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Abstract

We explore the link between online salience and charitable donations. Using
a unique dataset on phone text donations that includes detailed information on
the timing of cash gifts to charities, we link donations to time variation in online
searches for words that appear in those charities’ mission statements. The results
suggest that an increase in the online salience of the activities pursued by different
charities affects the number and volume of donations made to those charities and
to charities that pursue different goals. We uncover evidence of positive “own-
salience” effects and negative “cross-salience” effects on donations.
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1 Introduction

The jury is still out as to why people make charitable donations. Irrespective of what

the motives for giving might be, useful insights into giving responses can be gained

by examining donation choices through the lens of demand theory. For example, if

we think of tax reliefs on donations as lowering the “price of giving”, then theoret-

ical insights into donation responses to tax changes can be obtained by borrowing

predictions derived from a standard model of consumer choice, which tells us how

the expenditure on a particular good varies in dependence of its own price (Clotfelter

1990).1. Similarly, the effects of selective charitable donation tax reliefs on those do-

nations that do not benefit from the relief can be understood as cross-price effects on

expenditures.

While monetary prices remain central to the study of demand responses, in recent

years the literature on consumer demand has gone beyond classical price theory to

stress the role of salience (Bordalo et al. 2013; Bordalo et al. 2016; Bordalo et al. 2020).2

The basic notion here is that when consumers’ attention is drawn to certain attributes

of the goods available to them, consumers respond disproportionately to variation in

those attributes. The same idea can be extended to charitable giving choices: greater

salience of a particular social issue or goal—which constitutes an attribute of what

individuals “buy” when they make a donation to charities pursuing activities related

to that issue or goal—can attract donations to those charities (an own-salience effect)

while lowering donations made to other charities (a cross-salience effect).

In this paper, we investigate the role of salience in charitable giving. We use a

unique dataset on phone text donations that provides detailed information on the

timing of cash gifts to different charities at the daily level. The timing information

contained in our data offers a unique opportunity to study how an increase in the

salience to donors of the activities pursued by different charities affects the number

and volume of donations made to those charities and to charities that pursue different

goals.3

1Examples of applications of this approach are Karlan and List (2007), Uler (2011), Almunia et al.

(2020), and Sheremeta and Uler (2021)
2Theoretical microfoundations for the role of salience in consumer demand, based on notions of

selective or costly attention, are presented in Kőszegi and Szeidl (2013) and in Gossner et al. (2018).
3According to the Institute of Fundraising and fast.MAP’s Fundraising Media DNA report, the top

three channels for generating immediate donations in the UK are telephone, street-fundraising and

SMS text (https://tinyurl.com/cd63bhfk, accessed on October 1, 2021). In terms of the volume
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The charities in the dataset are grouped into categories, and donations to charities

in any given category are then linked to Google Trends search scores based on leading

keywords in those charities’ mission statements. Clearly, online searches are not them-

selves a source of exogenous variation, but they are a close proxy for exogenous events

that would affect the salience of certain issues to donors, which in turn may have an

effect on donations (as well as online searches). Thus, using this proxy to measure

online salience necessarily entails some degree of measurement error.

The method we use for extracting keywords and linking categories of charities

to measures of online search intensity specifies single keywords for searches, rather

than more precisely targeted (but potentially more arbitrary) word combinations. The

approach is also fully agnostic about the nature of the sentiment, positive or nega-

tive, that may be associated with variations in search intensity. Despite the semantic

coarseness of this mapping, our analysis uncovers evidence of a statistically signifi-

cant association, at the weekly level, between online search intensity and donations,

i.e., evidence of a positive own-salience effect on donations. Similar patterns are also

in evidence when the mapping between charities and keywords in online searches is

obtained through a LASSO procedure (“letting the data speak for itself”). The afore-

mentioned analogy with price effects suggests that an increase in the salience of at-

tributes associated with certain charities may increase donations towards those char-

ities and reduce donations towards other charities—a crowding out or “cannibaliza-

tion” effect.4 However, if we interpret salience effects as being equivalent to changes

in salience-adjusted “quality” (i.e., in the quality-adjusted price of giving), demand

theory gives us a less clear-cut answer: if donations as a whole are sufficiently more

substitutable for private consumption than they are for one another, then, in principle,

cross-effects may even be positive.5

These predictions are in line with our findings on cross salience effects. The results

of donations, a survey made by the Charities Aid Foundation in 2018 lists text giving as the 9th most

common way of donating to charities in the UK with 7% of the total, with the bulk of donations con-

sisting of direct cash/bank donations, purchases of goods, raffle or lottery tickets, and membership

fee/subscriptions (https://tinyurl.com/2nfa9cvw, accessed on October 1, 2021).
4In the literature on fundraising, this question has been characterized in terms of asking whether

interventions targeted to specific forms of donations can produce a “lift” in total donations instead of

a “shift” in donations from other charities or from the future (Cairns and Slonim 2011; Reinstein 2011;

Edwards and List 2014; Meer 2017; Filiz-Ozbay and Uler 2019; Ottoni-Wilhelm et al. 2022).
5This ambiguity is also discussed by Filiz-Ozbay and Uler (2019), who show that standard demand

theory could be adopted to explain both a cannibalization effect but also a demand expansion.
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paint a mixed picture: with a few exceptions, cross-salience effects are either negative

or statistically insignificant depending on the charity grouping we consider.

Our study contributes to a longstanding debate on how donors respond to prompt-

ing. This debate has mainly revolved around charities’ fundraising activities and the

effects of inter-charity competition on giving (Rose-Ackerman 1982; Klar and Piston

2015; Krieg and Samek 2017), but some of this literature has focused more specifi-

cally on crisis fundraising, i.e., how donors respond to unanticipated events such as

natural disasters (Simon 1997; Eisensee and Strömberg 2007; Brown et al. 2012; Ottoni-

Wilhelm et al. 2022; Deryugina and Marx 2020).6 Our paper is closely related to these

studies but departs from them by focusing on online salience, as proxied by varia-

tion in online search intensity, rather than on charities’ disaster appeals. It also differs

from these studies by studying effects on general donations rather than just on crisis

fundraising.

Changes in donations exhibit a significant degree of persistence beyond the period

in which the change in the intensity of online searches for relevant keywords occurred.

The strength of the relationship between searches and donations is heterogeneous

across different areas of activity, but there is little indication that, within given areas of

activity, it is different for charities that have different organizational characteristics—

whether charities are large or small, whether they are London-based, whether or not

their activities have a local focus—suggesting that the patterns we observe are not the

result of systematic differences in charity characteristics across different areas of activ-

ity. Estimated effects are stronger for donations made during weekdays rather than on

weekends; they are stronger for donations that are made in the evening; and they are

stronger for younger donors.

