differently by year 2021 when the impact of the pandemic was already well known.
Instead, the data on donations for year 2020 include several months before the pandemic had even hit England and Wales,
and also that one is the year with the strongest lockdowns impairing economic activity.
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3.2 Difference-in-Difference Analysis: Placebo Tests

The results in Table 1 provide robust evidence of heterogeneities in the post-pandemic response of
charitable giving directed to geographically distributed health charities. The interpretation of these
results put forward by this paper is that they reflect the fact that altruistic behavior is guided by the
(relative) harmfulness of adverse events. Thus, in the aftermath of the pandemic, private donors
would shift or increase giving towards health charities operating in areas that have been more badly
hit by the pandemic. If this interpretation is correct, one should not then expect to find such a strong
differential response by donations to health charities whose area of operation lies instead beyond
the local authority where they are headquartered. In addition, if the results displayed in Table 1 are
indeed driven by changes in charitable giving behavior awaken by the relative severity of the Covid-
19 pandemic, one should not expect to observe either analogous heterogeneities when looking at
the evolution of sources of charities’ income that are unrelated to private donors’ behavior. Table
2 shows the results of two sets of "placebo” tests that aim at addressing in turn each of the above
considerations.

Panel A of Table 2 displays the results of the exact same set of regressions as those in Table 1, but
run on the subsample of health charities that operate beyond/outside the local authority level.® As it
can be readily observed, the point estimate for the parameter /3 is essentially zero across the board.
In other words, there is essentially no differential impact on the level of private donations channelled
to health charities located in areas that have been hit more severely by the Covid-19 pandemic when
looking at charities that operate across wider geographic areas than the local authority level.

The results of the second "placebo™ test are shown in Panel B of Table 2. The regressions in Panel
B are conducted on the same subsample of health charities as those of Table 1 (that is, those that oper-
ate exclusively at the local authority level), but where the dependent variable has been replaced by the
logarithm of income stemming from all other sources of charities’ income except private donations.
These include income from legacies, charitable activities (including fees and grants), investment in-
come, other trading activities, and other sources of income. Unlike the case when using the logarithm

of donations as dependent variable, none of the regression in Panel B of Table 2 yields a significant

8More precisely, the health charities included in the regressions in Table 1 are those that operate exclusively at the
local authority level. Instead those included in Table 2, panel A, are those that either operate not only at the local authority
level but also beyond it (such as the regional UK level, the national UK level or the international level), or those that do
not operate at all at the local authority level but only beyond it.
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Table®2.Mlacebo@ests@nMealth@harities

(1) (2) (3) (4) (5)
Panel A. Alternative Sample: Health charities operating non@ocally (beyond the local authority level)
postcovid xtigh@eathrate 0.0206 0.0214 0.0203 0.0696 0.0680
(0.0894) (0.0885) (0.0882) (0.1569) (0.1594)
postcovid 0.0568
(0.1090)
year 0.0051
(0.0160)
fundraising 0.0001* 0.0001* 0.0006**
(0.0000) (0.0000) (0.0003)
observations 3,266 3,266 3,266 3,259 1,934
charities 677 677 677 676 403
REquared 0.87 0.87 0.87 0.88 0.88

Panel B. Alternative Dependent Variable: Other sources of income to health charities (excludes private donations)

postcovid xhigh@eathrate 0.0133 0.0134 0.0210 .0021 .0088

(0.0571) (0.0571) (0.0574) (0.0628) (0.0633)
postcovid 0.0267

(0.0495)
year 0.0426%**

(0.0052)
fundraising 0.0008*** 0.0008*** 0.0007**

(0.0002) (0.0002) (0.0003)

observations 3,097 3,097 3,097 3,095 2,912
charities 602 602 602 602 565
RBquared 0.89 0.89 0.89 0.89 0.91
charity@E Yes Yes Yes Yes Yes
yearE No Yes Yes No No
county@Fear®E No No No Yes Yes
London Yes Yes Yes Yes No

Notes:Regressions(in Panel A Breased®nthe@ubsampledfiealth@harities@hatBperateeyondihelbcalAuthorityfevelfatthe@egional, Mational
andinternationallevel).Megressionsin Panel B @eplacehe@ependentfariablefised@n@able 2 Mythe fog®fheotalfncome@eceivedby@harity i
indocalGuthority /Rluring®eart ,Bfter@xcluding®he@ncomeriginatingdromirivate@lonations.@DherBources@fAncomednclude:degacies@#rom®vills
investment@ncome,@ncome@rom&haritableactivities@includingfees@and@rants),@ncomefromibther@radingfctivities,BandtherBources®fAncome.
RobustBtandard@@rrorsilustered@t®he®ounty®eardevel@n@arenthesis.Bp<0.16 *p<0.05;7 **p<0.01.

estimate for the coefficient associated to the interaction term.1®

4 Empirical Analysis Il Triple Difference Approach

As previously mentioned, the event-study analysis displayed in Figure 2 does not raise major con-
cerns about divergent pre-trends that would correlate with the severity of the Covid-19 pandemic.
Nevertheless, interpreting the estimates of 5 in Table 1 as reflecting the impact of the severity of the

19 Analogous null results are obtained when looking at each alternative source of charities’ income as a separate depen-
dent variable — see Table B.1.4 in Appendix B.1.
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pandemic on donors’ altruistic behavior may be unwarranted if there are other confounding factors
influencing the post-pandemic evolution of donations across charities located in different areas. One
possibility could be that the results in Table 1 stem from differences in income dynamics as the pan-
demic receded during year 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 do-
nations). An alternative confounding factor could be that the pandemic years may have forced some
of the most inefficient charities to leave the market, and this cleansing mechanism may have worked
more strongly in worse affected areas.

Drastic changes in donors’ altruistic behavior awaken by the gravity of the pandemic should ar-
guably 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 relatively 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, | now proceed to carry out a triple-difference regression analysis including all
charities (irrespective of their social mission) operating exclusively at the local authority level present
in the dataset. To that end, I introduce now the dummy variable health;, which is equal to one when

charity i is classified as a *health charity” and zero otherwise, and run the following regression:

In(D;qy) = a - postcovid, + B - (postcovid, x high_deathate;) + 6 - (postcovid, x health;)

7 - (postcovid, x high_deathate; X health;) 4+ T - years + Gy + €y (2)

The main coefficient of interest in (2) 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 high mortality rates. That
is, we should observe a positive estimate for +. The results of (2) are displayed in the first column of
Table 3. 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 in Table 3 is that the estimate of the coefficient associated to the interaction term

postcovid; X high_deathate; is quantitatively small and insignificantly different from zero. This
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TableB.Monationso@harities:@riple@ifference@esponseloheTovidZ 9pandemic

€3] (2) (3) 4 ) (6)
postcovid®high@eathrateRHealth 0.2759%** 0.2768*** 0.2768*** 0.2538*** 0.2408*** 0.2814%**
(0.0844) (0.0845) (0.0844) (0.0837) (0.0868) (0.0839)
postcovid®tigh@eathrate 0.0022 0.0019 0.0020 0.0006
(0.0369) (0.0366) (0.0366) (0.0463)
postcovid®Health 0.0295 0.0294 0.0291 0.0385 0.0409 0.0009
(0.0610) (0.0608) (0.0606) (0.0597) (0.0572) (0.0549)
postcovid 0.1337***
(0.0384)
year @.0077
(0.0069)
fundraising 0.0000213 0.0000213 ®.000002 @.000005
(0.00006) (0.00007) (0.00007) (0.00007)
observations 21,922 21,922 21,917 21,917 21,835 19,725
charities 4408 4408 4407 4407 4393 3967
RBquared 0.84 0.84 0.84 0.84 0.86 0.86
charity®E Yes Yes Yes Yes Yes Yes
year®E No Yes Yes No No No
county®@ear®E No No Yes Yes No No
localButhority@ear®E No No No No Yes Yes
London Yes Yes Yes Yes Yes No

Notes :M'he@ample@ised@ncludeBothfealth@ndfonfhealth@haritiesthat@perate@xclusively@thefocal@uthorityevel. T hedependent®ariablelshe
logarithmBffotaldonations@eceivedBy@harity i Enfocal@uthority / duringftear t.MhefhainfearsBftheandemicf2020@nd2021) Are@xcludedfrom
the@ample.MPostcovid@quals@A inBrear022,BEnd D EnBrears20152019.MealthBqualsA BEf@harity i Bs@lassified@s@Phealth@harity',And DRf@lassified@s
nonbhealth@harity'.Bigh@eathrate@s@@ummytariable@qualfio@ ForfbcalButhoritiesGvhose@ovidZl 9@eathatefcomputedfsing@eathsAnBrear2020
and®2021)@vasEbove®he@nedianBnd@btherwise.RobustBtandard@rrorsElusteredzt®he@ountyFeardeveld@niparenthesis.Bp<0.13*p<0.05;7 **p<0.01

means that when considering non-health charities, the evolution of donations received by them after
the pandemic bears no relation with the severity of the pandemic in the areas where those charities
are located.

Similarly as previously done in Table 1, Columns (2)-(5) in Table 3 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 in Table 1. In addition to those specifications, column (5) includes lo-
cal authority-by-year fixed effects. Unlike the previous regressions based on equation (1), including
such fixed effects becomes feasible in this case (at the cost of failing to identify the coefficient as-
sociated with postcovid, x high_deathate;) since equation (2) contains variation of social missions
by charities within the same local authority. Notice that the introduction 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 ~

remains again essentially intact.
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In Appendix B.2, Tables B.2.1, B.2.2 and B.2.3 display the results of robustness checks on Table 3,
analogously to those in Tables B.2.1, B.2.2 and B.2.3 for Table 1 in Appendix B.1. In these alternative
specifications for the triple-difference regressions all the estimates of the main parameter of interest
(7) are in line with those presented in Table 3.

Lastly, Table B.2.4 in Appendix B.2 shows the results of two sets of placebo tests analogous to
those in Table 2, but adjusted for the case of the triple-difference setup. That is, in Panel A of Table
B.2.4, the set of triple-difference regressions are run of the subset of charities (including both health
and non-health charities) operating beyond/outside the local authority level. In Panel B of that table
the logarithm of private donations is replaced as dependent variable by the logarithm of charities’

income originating from other sources (excluding income from private donations).