Data on online search behavior have been widely used in several areas of eco-

nomics research. Some studies have used indicators of online job searches to examine

the link between job search activity and changes in unemployment insurance (Baker

and Fradkin 2017); to forecast unemployment (Fondeur and Karamé 2013; D’Amuri

and Marcucci 2017; Dilmaghani 2019); and to predict unemployment insurance claims

(Choi and Varian 2012). Other studies have used Google Trends data as a proxy for in-

vestor attention, which can predict future stock price (Da et al. 2011a), or as a proxy for

demand for stock market information, which increases with the level of stock market

volatility (Vlastakis and Markellos 2012). Google Trends data have also been employed

6An exception is Connolly-Ahern and Ahern (2015), which focuses on gun control in the US and

related nonprofit organizations.
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to generate forecasts of inflation expectation, cinema demand, housing price and sales,

and foreign exchange rate volatility—see e.g. (Guzman 2011; Hand and Judge 2012;

Smith 2012; Wu and Brynjolfsson 2015). Our paper contributes to this line of literature

by showing that online search activity can also be a predictor of variation in routine

charitable giving. To the best of our knowledge, this is the first study to offer evidence

on this.7

The rest of the paper is structured as follows. Section 2 describes the data and how

we use it to link measures of search intensity with charities. Section 3 describes our

empirical strategy. Estimation results are presented in Section 4. Section 5 concludes.

2 Data collection and aggregation

The data we use come from two main sources. For donations, we employ a unique

dataset of daily SMS text giving over the period between 2013 and 2019 from the Na-

tional Funding Scheme (NFS), the largest fundraising platform in the UK. The NFS

is a charity that operates as an intermediary to facilitate the fundraising activities of

UK-based charitable organizations, offering subscribers a facility for making cash do-

nations via SMS to a fundraising campaign of their choice.8 The dataset covers a total

of 44,371 text donations to more than 500 charities, each record giving detailed infor-

mation about the exact time, the date, the amount donated, the campaign code, the

name of the charity, and the approximate age of the donor.

This rich level of detail, particularly with regards to the timing of the donations,

allows us to study how text donations to certain types of charities vary in time with

changes in online search activity on certain topics—over the full sample as well as

for donations sub-samples (morning donations vs. evening donations, weekend dona-

7Scharf and Smith (2016) study the relationship between the size of online peer groups and the level

of donations to online fundraisers. Korolov et al. (2016) focus on the relationship between donations and

social media activity (rather than online salience more generally), describing a model of information

diffusion via Twitter chats, and test it using data on donations to disaster relief. A related theoretical

analysis of how information diffusion in social groups is reflected in charitable donations is Scharf

(2014).
8According to the Phone-paid Services Authority’s 2018 annual report, the total amount of text do-

nations was £37.5 million in 2017, reaching £49.6 million in 2018 (https://tinyurl.com/4hpbfst2,

accessed on October 1, 2021). Donations in NFS data, totalling £118,500 and £170,339 respectively in

2017 and 2018, represent approximately 0.316% and 0.343% of the UK text donation pool in 2017 and

2018, respectively.
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tions vs. weekdays donations, recurring donations vs. occasional donations, donations

by older donors vs. donations by younger donors). We drop from the data all unau-

thorized and failed donations (e.g., if the SMS contained a typo), and use the donor’s

hashed mobile phone number as the donor ID.

Descriptive statistics for our donations data are summarized in Table 1. On aver-

age, we observe a higher volume of donations on weekdays than on weekends. The

average amount of donations per transaction on a weekend is £17.17 in comparison

with £30.83 on a weekday. Donors tend to give more often in the evening (28,817 trans-

actions) than in the morning (8,254 transactions), but the average amount donated per

transaction in the morning is higher at £34.10 as compared to £23.93 in the evening.

There are notable differences in the amounts donated by donors of different char-

acteristics. More specifically, older donors (those who belong to the 45-54 and 55+ age

ranges) on average give four times more than do younger donors (those who belong

to the under 25, 25-34, 35-44 age ranges), £100.29 vs. £23.80, respectively. The average

donation size for non-habitual givers (those for whom we observe fewer than three

donation records) is just slightly lower than that for habitual givers—£5.98 vs. £5.99.

To group charities into homogeneous categories, we proceed as follows. For each

charity appearing in the dataset, we retrieve a mission statement in text form from

the charity’s own website. As our analysis focuses on donation aggregates by charity

type, we manually categorize organizations into groups at two different levels, based

on their mission statements and on any other information that was available to us. The

more narrowly defined categorization includes 134 separate groups of charities, while

the more broadly-defined categorization includes four groups of charities.9 The lists

of categories is presented in Table 2.

We link our donations data with information collected by the Charity Commission

for England and Wales and the Scottish Charity Regulator for the year 2018.10 This

allows us to categorize charities by size (revenues) and location (based on their head-

quarters’ address). We also categorize charities based on their geographical areas of

9Our empirical strategy relies on panel data methods. This allows us to control for unobserved het-

erogeneity by incorporating fixed effects for different categories of charities, and this is more effective

the more narrowly defined such categories are. However, when looking at heterogeneity across differ-

ent categories of charities, focusing on narrowly defined categories can result in too little longitudinal

sample variation within categories. To strike a balance between these two issues, we use both broadly

and narrowly defined categories in our analysis.
10https://tinyurl.com/pznzvubs and https://tinyurl.com/pak3a9h4, accessed on October 1,

2021.
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Table 1: Descriptive statistics for donations data

Mean Donation (£) Std. Dev. Number of Donations

(1) (2) (3)

Weekends 17.17 121.21 12,596

Weekdays 30.83 248.99 24,475

Mornings 34.10 273.90 8,254

Evenings 23.93 193.96 28,817

Younger donors 23.80 55.36 715

Older donors 100.29 537.68 661

No age data 24.87 205.49 35,695

Habitual donors 5.99 3.40 1,983

Non-habitual donors 5.98 3.85 25,402

Unidentified donors 83.32 414.09 9,686

All 26.19 214.39 37,071

Notes: The table shows summary statistics for the whole sample and sub-samples of our

donations data. Columns (1) and (2) show the mean and standard deviation of dona-

tion amount per transaction, respectively. Column (3) shows the total number of donation

transactions. Weekends includes donation transactions made on a weekend and Week-

days includes those made on a weekday. Mornings includes donation transactions made

in the morning and Evenings includes those made in the evening. Younger donors in-

cludes donation transactions made by young donors (age < 55), Older donors includes

those made by older donors, and No age data includes those without age information.

Habitual donors includes donation transactions made by habitual donors, Non-habitual

donors includes those made by non-habitual donors, and Unidentified donors includes

those made by donors that cannot be identified. All includes all donation transactions in

our dataset.
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Table 2: Categorization of charities

Broad Narrow

Arts/Culture/Education

Architecture, Art education, Art galleries, Art museums, Arts

and culture, Ballet, Black history and culture, Children and art,

Children education, Cinema, Circus, Contemporary art, Contem-

porary art festivals, Crafts, Cricket, Cultural education, Dance,

Film, Gymnastics, Heritage, Libraries, Medical museums, Mod-

ern music, Music festivals, Musical organizations, Opera, Orches-

tras, Other arts, Other museums, Other culture, Other education,

Other galleries, Other music, Other performing arts, Other sports,

Painting, Photography, Printmaking, Puppets, Regimental mu-

seums, Research, Science education, Science museums, Theatre,

Windmill museums

Family/Women/Health

Abortion, Adrenoleukodystrophy, Attention deficit hyperactiv-

ity disorder, Autism, Birth trauma, Blood cancer, Brain injury,

Breast cancer, Breastfeeding, Carers, Charcot-Marie-Tooth dis-

ease, Children in violence, Children’s health, Chronic illness,

Cleft palate, Drugs and alcohol addiction, Dyslexia, Elderly, Fam-

ily, HIV, Health care coastal, Heart disease, Hyper IgM, Idio-

pathic intracranial hypertension, Learning disability, Other can-

cers, Other children, Other disabilities, Other healthcare, Other

women, Women’s childbirth injuries, Women’s mental health,

Youth

Religious/Professional Orgs.

Armed forces, Baptist churches, Cathedrals, Catholic churches,

Catholic youth, Charity assistance, Christian refugee assistance,

Church community, Church groups, Civil servants, Evangelical

churches, Farmers, Other churches, Pharmacists, Police

Others

Animals, Botanical gardens, Bulldogs, Conservation, Earning

income, Environment, Foodbanks, Forests, Homeless, Hunger,

Kenyan community, LGBT, Natural disasters, Other communi-

ties, Other dogs, Other drugs, Parks, Plants and fungi, Rescue

service

Notes: The table shows the classification of narrowly defined categories into four broadly-

defined categories.
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operations (local vs. national) using information obtained from their websites.

Aggregate measures of charitable giving for each charity category are derived as

follows:

VA
It = ∑

j∈I
vjt. (1)

where VA
It is an aggregate donation outcome for charities in category I in week t at

level of aggregation A ∈ {Narrow, Broad}, and vjt is the donation outcome for charity

j in week t. We use two different measures of aggregate donation outcomes: num-

ber of donations and total amount donated—i.e., v ∈ {Frequency, Amount}. Donations

data are aggregated to a weekly frequency to match the Google Trends data, which

has a weekly frequency (Sunday to Saturday). While news items are more likely to ap-

pear during weekdays, the daily number of transactions is greater during weekends,11

when donors are not working and have more time to pay attention to budgeting and

spending choices (paying bills, shopping, making charitable donations). Given this,

we pair the Sunday-to-Saturday Google Trends aggregate with weekly donations ag-

gregates where the donation week starts on the following Friday. A systematic com-

parison of different time aggregation criteria (shown in Table 17 in the appendix) lends

support to this choice.12

We use the Google Trends platform to measure the variation in online search ac-

tivity by topic. After removing stop words from the mission statements of charities

in our dataset, we extract from each of these the unstructured text statements the ten

most frequent keywords using the Python NLTK library.13 These keywords are then

sorted by frequency and by order of occurrence. For any of these keywords, the Google

Trends website reports the weekly frequency of Google engine searches originating

from a specific geographical region. Since weekly Google Trends data is not available

before the end of 2014, we only keep donations data from week 49 of 2014 to week 41

of 2019, obtaining a final sample of 10,869 unique observations.

11This can be seen by dividing the total number of weekday donations by the number of weekdays

(24, 475/5 = 4, 895) and comparing this figure with the corresponding figure for weekends (12, 596/2 =

6, 298).
12The table reports regression results from our main specification using different time shifts (0 to

7 days). In line with the above discussion, although results are qualitatively similar for the different

time windows when we use different weekly donation windows, the link between variation in online

salience and variation in donations effect is strongest when we set the donation week to start on the

following Friday (i.e., t = 5).
13See https://www.nltk.org/ for more details, accessed on October 1, 2021.
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Google Trends does not report the absolute number of weekly searches for each

keyword for the selected time period and location. Rather, the weekly search index

for a particular word reflects the share of searches for that word relative to the total

number of searches on all topics in the selected geographical area during that week.

For each word in the same location, this measure is then normalized in the range 0 to

100 over a moving time window (involving multiple weeks) so that the highest value

of the search index within that time window is 100.

We use the search index for individual words as reported by Google Trends to

construct an aggregate measure of variation in online salience for each category of

charities. This composite search intensity measure is defined as the mean of average

changes in the log of weekly search frequency of the set of keywords across all charities

belonging to the same category, which takes the following form:

∆GTAk
It =

1
#I ∑

j∈I

1
k

k

∑
h=1

(
log GTt(whj)− log GTt−1(whj)

)
, (2)

where ∆GTAk
It denotes the composite search intensity index for charity category I at the

level of aggregation A ∈ {Narrow, Broad} in week t using the k most important key-

words in charities’ mission statements, with k taking values of 10, 5 or 3; log GTt(whj)

denotes the natural log of search frequency for keyword w during week t; and #I de-

notes the total number of charities that belong to category I.

The above mechanical aggregation procedure is fully agnostic about how key-

words feature in online searches (e.g., whether with a positive or with a negative

connotation). A disadvantage of this approach is that it necessarily produces a noisy

semantic matching between charities’ missions and online searches. But there are also

clear advantages: it is easy to document and is methodologically parsimonious; more

importantly, it is methodologically conservative, in that it minimizes the role played

by the researcher in defining semantic connections.

To study cross-salience effects, we also construct a measure of cross-category search

intensity. This is the mean of average changes in the log of weekly search frequency of

the set of keywords across other categories’ charities:

∆OGTAk
It =

1
#{I′ 6= I} ∑

I′ 6=I
∆GTAk

I′t . (3)

where ∆OGTAk
It denotes the composite search intensity index for charity categories

other than I at level of aggregation A in week t using k keywords, ∆GTAk
I′t is the cor-

responding composite measure for category I′, and #{I′ 6= I} is the total number of
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categories other than I. We also use an alternative measure that incorporates the num-

bers of charities in the sample as category weights:

∆OGTAk
It =

1
∑I′ 6=I #I′ ∑

I′ 6=I
#I′∆GTAk

I′t . (4)

Table 3 shows the summary statistics of the Google Trends-based variables in our

sample. As a result of the normalization method used by Google Trends in information

reporting, the sample mean values of the composite search intensity variables, ∆GTAk

and ∆OGTAk, are all close but not exactly equal to zero.14

Table 4 reports correlations amongst all the variables in our analysis. Correlation

patterns suggest positive links between search intensity and the number and volume

of donations. The negative correlation between the cross-category search intensity

measure and donation frequency and amount suggests an inverse relationship be-

tween donations to one group and search frequencies of keywords of the other groups.

Additionally, the positive correlation of own- and cross-category search intensity mea-

sures implies that there is a similar trend in changes of search volumes for keywords

in one group and in the others over time.

3 Empirical strategy

To investigate the link between salience and text donations, we employ the following

baseline specification:

ln VA
It = β0 + β1 ∆GTAk

It + τt + γI + εIt, (5)

where ln VA
It is the natural logarithm of aggregate donation outcome for category I

at the level of aggregation A in week t; ∆GTAk
It , the key variable of interest, is the

composite search intensity index for category I in week t using k keywords; and τt

and γI are respectively time and category fixed effects.