5 Concluding Remarks

Relying on data sourced from the Charity Commission for England and Wales, the analysis in the
paper has revealed that the relative severity of the Covid-19 pandemic has significantly influenced the
post-pandemic growth in donations channeled to charities whose main mission is to address health-
related issues. Health charities located in areas that suffered higher Covid-19 death rates have expe-
rienced a larger increase in private donations in the aftermath of the pandemic. Consistent with the
notion that charitable giving is guided by the relative severity of adverse shocks, this differential evo-
lution in post-pandemic private donations is only observed for health charities that operate at the local
authority level, but it is absent for those that operate across wider geographic areas (that is, beyond the
local level). Furthermore, when exploiting a triple-difference approach, the analysis has shown that
in the aftermath of the pandemic private donations to health charities have significantly outgrew those
to non-health charities in areas that suffered higher Covid-19 fatalities, but that no growth differential
between them was observed in areas where death rates have been 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
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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’ behavior 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 (not intended for publication)

Table A.1 lists the seventeen areas of activity among which charities self-report ‘what’ they do. The
table reports the number of charities per activity when considering all charities in the sample [‘#
Charities (all)’], and also when restricting the sample to charities that operate exclusively at the local
authority level [‘# Charities (only local)’]. Charities 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 may count 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. In addition, for each of
those subsets it considers in turn all charities in the subset, and then only those that operate locally.
In general, charities that operate exclusively at the local authority level tend to be "smaller" in terms
of total income, income received from private donations, and total fundraising expenditure. These
differences in size are observed for both ‘health’ and ‘non-health’ charities. When comparing the
subgroups “health’ vis-a-vis ‘non-health’ charities, they appear to be quite similar in terms of their to-
tal income and their income sourced from donations. Charities dealing with health-related issues tend
to spend slightly more in fundraising than those whose main mission is not in health. Importantly, the
statistics for the variable ‘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
or in its own charity name. 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 or in its own charity name includes (at least) one of the
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following words at least once: health, disease, illness, sickness, medicine, medical, pathology, hospi-
tal, 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 classified as “‘health
charities” and those classified as ‘non-health charities’. Only the subset of charities that operate
exclusively at the local authority level are considered in Table A.3. Approximately 65% of the local
charities that have been classified as “health charities’ for the purposes of the analysis have listed more
than one area of activity. A similar share of local charities classified as ‘non-health charities’ have
listed more than one area of activity.

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 classified as ‘non-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 # Clz:lrll)tles E#mclin;lr:)t::ls)
Accommodation/Housing 1160 688
Amateur@port 940 607
Animals 366 154
Armed®orces/EmergencyBervicelfficiency 100 27
Arts/Culture/Heritage/Science 1774 945
Disability 2100 1170
Economic/Community@evelopment/Employment 1786 930
Education/Training 6310 3132
Environment/Conservation/Heritage 1308 670
General haritable®urposes 3057 1398
HumanRights /Religious @rRacial larmony /Equality BriDiversity 526 209
OtherTharitable®urposes 932 463
Overseas@id/Famine®Relief 747 123
Recreation 676 483
Religious@ctivities 2359 1211
The@dvancement@fealth@rBaving®fiives 2864 1341
The@Prevention®rRelief@fPoverty 2706 1140
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Table A.2. Summary Statistics

Health Charities (all) Health Charities (only local)

mean median mean median
Total@ncome 5,983,876 1,648,423 3,216,954 1,580,468
Incomefrom@ onations 2,006,293 488,461 675,453 275,231
Fundraising@xpenditure 781,231 60,368 579,657 48,000
Death@Rate 0.262 0.256 0.276 0.281
#MXearsPresent@nBample 7.09 8 7.21 8

NonMealth Charities (all) NonMealth Charities (only local)

mean median mean median
Total@ncome 6,438,164 1,414,120 3,852,696 1,280,938
Incomefrom@ onations 2,121,208 399,690 725,175 192,380
Fundraising@xpenditure 503,532 18,482 241,663 9,287
Death@Rate 0.253 0.242 0.263 0.264
#XearsPresentdnBample 6.95 8 6.97 8

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

# Areas of health charities nonthealth charities
Activity (only local) (only local)

Number % Number %

1 1,661 36.2 233 34.3

2 971 21.1 96 14.1

3 708 154 91 13.4

4 510 11.1 76 11.2

5 313 6.8 66 9.7

6 176 3.8 52 7.7

7 116 2.5 26 3.8

8 62 1.4 16 2.4

9 30 0.7 12 1.8

10 20 0.4 10 1.5

11 14 0.3 2 0.3
12 3 0.07 0 0
13 4 0.09 0 0
14 6 0.13 0 0
15 1 0.02 0 0

Total 4595 100 680 100

24



'90n0oeIdRSsaq
g1s309(0.1¢ho AneAoUUE d o [9 ASR S AE PURIUO 1IN a1e) [oAF I IoygLIofa [qIsuodsal
SIoYIQIpUE) S1a.1eg)103SOf 10 S[eLeuglIoddnglopraoigdog) pIeayo.g saoua Liadxa