Given that we focus on short-run (weekly) variation in salience, and that chari-

ties’ missions change much more slowly than salience does (and are time-invariant

in our sample), any reverse causation from charities’ missions to variation in online

searches for the words they include can be ruled out. And although the keywords that

we observe in charities’ mission statements may be the endogenous result of compet-

itive selection amongst charities, our empirical strategy does not hinge on variation

14This is the result of how Google normalizes the index. Several papers also document an approxi-

mately zero mean: e.g., Nasir et al. (2019), Swamy et al. (2019).
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Table 3: Descriptive statistics for Google Trends-based indicators

Percentile

Mean Std. Dev. Min 25% 50% 75% Max Obs

(1) (2) (3) (4) (5) (6) (7) (8)

∆GT3 0.000 0.081 -0.771 -0.031 -0.001 0.030 0.678 10,869

∆GT5 0.000 0.066 -0.718 -0.029 -0.002 0.027 0.516 10,869

∆GT10 0.000 0.059 -0.504 -0.027 -0.002 0.023 0.495 10,869

∆OGT3 0.000 0.040 -0.171 -0.019 -0.002 0.016 0.257 10,869

∆OGT5 0.000 0.040 -0.162 -0.018 -0.002 0.014 0.260 10,869

∆OGT10 0.000 0.044 -0.180 -0.020 -0.003 0.015 0.279 10,869

Notes: The table shows summary statistics for our Google Trends-based variables.

Columns (1) to (7) show the mean, standard deviation, min, 25th percentile, median, 75th

percentile, and max respectively. Column (8) reports the number of observations.
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in keywords across charities being exogenous: all our empirical specifications include

charity sector fixed effects, meaning that they only exploit time variation in donations

within charity groups, not cross-sectional variation in donations across different char-

ity groups.

We estimate model (5) for two different measures of text giving, i.e., frequency of

donations and volume of donations. Furthermore, to deal with the fact that we observe

zero donations over several weeks, we re-estimate the equation (5) using a standard

Tobit model (Tobin 1958) and compute its unconditional marginal effects. Using an

alternative specification, we select keywords by the Least Absolute Shrinkage and Se-

lection Operator (LASSO)—a variable selection technique (described in more detail in

Appendix A.2). We start from a specification which, for each charity categories, po-

tentially allows for the separate inclusion of all the individual keywords (between 450

and 750 for each broad category) that are used to construct the aggregate measures

of variation in online search (2) included in our main empirical specification. I.e., we

focus on the following specification:

ln VA
It = β0 + ∑

h∈H(I)
βh

(
log GTt(wh)− log GTt−1(wh)

)
+ τt + γI + εIt, (6)

where I is a broad donations category (i.e., A = Broad) and H(I) is the set of key-

words for category I (the union of the sets of ten most used keywords for each charity

in category I). Using this specification, separately for each charity category, we then

apply a LASSO procedure to determine for which of those keywords variation in on-

line searches best predicts variation in donations. Finally, we run regressions with a

version of (6) that only includes the three or the five most important keywords at the

broadly-defined category level.

We additionally carry out regressions with several augmented specifications. To

account for possible persistence effects, we add lagged dependent variables into the

equation (5). To examine cross-salience effects, we estimate the following specification:

ln VA
It = β0 + β1 ∆GTk

It + β2 ∆OGTAk
It + τt + γI + εIt, (7)

where ∆OGTAk
It is the composite search intensity index for charity categories other

than category I in week t using k keywords. We again estimate model (7) for two dif-

ferent measures of giving: number of donations and volume of donations. Category-

specific coefficient estimates (for the more broadly defined categories) are obtained

by including interaction terms between the search intensity measures and charitable

categories.
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Other dimensions of heterogeneity are explored by splitting the sample by donor

age (older vs. younger donors), by whether donations originate from active donors

(habitual vs. occasional donors), and by time of day (mornings vs. evenings) and by

day of the week (weekends vs. weekdays).

A question that naturally arises in relation to our empirical strategy relates to the

interpretation of results. In particular, can we legitimately take variation in the online

salience of certain issues as being exogenous to variation in charitable donations to

causes related to those issues? While we do not wish to claim that results from the

above regressions specifications can conclusively demonstrate causation from online

salience to donations, it should be noted that most of the search keywords used to

construct our explanatory variables do not directly refer to charitable behavior; rather

they refer to themes that can become more topical or less topical in online discussions

irrespective of any changes in charitable behavior. Moreover, charity-related motives

represent a relatively small subset of all the motives that drive variation in online word

searches as measured by Google Trends. For example, the number of people who pro-

cess online information related to education is far greater than the number of people

who make donations to charities whose activities are focused on education. Accord-

ingly, variation in Google searches on education-related issues can be expected to be

driven comparatively more by education-related news and events than it is driven by

any independent variation in donations to education-focused charities. This is pre-

cisely the assumption made in a number of other studies that employ Google searches

as an exogenous explanatory variable for a more narrowly focused outcome.15

To provide further validation, we carry out regressions using a Two-Stage Least

Square Instrumental Variable (2SLS IV) variant of our baseline specification where the

composite measure of variation in UK online search intensity is instrumented with the

corresponding measure for US online search intensity (i.e., GT10
US). The rationale be-

hind this is that US online search activity (taken as a proxy for the salience of certain

topics to US-based individuals) is likely to be correlated with UK online search activity

(taken as a proxy for the salience of certain topics to UK-based individuals) but is com-

paratively less likely to have a direct effect on donations by UK donors to UK charities.

We first regress the UK Google Trends index on the corresponding US Google Trends

15Examples are Da et al. (2011b), who use Google Trends variation as a proxy for variation in investor

attention and show that an increase in searches predicts higher stock prices in the short term and a price

reversal in the long term; and Stephens-Davidowitz (2014), who uses it as a proxy for regional variation

in racial animus and shows that it predicts the observed regional variation in Obama’s vote share.
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index for each keyword to obtain predicted values of the UK Google search index.

Next, we aggregate those fitted values to obtain predicted values of the composite

measures of search intensity that we use in our main specification and carry out a

second-stage estimation by regressing charitable donations on the predicted compos-

ites.

4 Estimation results

Estimation results from the baseline specification, using the narrow level of aggrega-

tion, are reported in Table 5. Column (1) shows estimates of own salience effects on do-

nations frequency from a fixed-effects estimation. The coefficients on ∆GT10 and ∆GT3

are positive and statistically significant (the superscripts here refer to k, the number of

the most prominent keywords used to construct our mapping). According to the esti-

mates, a one-unit increase in search intensity for all 10 keywords can lead to a 33.8%

rise in the number of donations. For a one-unit increase in search intensity for the first

three keywords, the number of donations can increase by around 13.9%. For ∆GT5,

we find a positive but statistically insignificant coefficient.