yuawAodwyg/Auswdoesag
Arunwwo)/srwouodyySururel ] /uonesnpy

LIe B3 UO LIEYJoW 003
AueqmwEeHIuoN pugsmalgaeygsuLmsug Agaonoeld g Lo1jogaouanjugong:sdoysyiiom SIATTJO SUIAES 10 (IEIH JO JUSUISIUCAPY v ey i
ST grgSuruIesgpug suonesqngIngel g waygiioddn gpug ULIOJUE D \E SIS ABD| YL Q110 A0FI@IOT[OWIQIUO DU AIFIY L,
aJIegga.reguga[doag3unofj@ saouey g Iy pug] So AlfoUESA0.Id W OF10NE M
*sea.gl1aylog pugssun seguySuIALy saSy [[Ei@e [doagpairedwl
A dd k q 3
([enstgogaoddng pugUOREULIOJUE 91 APR@UOISIAOIEIYE U AR5 03 Suisnoy/uonepowtiodd g SIATT JO SUIAES pul[@aYyElofuUOneII0SSe
AUEYRUIESHIUON  ‘UONBIDOSSERUE AQUNE SN [ZIEPUEP PAUNOUE [[[UXS@UE SaIARDguoneyiqeypr " f € £ 3
pug [e100g ‘@nusgul[deg uyafloygiguoIsiaog e [[Ng ‘@ Snoy 43 [eoggIgIno 10 TIIESH JO TUSUIIUEADY 9YL -AITIqestd aunogrmogpugssunsey
paLLIeg (SWOYaIed oW O [EIUSPISOEOUES.IE SO NI ANIOEe [dIDU LI SUO eI 0SSEaY}
Hodsuelgo1[qng) [ewLIOE AG paIoA0gRoE paaty A 1[Iqoug o1y 10ad gglaAegg oym Aonod
ALEYDRIEIHIUON sdnoigpug syuspIsag [0 OF SO1AIS RI0d SUBIEI[(ISSIIE PaSI[EI O G UOISIA0I] JUPPW! PUORUSASDY - SIAIT JO SUIAES € ISLERIGBHEGING LD
10 I[E9H JO JUWIadUBAPY 9V ‘AI[Iqesiq
SONRID0FING P INFSURIOANgASO[OUNUIT J@SSaualemgdI[qnegSuloueyua
sjuelg)2g saLiesang3uIp1A0I@ 19100 gOUEIgooueAd [pgaym g dIysiaquaw Suure. g/ uoNEINPESIATT ASofounuuw
ALreygyesy J@syyeusqaygdo[e ASg oF SIoq UL UE SY Y AR SU T I0AY TOTIEUIIDBA pue Z oy SES—
SUDIpoW [euone[suely ASO[OUNWITIT UFSdNOLIFPO0F YoIeasofSuneurwassgs BARDOFYSHH]
Sunowoigiuonednpggpuswadedugd1[qnd] ‘Yo.1ea Sof U SIUS AZIS AR AOUUF SUTUUNI
‘SISEISIp
9ANEISUS39P 0.INAYE PUE] SUO[IIJUE ‘93 0.1 § ‘DSTISIP 11l 1o0ueg SEYongSassaul[l ERLEIRRYEVIAIREL FEN (1l | YA R\ S
Aueygyiesy  jesJgpugesouderyuo Ad.1gog S AeAg MO 0JUE SO LI2A0DSTIIe[Suegog pug sdo[2Asp ‘Bururel ] /uoneonpy SIAT] € F—— m_uwm .o.h
~3SeasIp AyngpuelstapurgogSuld (o SEyIoAgINg - 3SEISTp pug ey suldIepun HSTAOHRSOUERRL
ASo[01q [e3us WEpUNFaYE U IPUE)SISP UIF OF PaIed 1P SEOINI N SUF O LI SIOUBIFOY}
‘sreaddgpue
SjUaAZ‘San1ANOgSuISTeIpung A pugo1{qndg] [elousGaym) @ A 1SoIousgoygysnolyy sasodingaqelLreyn ALIEUTSeOIALD -
Aueypyesy PaASTYOE] SE SIYE "90Us LIadxg pugua wuolAugius egaygsuoueyug pugiuawdmbs [etouaqy:Aiiqesiqg:8ulurel ], /uonedinpy Soar] ¥ o :..an«w .:.o um:m__uﬁmc\m
Tearpawi Sulseyoing)‘Sururelgijelgysnoayg ‘aregiuanedjg enlyoygosoidul  JO SUIAES 10 (I EOH JO JUSUIOIUCAPY 9L HelgpuaesiAl RSt
Joypng oy Sp A Leygad Al g ITEaY Y3ioppuguesiag UoiSunySLALI@uoISSIugay,,
uonedisse|) (sanueymAguondasagumoisanIAIRES|qeIey) AnndEjg@sealy SeQI\EH awengArueyd

SallIBYD ,UIBIH-UON, PUe ,U}[esH, JO sajdwex3 vV a|jqeL

25



Appendix B (not intended for publication)

B.1: Robustness checks on Section 3

Table B.1.1 carries out the same set of regressions as those in Table 1, but replacing the dummy
variable high_deathrate; (which equals one when the Covid-19 death rate in local authority [ lies
above the median death rate across all local authorities, and zero otherwise) by the continuous variable
deathrate; which is defined as the total number of Covid-19 deaths during 2020-21 in local authority
[ over [’s total population. All the results remain in line with those in Table 1, albeit the level of
statistical significance becomes slightly lower. In terms of magnitude, the point estimates in column
(1) of Table B.1.1 computed at the 25% and 75% percentile levels of the Covid-19 death rates (which
are equal to 0.227 and 0.337, respectively) imply that post-pandemic private donations have grown
4.2% for the former and 23.3% for the latter relative their respective levels before the pandemic.

Next, Table B.1.2 expands the definition of "treatment" years to include years 2020, 2021, and
2022, while allowing a heterogeneous impact each year. More precisely, | include three separate inter-
action terms (dummy_2020x high_deathrate, dummy_2021x high_deathrate and dummy_2022 x
high_deathrate), where each dummy_202x is a dummy variable equal to one for observations cor-
responding to year 200z, and zero otherwise. The results are quantitatively similar and significant for
the interaction terms for years 2021 and 2022, but are quite smaller in magnitude and fail to reach sig-
nificance in year 2020. Notice that observations dated in year 2020 include donations made in several
months before the pandemic had even hit the UK, and also the early months of the pandemic when its
impact across different areas was yet not well known by the public at large.

Table B.1.3 excludes from the analysis all health charities located in large metropolitan agglomer-
ations (defined as those whose population is greater than half million people). The excluded metropol-
itan areas are: London, Birmingham, Manchester, Liverpool, Leeds, Sheffield, and Cardiff. The rea-
son for this is that one may worry that the results could be essentially driven by the behavior of donors
residing in large cities contributing mostly to charities located there too. The results, however, are still
present (and, moreover, remain quite similar to those in Table 1) when the analysis is carried out only
on health charities located in smaller cities or rural areas, and that operate exclusively at the local

authority level.
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Table@.1.1.@Donationso Mealth@harities:Montinuous@ariable@pecification

1) (2) (3 4) (5)
postcovid&@eathrate 1.7369** 1.7293** 1.7672*%* 1.4074* 1.4686*
(0.7706) (0.7678) (0.7727) (0.7513) (0.7718)
postcovid @.3526
(0.2200)
year 0.0270**
(0.0129)
fundraising 0.0007* 0.0008** 0.0011**
(0.0004) (0.0004) (0.0005)
observations 3,113 3,113 3,113 3,111 2,928
charities 605 605 605 605 568
RBquared 0.86 0.86 0.86 0.87 0.87
charity®E Yes Yes Yes Yes Yes
yearHE No Yes Yes No No
county FearE No No No Yes Yes
London Yes Yes Yes Yes No

Notes :@hefegressionsAn@his@ablefollow@heBameBtructure@re@hosednmTabled,Bxcept@or@ontinuousfariable deathrate Bhat@eplaces@he@ummy
variable high deathrate. Deathrate @s@efined@s@otal LovidA 9@eaths@uringBrears@020@nd2021EnHocal Authority [@ivided®y /'s@otalBopulation.
RobustBtandard@rrors@lustered@At@ounty & earflevel AnBarenthesis.#p<0.1;F*p<0.05;#**p<0.01

Table@®.1.2.@Donations@oMealth@harities:AnteractionMerms@orFears@020,2021AndR2022

1) (2) (3) (4)
dummy_2020&high@eathrate 0.0828 0.0868 0.1157 0.1099
(0.0713) (0.0710) (0.0797) (0.0815)
dummy_2021&high@eathrate 0.2966*** 0.2987*** 0.2629%** 0.2602***
(0.0910) (0.0909) (0.0966) (0.0977)
dummy_2022&high@eathrate 0.2704*** 0.2754*** 0.2130*** 0.2124***
(0.0769) (0.0767) (0.0680) (0.0686)
fundraising 0.0006** 0.0007** 0.0009**
(0.0003) (0.0003) (0.0004)
observations 4,355 4,355 4,354 4,094
charities 690 690 690 649
REquared 0.85 0.85 0.86 0.86
charityFE Yes Yes Yes Yes
year®E Yes Yes No No
county¥earFE No No Yes Yes
London Yes Yes Yes No

Notes :[MTheltegressionsfnclude®hree@eparatefnteraction®ermsbetweenFear@ummies Jdummy_2020,dummy_2021,@ummy_2022)@EndEhe
high_deathrate@ummy &ariable@s@efinedAn&hefnain@ext,Bvhere@ummy_202Xds@qual Bo@A HorDbservationsAnFearZ02X@And Zero@therwise.
TheBample@ised@nclude@llFears@201522.RobustBtd.Brrors@lustered@tlocal @ounty & earn@arenthesis.#p<0.1;#*p<0.05;#**p<0.01
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Table®.1.3.@Donations@oMHealth@Tharities:Excludes@harities@nAl.argeTities