Column (2) presents estimation results for the effect of changes in online search

activity on the volume of donations using the fixed-effects model. The coefficients

on our variables of interest, ∆GT10, ∆GT5 and ∆GT3 are all positive and statistically

significant. The regression coefficients show that a one-unit rise in search intensity for

all ten keywords may result in a 113.5% increase in the amount of donations. For a

one-unit increase in search intensity for the first five and three keywords, the donated

amount can increase by around 59% and 60%, respectively.

Since we are mainly concerned with the relationship between online search activity

on donation behavior in all observed weeks, we report the Tobit model’s marginal ef-

fects on the unconditional log Frequency in column (3) and log Amount in column (4).

The results indicate that an increase in search intensity for all ten keywords by one unit

leads to a 76.1% increase in the number of donations and a 249.6% increase in the vol-

ume of donations. A one-unit increase in search intensity for the first three keywords

is associated with a 41.3% rise in donation frequency and a 148.8% rise in the amount

donated. These results are consistent with those of fixed-effects models in showing a

positive association between online search intensity and charitable donations.

Because of the purely mechanical procedure through which we derive our mea-

sures of search intensity, our regressions are based on a semantically coarse mapping

15



Table 5: Baseline regression results

log Frequency log Amount

(1) (2) (3) (4)

∆GT10 0.338*** 1.135* 0.761*** 2.496*

(0.128) (0.602) (0.254) (1.440)

Obs 10,869 10,869 10,869 10,869

R2 0.087 0.068

log Frequency log Amount

∆GT5 0.151 0.590 0.467** 1.483

(0.095) (0.434) (0.232) (1.059)

Obs 10,869 10,869 10,869 10,869

R2 0.087 0.068

log Frequency log Amount

∆GT3 0.139* 0.600* 0.413** 1.488*

(0.080) (0.320) (0.181) (0.781)

Obs 10,869 10,869 10,869 10,869

R2 0.087 0.068

Notes: The table presents results for the baseline regressions for different shock variables.

The dependent variable is the natural logarithm of the number of donations in columns (1)

and (2), and the natural logarithm of the amount donated in columns (3) and (4). Results

of fixed effects models are shown in columns (1) and (3). Unconditional marginal effects

of Tobit models are shown in columns (2) and (4). In all regressions, constant and time

dummies are included but not reported. Robust standard errors are shown in parentheses.

*, **, and *** indicate significance at 10%, 5%, and 1%, respectively.
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between charities’ missions and search topics. Despite this, we find convincing evi-

dence of positive salience effects. One possible interpretation of the estimates is that

an increase in online searches around a particular topic proxies for greater salience of

that topic to donors. Loosely speaking, greater salience can be thought of as lowering

the “salience-adjusted price” of giving to donors—which, if the price elasticity of giv-

ing is high enough in absolute value, raises the level of giving (Meer 2014; Karlan and

List 2007; Almunia et al. 2020).16 This result is robust to using different measures of

online search intensity and estimation methods.

Columns (2) and (3) of Table 6 report regression results from 2SLS IV estimations,

which are consistent with findings from our main specification. The first-stage results

reported in column (1) indicate that higher online search intensity in the US is asso-

ciated with higher online search intensity in the UK for the same topic. In addition,

under-identification and weak identification tests, respectively the Lagrange Multi-

plier (LM) test and the F test, reveal that the instrument is relevant.

The larger coefficient found in the IV estimates, when compared to that obtained in

our main specification, suggests that proxying variation in salience to UK donors by

the variation in searches by UK residents involves more measurement error that focus-

ing on the component of that variation that can be predicted (through the first stage

of our IV specification) by variation on searches elsewhere, resulting in a stronger at-

tenuation bias for the non-IV estimates. A plausible interpretation for this finding is

that the measure of variation in non-UK searches, which is based on a large sample of

Internet users, is a comparatively less noisy indicator of news-induced shocks to the

salience of certain topics to UK donors than the corresponding UK-based measure is,

with the latter incorporating a comparatively larger component of idiosyncratic vari-

ation in searches about topics that remain consistently salient to UK donors.17

A statistically significant relationship between online salience and donations is also

16As mentioned earlier, the notion of “salience-adjusted price” can be best understood by analogy

with the idea of “quality-adjusted price”. E.g., if the price of one unit of good 1 is the same as the price

of one unit of good 2, but good 2 is of higher quality, then the effective price of good 2, adjusted for

quality is lower than that for good 1. Likewise if the salience of a particular charitable cause increases,

with the same £1 donated to that cause a donor can now “buy” donations towards a cause that has

greater salience, and so the salience-adjusted price of giving decreases.
17Comparing the serial correlation of the Google Trends based UK measure with that of the corre-

sponding US measure (our instrument) provides some corroboration for this interpretation: serial cor-

relation is negative for both measures but it is stronger for the UK measure, indicating higher-frequency

fluctuations.
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Table 6: IV regression results

∆GT10 log Frequency log Amount

(1) (2) (3)

0.371*** 0.642* 2.559**

(0.010) (0.381) (1.086)

Obs 420,710 10,869 10,869

R2 0.213 0.103 0.074

First-stage LM test <0.001 <0.001

First-stage F statistic 1420.56 1420.56

Notes: The table presents 2SLS IV regression results corresponding to our main specifica-

tion (Table 5). Column (1) reports results for the first stage, where the dependent variable

is the UK Google search index for individual keywords. Columns (2) and (3) present IV

regression results respectively for the natural logarithm of the number of donations and

the natural logarithm of the amount donated. The US Google search index for individual

keywords is the main independent variable in column (1), while the UK composite search

intensity measure for ten keywords, as predicted from the first stage, is the main indepen-

dent variable in columns (2) and (3). In all regressions, constant and time dummies are

included but not reported. Robust standard errors are shown in parentheses. *, **, and ***

indicate significance at 10%, 5%, and 1%, respectively.
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in evidence if we allow the data to tell us which keyword searches we should focus on

as being predictors of variation in donations to charities in a particular category. Re-

sults of regressions on LASSO-selected keywords from specification (6) are presented

in Table 7. They suggest that out of all keywords of each category, only the first key-

word selected by LASSO has a positive and significant association with text donations.

Specifically, a one-unit increase in online search intensity of the first keyword would

lead to an increase of 135.1% in the frequency of donation, and a rise of 99.2% in the

volume of donations in the regression with three keywords.

Table 8 provides evidence of dynamic effects with respect to the number of dona-

tions (column (1)) and the amount donated (column (2)) obtained by System-GMM

estimation. The lagged dependent variable is treated as endogenous, while search in-

tensity is assumed to be predetermined. The instrument set includes t − 3 and t − 4

lags for both difference and level equations. Coefficients on lagged variables are pos-

itive and significant at the 1% level. Estimated effects of variation in search intensity

on the number of donations remain positive and significant—at the 1% level using ten

and five search keywords, and at the 5% level using three search keywords.