Q) (2) (3 4)
postcovid®high@eathrate 0.2957*** 0.2962%** 0.3023%** 0.2215%*
(0.0902) (0.0899) (0.0896) (0.0885)
postcovid 0.0587
(0.0929)
year 0.0059
(0.0149)
fundraising 0.0010%** 0.0012%**
(0.0004) (0.0004)
observations 2,490 2,490 2,490 2,487
charities 481 481 481 481
RBquared 0.87 0.87 0.87 0.88
charityFE Yes Yes Yes Yes
yearHE Yes Yes No No
countyFearFE No No Yes Yes

Notes :®nlyfealth@harities@hat@perate@xclusively @Atihe@local Authority @evel Arefincluded@n@he@egressions. @ helegressionBamples@xclude@ll
metropolitan@gglomerationsBvithfopulation@ver®00,000@eopleli.e.,A.ondon, Birmingham,Manchester,Aiverpool,Aeeds, Bheffield, AndLardiff)
AllEhe@therBrariables@redefined@sEnT able@.RobustBtd.Brrors@lustered@t@he@ounty & earflevel Anfarenthesis.Fp<0.1E*p<0.05;F**p<0.01.

Table®.1.4.@mpact@n@therBources®fincome®fhealth@harities

(1) (2) (3 4 (5)
legacies investments charf@ct trading others
postcovid&high@eathrate 0.040 @.101 @.130 @.104 @.327
(0.121) (0.141) (0.089) (0.094) (0.335)
observations 1,567 2,794 2,565 2,066 1,048
charities 316 555 508 431 272
RBquared 0.79 0.89 0.89 0.91 0.62
charity@E Yes Yes Yes Yes Yes
year®E Yes Yes Yes Yes Yes

Notes :@nlyhealth@harities Bhat@perate@xclusively At@he@ocal Authority Bevel Arelincluded@n@he@ample.mhe@ependent@ariable@sBlog(X i), Bvhere
whereXs Ancomefrom@egacies@n@olumn({1),Envestmentincomeldn2),@haritable@ctivitiesEncomeln3),MtherBources Bffirading@ncomedn{4),
and@therBources Bffincomedn{5).RobustBtandard@rrors@lustered AtEhe@ounty Fearllevel Anparenthesis.BFp<0.1;E*p<0.05;F**p<0.01

Lastly, Table B.1.4, expands on the results shown in Panel B of Table 2, by carrying out a set of
regressions following the specification in column (2), but replacing the dependent variable in each of
the columns by one specific source of charities’ income (other than income from private donations).
The dependent variable in column (1) 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
and grants (including government grants), in (4) is the income received from other sources of trading
activities, and in (5) income from other exceptional sources of income. None of the regressions in

Table B.1.4 yields a significant estimate for the coefficient associated to the interaction term.
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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 3, but replacing the dummy vari-
able high_deathrate; by the continuous variable deathrate,; (defined as the total number of Covid-19
deaths during 2020-21 in local authority [ over [’s total population). Table B.2.2 expands the definition
of "treatment" years to include also years 2020 and 2021 (in addition to year 2022). More precisely,
these regressions include a full set of interaction terms with separate dummies for years 2020, 2021,
and 2022. The results for the interaction terms with year 2021 and year 2022 are in general very
similar. On the other hand, the main results do not seem to be yet present in year 2020. Table B.1.3
excludes from the analysis all large metropolitan agglomerations, defined as those whose popula-
tion is greater than half million (London, Birmingham, Manchester, Liverpool, Leeds, Sheffield, and
Cardiff). Lastly, in Table B.1.4, | carry out a set of "placebo™ tests analogous to those presented in
Table 2, but in this case applied to the triple-difference context. That is, Panel A shows the results
of the triple-difference regressions on the subset of charities that operate beyond/outside the local
authority level, while Panel B replaces the dependent variable by the logarithm of total charities’ in-
come excluding private donations. As it may be readily observed, none of the results in Table B.1.4
are significantly different from zero.

Table@®.2.1.@Donations@oTharities:Ariple@ifference@esponse@vith@ontinuous@ariableBpecification

m ) ©) “ () (6
postcovid®&@eathrate®Mhealth 1.8217** 1.8214** 1.8215%* 1.6060** 1.6942* 2.0255%*
(0.7989) (0.7971) (0.7958) (0.7741) (0.9003) (0.9293)
postcovid&@eathrate ®.0771 @.0788 ®.0776 @.1268
(0.3094) (0.3066) (0.3060) (0.3876)
postcovid®ealth @.3408 @.3404 @.3406 @.2827 @.3103 @.4216*
(0.2225) (0.2217) (0.2213) (0.2137) (0.2382) (0.2491)
postcovid 0.1546*
(0.0861)
year @.0076
(0.0069)
fundraising 0.00002 0.00002 @.000002 @.00001
(0.00065) (0.00067) (0.00007) (0.00007)
observations 21,922 21,922 21,917 21,917 21,835 19,725
charities 4408 4408 4407 4407 4393 3967
RBquared 0.84 0.84 0.84 0.84 0.86 0.86
charity E Yes Yes Yes Yes Yes Yes
year®E No Yes Yes No No No
county HearHE No No Yes Yes No No
local @uthority & ear®E No No No No Yes Yes
London Yes Yes Yes Yes Yes No