Table 9 reports results of estimates of cross-salience effects on frequency (in column

(1)) and amount of donations (in column (2)), for the cross-salience measure defined

in (3). The coefficients on ∆OGT10 on both estimations are negative and statistically

significant. More specifically, a one-unit increase in the cross-category search inten-

sity measure for ten keywords can decrease the number of donations and the donated

amount by 42.2% and 80.4%, respectively. A possible explanation is that a surge in

the salience of other causes can reduce the comparative salience of the cause of in-

terest. In other words, donations towards a particular charitable cause do not only

respond to changes in own salience-adjusted price of giving but also to the salience-

adjusted prices of giving of other causes. This result shows evidence of a “crowding

out” effect across charitable categories, which has also been well documented in Re-

instein (2011), Cairns and Slonim (2011), and Filiz-Ozbay and Uler (2019). When we

repeat the same exercise using the weighted cross-salience measure defined in (4), we

obtain very similar results (Table 10). To investigate whether this heterogeneity re-

flects heterogeneity in charity organizational characteristics, we use financial informa-

tion on charities’ total income in 2018 to classify charities into separate groups, those

above median income and those below median income. We then run a regression on a

pooled specification that includes interactions with a category-specific indicator vari-

able that takes the value of one if that charity category contains an above median

share of charities that are classified as being large. The same approach is used to ob-
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Table 7: Regression results for keywords selected by LASSO

Three keywords Five keywords

(1) (2) (3) (4)

∆GT keyword1 1.351* 0.992 1.297* 1.037

(0.742) (1.116) (0.747) (1.104)

∆GT keyword2 -0.220 -0.498 -0.255 -0.410

(0.393) (0.704) (0.386) (0.689)

∆GT keyword3 0.371 0.303 0.386 0.245

(0.592) (0.732) (0.625) (0.740)

∆GT keyword4 -0.138 -0.368

(0.355) (0.575)

∆GT keyword5 0.187 -0.113

(0.276) (0.481)

Obs 2,336 2,336 2,336 2,336

R2 0.148 0.129 0.148 0.129

Notes: The table presents results for the fixed-effects models with search intensities for

most important keywords as selected by LASSO. The dependent variable is the natural

logarithm of the number of donations in columns (1) and (3), and the natural logarithm

of the amount donated in columns (2) and (4). Results of models with three keywords are

shown in columns (1) and (2). Results of models with five keywords are shown in columns

(3) and (4). In all regressions, constant and time dummies are included but not reported.

Robust standard errors are shown in parentheses. *, **, and *** indicate significance at 10%,

5%, and 1%, respectively.
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Table 8: Dynamic effects

log Frequency log Amount

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

∆GT10 0.292*** 0.327

(0.100) (0.225)

∆GT5 0.269*** 0.438*

(0.101) (0.250)

∆GT3 0.188** 0.306

(0.083) (0.207)

log Frequency t−1 0.720*** 0.719*** 0.724***

(0.177) (0.177) (0.178)

log Amount t−1 0.565*** 0.565*** 0.569***

(0.167) (0.167) (0.168)

Obs 10,734 10,734 10,734 10,734 10,734 10,734

AR(2) 0.762 0.758 0.757 0.923 0.929 0.925

Hansen 0.103 0.107 0.108 0.364 0.366 0.367

Notes: The table presents results for the dynamic-effect regressions using two-step system

GMM for different shock variables. The dependent variable is the natural logarithm of

the number of donations in columns (1) to (3), and the natural logarithm of the amount

donated in columns (4) to (6). We treat the lagged dependent variable as endogenous,

while search intensity is assumed to be predetermined. Constant and time dummies are

included, but not reported. Standard errors are shown in parentheses. Hansen (p-value

reported) is the test for over-identifying restrictions. AR(2) (p-value reported) is the test

for second-order serial correlation. *, **, and *** indicate significance at 10%, 5%, and 1%,

respectively.
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Table 9: Cross-salience effects

log Frequency log Amount

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

∆GT10 0.328** 0.741***

(0.128) (0.253)

∆GT5 0.146 0.459**

(0.096) (0.228)

∆GT3 0.134* 0.407**

(0.081) (0.180)

∆OGT10 −0.422** −0.804*

(0.193) (0.423)

∆OGT5 −0.267 −0.535

(0.173) (0.401)

∆OGT3 −0.242 −0.455

(0.159) (0.368)

Obs 10,869 10,869 10,869 10,869 10,869 10,869

R2 0.074 0.073 0.073 0.050 0.050 0.050

Notes: The table presents results for the cross-salience effect regressions for different spec-

ifications of ∆GT and ∆OGT. The dependent variable is the natural logarithm of the num-

ber of donations in columns (1) to (3), and the natural logarithm of the amount donated

in columns (4) to (6). Constant and time dummies are included but not reported. Robust

standard errors are shown in parentheses. *, **, and *** indicate significance at 10%, 5%,

and 1%, respectively.
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Table 10: Cross-salience effects with weighted ∆OGT variable

log Frequency log Amount

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

∆GT10 0.326** 0.730***

(0.128) (0.254)

∆GT5 0.144 0.452**

(0.096) (0.228)

∆GT3 0.134 0.403**

(0.081) (0.180)

∆OGT10 −0.425** −0.793*

(0.196) (0.433)

∆OGT5 −0.267 −0.521

(0.176) (0.409)

∆OGT3 −0.242 −0.443

(0.161) (0.376)

Obs 10,869 10,869 10,869 10,869 10,869 10,869

R2 0.074 0.073 0.073 0.050 0.050 0.050

Notes: The table presents results for the cross-salience effect regressions for different spec-

ifications of ∆GT and ∆OGT. The dependent variable is the natural logarithm of the num-

ber of donations in columns (1) to (3), and the natural logarithm of the amount donated

in columns (4) to (6). Constant and time dummies are included but not reported. Robust

standard errors are shown in parentheses. *, **, and *** indicate significance at 10%, 5%,

and 1%, respectively.
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tain indicators for whether a charity category includes an above median proportion

of London-headquartered charities and whether it includes a below-median propor-

tion of charities that operate at the national level rather than only locally (i.e., they

are observed to be active in at least three distinct geographical regions). Estimation

results from these specifications (Table 11) give no indication that variation in these

organizational characteristics plays a significant role.

Table 12 presents estimates of heterogeneous salience effects on giving to different

causes obtained from a specification where the search intensity measures are inter-

acted with indicators of charity categories. According to the estimates, Arts, Culture

& Education is the most salience-sensitive category, followed by Religious & Other

Professional Organizations. The category least sensitive to salience is Women, Family

& Health. Giving to Other Social Issues and to Animal & Nature causes do not seem

to correlate with changes in the intensity of relevant online searches (at least, in the

way we measure them). There are several possible reasons for this heterogeneity. It

may reflect genuine substitution patterns in donors’ preferences. Or it may reflect dif-

ferences in online attention across the types of donors who give to different causes; or

differences across charity types in the degree of semantic ambiguity of the mapping

that we use.

These differences may also reflect other dimensions of heterogeneity across chari-

ties. In particular, larger organizations may have a comparatively stronger marketing

focus and produce mission statements that are better aligned with how individuals

carry out online searches. In this case, a comparatively higher concentration of larger

charities in certain areas could account for the heterogeneity in estimated effects.

Each donation in our data has a timestamp that can be used for splitting sample by

the timing of donations. Estimates in Panel A of Table 13 show that the relationship

between donations and variation in online search is stronger during weekdays than

on weekends. More specifically, a one-unit increase in search intensity corresponds to

an increase of 28.4% in donation frequency during weekdays, compared with 14.9%

during weekends. In the same vein, changes in amounts donated during weekdays

are roughly double those donated during weekends. Moreover, the results in Panel

B indicates that estimated effects for donations made in the evening are statistically

significant, while they are insignificant for those made in the morning.

Our donations data allow us to track the same donor over time. Furthermore, some

donors also report their age category. Given this information we can single out older

donors (45+ years old) and habitual donors (those with at least of three donations

records). Table 14 reports results for sub-samples split by these characteristics. With
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Table 11: Estimates of heterogeneous effects by charity characteristics

log Frequency log Amount

(1) (2) (3) (4)

Panel A: charity’s size

∆GT10 0.300* 0.301 0.825*** 0.748

(0.158) (0.194) (0.301) (0.479)

LARGE × ∆GT10 0.085 0.021 -0.146 -0.108

(0.159) (0.220) (0.355) (0.544)

Obs 10,869 10,869 10,869 10,869

R2 0.087 0.068

Panel B: charity’s location

∆GT10 0.361** 0.301 0.880*** 0.703

(0.164) (0.204) (0.336) (0.505)

LONDON × ∆GT10 -0.042 0.021 -0.213 -0.008

(0.172) (0.222) (0.368) (0.549)

Obs 10,869 10,869 10,869 10,869

R2 0.087 0.068

Panel C: charity’s operating areas

∆GT10 0.357** 0.388** 0.908*** 0.943**

(0.151) (0.190) (0.286) (0.463)

REGIONAL × ∆GT10 -0.056 -0.187 -0.415 -0.598

(0.164) (0.225) (0.390) (0.558)

Obs 10,869 10,869 10,869 10,869

R2 0.087 0.068

Notes: The table presents evidence on heterogeneous effects for a Google Trends compos-

ite regressor based on ten keywords. Panels A, B and C show heterogeneous effects across

charity sizes, charity locations and charity regions, respectively. The dependent variable is

the natural logarithm of the number of donations in columns (1) and (2), and the natural

logarithm of the amount donated in columns (3) and (4). Results of fixed-effects models are

shown in columns (1) and (3). Unconditional marginal effects of Tobit models are shown in

columns (2) and (4). In all regressions, constant and time dummies are included but not re-

ported. Robust standard errors are shown in parentheses. *, **, and *** indicate significance

at 10%, 5%, and 1%, respectively.
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Table 12: Heterogeneity of responses across broad donation categories

log Frequency log Amount

∆GT10 ∆GT5 ∆GT3 ∆GT10 ∆GT5 ∆GT3

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

Arts/Culture/Education 0.572*** 0.417*** 0.356*** 1.129*** 1.011*** 0.851***

(0.155) (0.107) (0.070) (0.343) (0.324) (0.238)

Women/Family/Health 0.030 0.102 0.543* 0.515 0.174 0.954**

(0.204) ( 0.156) (0.303) (0.421) (0.418) (0.470)

Religious/Professional Orgs. −0.032 −0.041 0.462*** 0.164 −0.111 1.019***

(0.136) (0.102) (0.166) (0.269) (0.190) (0.363)

Others −0.104 −0.014 0.266 0.063 0.107 0.403

(0.172) (0.134) (0.197) (0.353) (0.325) (0.486)

Notes: The table presents results for linear combinations of categorical-effect regressions

for different shock variables. The dependent variable is the natural logarithm of the num-

ber of donations in columns (1) to (3), and the natural logarithm of the amount donated

in columns (4) to (6). Constant and time dummies are included but not reported. Robust

standard errors are shown in parentheses. *, **, and *** indicate significance at 10%, 5%,

and 1%, respectively.
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Table 13: Results for sub-samples by timing of donation

Panel A: Weekend vs. weekday donations

Weekend donations Weekday donations

log Frequency log Amount log Frequency log Amount

(1) (2) (3) (4)

∆GT10 0.149* 0.396* 0.284* 0.710***

(0.079) (0.203) (0.148) (0.271)

Obs 7,893 7,893 10,262 10,262

R2 0.092 0.081 0.080 0.062

Panel B: Morning vs. evening donations

Morning donations Evening donations

log Frequency log Amount log Frequency log Amount

(1) (2) (3) (4)

∆GT10 0.133 0.488 0.308** 0.784***

(0.107) (0.303) (0.133) (0.282)

Obs 8,980 8,980 10,076 10,076

R2 0.096 0.080 0.083 0.063

Notes: The table presents results for regressions of sub-samples split by donation timing

for a Google Trends composite regressor based on ten keywords. Panels A and B show

results for a sub-sample of weekend vs. weekday and morning vs. evening donations,

respectively. The dependent variable is the natural logarithm of the number of donations in

odd columns (1), (3), and the natural logarithm of the amount donated in even columns (2),

(4). Constant and time dummies are included but not reported. Robust standard errors are

shown in parentheses. *, **, and *** indicate significance at 10%, 5%, and 1%, respectively.
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Table 14: Results for sub-samples by donor characteristics

Panel A: Younger vs. older donors

Younger donors Older donors

log Frequency log Amount log Frequency log Amount

(1) (2) (3) (4)

∆GT10 0.385* 0.662 0.258* 0.694

(0.190) (0.484) (0.146) (0.507)

Obs 1,792 1,792 3,490 3,490

R2 0.132 0.139 0.091 0.093

Panel B: Habitual vs. non-habitual donors

Habitual donors Non-habitual donors

log Frequency log Amount log Frequency log Amount

(1) (2) (3) (4)

∆GT10 −0.004 0.135 0.174 0.286

(0.103) (0.207) (0.114) (0.199)

Obs 4,759 4,759 9,134 9,134

R2 0.116 0.112 0.101 0.103

Notes: The table presents results for regressions of sub-samples split by donor characteris-

tics for a Google Trends composite regressor based on ten keywords. Panels A and B show

results for a sub-sample of young vs. old and habitual vs. non-habitual donors, respec-

tively. The dependent variable is the natural logarithm of the number of donations in odd

columns (1), (3), and the natural logarithm of the amount donated in even columns (2),

(4). Constant and time dummies are included but not reported. Robust standard errors are

shown in parentheses. *, **, and *** indicate significance at 10%, 5%, and 1%, respectively.

The categorization of donors as habitual or non-habitual is only possible for observations

where we have donor ID information, which is why the number of observations in Panel

B falls short of the total.
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regards to donors’ ages (Panel A), younger donors are more likely to be salience-

sensitive than older givers, in line with a prior that younger donor should be com-

paratively heavier users of online searches—the coefficient on the main variable of

interest (search intensity) for young donors is larger than that found for older donors.