Notes :@'heegressionsnthis@ablefollowEheBameBtructure@rehosedn ableB, Bxcept@or@ontinuous&ariable deathrate Bhat@eplaceshe@ummy
variable high deathrate. Deathrate @s@efined@s@otal Lovid@A 9@eaths @uringfears2020@And2021EnEocal Authority /@ividedby /'s@otal opulation.
RobustBtandard@rrors@lustered@t@ounty B earflevel Enfarenthesis.Fp<0.1;#*p<0.05;F**p<0.01
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Table®.2.2.Mriple@ifference@esponse:@nteraction@erms@orFears2020,2021And2022

0] B) 3) ) (5)
dummy_2020&high@eathrate mM.0422 ™.0419 M.0316
(0.0334) (0.0334) (0.0465)
dummy_2021®RMhigh@eathrate 0.0132 0.0136 @.0037
(0.0310) (0.0310) (0.0386)
dummy_2022BMhigh@eathrate @.0142 @.0139 @.0205
(0.0358) (0.0358) (0.0454)
dummy_2020&MHealth 0.0054 0.0053 0.0027 @.0018 0.0021
(0.0501) (0.0500) (0.0508) (0.0565) (0.0637)
dummy_2021&Mhealth @.0784 @.0783 @.0794 @.0804 @.0912
(0.0509) (0.0509) (0.0522) (0.0579) (0.0642)
dummy_2022&Mhealth 0.0040 0.0039 0.0109 0.0158 @.0137
(0.0582) (0.0581) (0.0560) (0.0548) (0.0524)
dummy_2020&Mhigh@eathrate@Efealth 0.1265* 0.1263* 0.1221* 0.1304 0.1213
(0.0735) (0.0734) (0.0735) (0.0800) (0.0845)
dummy_2021&Mhigh@eathrate@fealth 0.2856*** 0.2852%** 0.2679*** 0.2297** 0.2371**
(0.0960) (0.0960) (0.0940) (0.0964) (0.0986)
dummy_2022&Mhigh@eathrate@heal th 0.2871%** 0.2869%** 0.2655%** 0.2436%** 0.2737***
(0.0775) (0.0774) (0.0767) (0.0790) (0.0755)
fundraising 0.00001 0.00001 @.00002 @.00002
(0.0001) (0.0001) (0.0001) (0.0001)
observations 30,607 30,601 30,601 30,503 27,541
charities 5031 5030 5030 5019 4534
RBquared 0.83 0.83 0.83 0.84 0.84
charityE Yes Yes Yes Yes Yes
year®E Yes Yes No No No
county®ear®E No No Yes No No
local@uthority Fear@E No No No Yes Yes
London Yes Yes Yes Yes No

Notes :fTheltegressionsnclude@ullBet@finteractionfermsbetween@Fearflummyfdummy_202X),Zhefhigh_deathrate' @ummy®&ariable
and@he@ummy BrariablePhealth'As@efined@n@ ableB, Bvhere@ummy_202XMs BqualBo@A Hordbservations AnBear@02X, AndZerodtherwise.
TheBamplelisedd@nclude@llFears201522.RobustBtd.Brrors@lustered@t@ounty Bearllevel @nparenthesis.Bp<0.1;E*p<0.05;E**p<0.01
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Table®.2.3.@ ripleDifference@nalysis:Excludes@harities@nA.argeLities

1) (2) (3) (4) (5)
postcovid&high@eathrate®heal th 0.2867*** 0.2878*** 0.2880*** 0.2574*** 0.2122**
(0.0920) (0.0920) (0.0918) (0.0930) (0.0978)
postcovid@high@eathrate 0.0099 0.0095 0.0097 0.0034
(0.0425) (0.0423) (0.0422) (0.0452)
postcovid&health @.0011 @.0015 @.0021 0.0145 0.0217
(0.0674) (0.0670) (0.0668) (0.0608) (0.0559)
postcovid 0.1509***
(0.0465)
year @.0128
(0.0083)
fundraising 0.0001 0.0001 0.0001
(0.00005) (0.00005) (0.00004)
observations 16,893 16,893 16,890 16,890 16,808
charities 3379 3379 3379 3379 3365
RBquared 0.84 0.84 0.84 0.84 0.86
charityFE Yes Yes Yes Yes Yes
year®E No Yes No No No
countyFear®E No No Yes Yes No
local@uthority Fear®E No No No No Yes

Notes :@nlythealth@harities@hat@perate@xclusively Athedocal Authority Bevel Aredncluded@n@he@egressions.ThefegressionBamples@xcludelll
metropolitan@gglomerationsBvithfopulation@verB00,000@eopleli.e., A.ondon, Birmingham, Manchester, Aiverpool,Aeeds, Bheffiel d, AndLardiff
All@he®ther®ariables@re@efined@sAnable@.RobustBtd.@rrors@lustered Atthe@ounty & earlevel Anfarenthesis.Fp<0.1F*p<0.05;F**p<0.01.
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Table®.2.4.@Placebo@estsBn A riple@ifference@nalysis

1) (2) (3) (4) (5) (6)

Panel A. Alternative Sample: Charities operating nonlocally (beyond the local authority level)
postcovid®high@eathrate®fhealth 0.0792 0.0790 0.0780 0.0647 0.0569 @.0217

(0.0933) (0.0934) (0.0928) (0.0895) (0.0796) (0.1076)
postcovid&high@eathrate @.0586 @.0585 @.0585 @.0020

(0.0542) (0.0541) (0.0539) (0.0608)
postcovid&health @.0718 @.0718 @.0705 @.0738 @.0863 @.0100

(0.0632) (0.0633) (0.0632) (0.0635) (0.0646) (0.0940)
postcovid 0.1273***

(0.0470)
year 0.0054

(0.0056)
fundraising 0.00007*** 0.00007*** 0.00006*** 0.00006***

(0.00002) (0.00002) (0.00002) (0.00002)

observations 19,481 19,481 19,477 19,477 19,157 11,097
charities 3990 3990 3990 3990 3937 2281
RBquared 0.87 0.87 0.87 0.87 0.88 0.89

Panel B. Alternative Dependent Variable: Other sources of income to charities (excludes private donations)

postcovid®high@eathrate®fhealth 0.0012 0.0009 @.0005 0.0051 0.0278 @.0102

(0.0638) (0.0638) (0.0640) (0.0659) (0.0754) (0.0780)
postcovid&tigh@eathrate 0.0116 0.0117 0.0117 0.0331

(0.0359) (0.0357) (0.0358) (0.0470)
postcovid@health 0.0376 0.0375 0.0397 0.0367 0.0215 0.0609

(0.0448) (0.0448) (0.0450) (0.0470) (0.0526) (0.0505)
postcovid @.0477**

(0.0192)
year 0.0502%**

(0.0037)
fundraising @.0002 @.0002 @.0001 @.0002

(0.0001) (0.0001) (0.0001) (0.0001)

observations 21,705 21,705 21,700 21,700 21,619 19,582
charities 4361 4361 4360 4360 4346 3935
RBquared 091 0.91 0.91 091 0.92 0.92
charityFE Yes Yes Yes Yes Yes Yes
year®E No Yes No 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: Panel A Bsased@®n@heBubsample®f@harities {bothheal thAnd@onheal th) Bhat®perateeyond /outside@helocal Authority @evel fat@egional
national @ndfAnternational@evel). Panel B @eplaces@he@ependentBrariablef@iseddnfTableB by @he@ogarithm dffhefotal Ancomeleceivedy@harity i
indocalButhority I@luringdeard ,@after@xcludingtlI@he@ncomeriginatingfromiprivate@lonations.@he®therBources®fdncomednclude:flegacies
investmentdncome,AncomefromharitablectivitiesdincludingfeesBnd@rants),AncomefromB®ther®radingictivities,Band@®therBourcesBfincome.
RobustBtandard®rrorslustered@t®he®ounty®eardevel@nkarenthesis.Fp<0.1F*p<0.05;7**p<0.01.
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B.3: Non-Parallel Trend Test

In this Appendix I show the results of a regression formally testing for the presence of non-parallel
trends during the pre-pandemic years. To that end, | use only data on donations from years 2015 to
2019, and run the following regression on the sample of health charities operating exclusively at the

local authority level:
In(D;qye) = 7 - yeary + p - (year; x high_deathate;) + gy + €iqy- (3)

The dependent variable in (3) is the logarithm of the total amount of donations received in year
t by health charity ¢, which is located in local authority I. high_deathrate; is a dummy variable
which equals one when Covid-19 death rate in local authority [ is greater than the median death rate
across all local authorities in England and Wales, and zero when is below the median death rate. The
regression (3) also includes a full set of charity fixed effects, ;). Standard errors are clustered at the
county-year level.

The estimation results of (3) are presented in the first column of Table B.3. The estimated value of
p 1s 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), | 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 2015-20109.

Table®.3.MonationsfoMealthharities:MonPParallel@Pre@'rendsTests

&) (2) (3)

year 0.0272 0.0244*

(0.0180) (0.0126)
year@&MhighM@eathrate ®.0057 @.0055

(0.0275) (0.0274)
observations 2,560 2,560 2,560
charities 574 574 574
RBquared 0.88 0.88 0.88
charity®E Yes Yes Yes
year®E No Yes No

Notes: MheBample@ompriseshealth@harities@hat@perate@xclusively@tthelbcalButhorityfevel,Bndisbased@nBrears201529.
Thedependent®&ariablesthelbgarithmBfotal@onations@eceivedBy@harity i infbcal@uthority I duringear t. Migh@eathrate
isA@ummy&ariablethat@quals@ BorfocalAuthorities@vhoseTovid@ 9@eath@atelaggregating2020@nd202 1@eaths)Bvas@bove
theMedian,Bnd@Btherwise.RobustBtd.Brrors@lusteredAt@ountyFeartevelfnparenthesis.Fp<0.1,H*p<0.05,F**p<0.01.
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