With regards to whether donations are from habitual and occasional donors (Panel B),

we do not find statistically significant coefficients for either group.18

5 Conclusions

We study the relationship between online salience and charitable giving. We employ

a unique dataset on SMS donations from 2013 to 2019, which includes information

on the time and date when donations were made, to examine how time variation in

the intensity of online search for topics that are related to the activities pursued by

different charities is reflected in variation in the frequency and volume of donations

made to those charities and to charities that pursue different goals. The charities in the

dataset are grouped into categories, and donations to charities in any given category

are then linked to Google Trends search scores based on keywords extracted from

charities’ mission statements.

Our findings are as follows. First, donations correlate with changes in the online

salience of the activities pursued by charities (even when these changes are impre-

cisely measured). The number and volume of donations to a particular charitable

cause is positively associated with the intensity of online search activity on topics

related to such a cause and negatively associated with online search frequencies on

topics related to other causes. Second, there is substantial heterogeneity in salience

sensitivity across different categories, timings of donations and types of donors. Do-

nations to charities pursuing Arts & Culture causes are more salience-sensitive than

others, while giving to causes related to Women, Family & Health exhibits the least

salience sensitivity. Estimated effects are stronger for donations that are made during

weekdays rather than on weekends; they are stronger for donations that are made in

the evening; and they are stronger for younger donors.

On the whole, these results are strikingly aligned with our priors in terms of how

donors should respond to variation in online salience, particularly in light of the un-

mediated strategy that we follow to derive a mapping from online searches to char-

18Results from pooled specifications are presented in the Appendix. These show that estimated effects

are stronger for habitual donors than for occasional donors.
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ities, and suggest that evidence on patterns of online activities may be a valuable

source of information for researchers seeking to uncover the determinants of giving,

and may be a good predictor of donors’ responses for charities seeking to devise ef-

fective fundraising strategies.
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A Appendix

A.1 Results for sub-samples from pooled specifications

We also explore effects for sub-samples using the following a pooled specification:

ln VA
Ist = β0 + β1 ∆GTAk

Ist + β2 Ds ∆GTAk
Ist + τst + γIs + εIst, s ∈ {S1, S2}, (8)

with Ds = 1 if s ∈ S and Ds = 0 otherwise; where S is a sub-sample of observation al-
ternatively defined in relation to donor age, whether donors are occasional or habitual
donors, whether donations are made on weekends or on weekdays, or whether they
are made during the daytime or in the evening.

Results for own-salience effects are presented in Tables 15 and 16. The only statis-
tically significant (positive) differential effect in this case is that of habitual vs. non-
habitual donors.

A.2 Keyword selection by LASSO

The Least Absolute Shrinkage and Selection Operator (LASSO) estimator is a `1-norm
penalized least squares estimator that solves the following optimization problem:

β̂ = arg min
β

{(
y− X′β

)′(y− X′β
)
− λ|β|

}
,
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Table 15: Results from pooled specification with interactions with timing of donation

log Frequency log Amount

∆GT10 ∆GT5 ∆GT3 ∆GT10 ∆GT5 ∆GT3

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

Panel A: Weekend vs. weekday donations

∆GT 0.229** 0.095 0.103 0.646*** 0.420** 0.352**
(0.114) (0.091) (0.079) (0.222) (0.213) (0.178)

Weekend × ∆GT -0.010 0.022 −0.006 −0.196 −0.187 −0.123
(0.090) (0.092) (0.079) (0.231) (0.237) (0.185)

Obs 18,155 18,155 18,155 18,155 18,155 18,155

Panel B: Morning vs. evening donations

∆GT 0.244** 0.129 0.124 0.761*** 0.571*** 0.468***
(0.119) (0.088) (0.080) (0.258) (0.216) (0.181)

Morning × ∆GT −0.008 −0.031 −0.053 −0.238 −0.419** −0.316*
(0.072) (0.065) (0.065) (0.217) (0.187) (0.169)

Obs 19,056 19,056 19,056 19,056 19,056 19,056

Notes: The table presents results for regressions of combined sub-samples split by donation

timing. The dependent variable is the natural logarithm of the number of donations in

columns (1) to (3), and the natural logarithm of the amount donated in columns (4) to (6).

Constant and time dummies are included but not reported. Robust standard errors are

shown in parentheses. *, **, and *** indicate significance at 10%, 5%, and 1%, respectively.
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Table 16: Results from pooled specification with interactions with donor characteristics

log Frequency log Amount

∆GT10 ∆GT5 ∆GT3 ∆GT10 ∆GT5 ∆GT3

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

Panel A: Younger vs. older donors

∆GT 0.464** 0.325** 0.247** 1.110* 0.846** 0.630**
(0.194) (0.131) (0.107) (0.591) (0.374) (0.292)

Older × ∆GT −0.068 −0.077 −0.050 −0.104 −0.053 −0.007
(0.065) (0.064) (0.056) (0.285) (0.287) (0.251)

Obs 5,282 5,282 5,282 5,282 5,282 5,282

Panel B: Habitual vs. non-habitual donors

∆GT 0.176 0.026 0.045 0.262 0.037 0.105
(0.111) (0.088) (0.075) (0.178) (0.148) (0.122)

Habitual × ∆GT 0.107 0.069 −0.009 0.314* 0.186 0.028
(0.082) (0.067) (0.053) (0.173) (0.139) (0.107)

Obs 13,895 13,895 13,895 13,895 13,895 13,895

Notes: The table presents results for regressions of combined sub-samples split by donor

characteristics. The dependent variable is the natural logarithm of the number of donations

in columns (1) to (3), and the natural logarithm of the amount donated in columns (4) to

(6). Constant and time dummies are included, but not reported. Robust standard errors are

shown in parentheses. *, **, and *** indicate significance at 10%, 5%, and 1%, respectively.
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where λ is a fixed non-negative regularization parameter (or so-called tuning param-
eter), y is the dependent variable, X is a matrix of independent variables and β is the
vector of the corresponding parameters. This is similar to the traditional regression
approach of minimizing the sum of squares, but with an additional penalty term of
the form λ|β|.

The higher the value of λ, the further the model’s estimated parameters, β̂, are
shrunk towards zero, with more of them taking on a value of zero (i.e., more regressors
are removed from the model). The accuracy of the model can be evaluated by the Mean
Squared Error (MSE) as follows:

MSE =
1
n
(
y− ŷ

)′(y− ŷ
)
,

where ŷ are the predicted values and y the observed values. The lower the MSE is,
the more accurate the model is. Our regularization parameter, λ, is chosen based on a
ten-fold cross validation criterion and on MSE minimization.

A.3 Aggregation criteria for weekly donations

Table 17 reports results from our baseline specification for different aggregation con-
ventions with respect to weekly donations. Estimated effects are most significant when
we allow for a lag of four days (i.e., weekly donations starting on a Thursday) and five
days (i.e., weekly donations starting on a Friday, the convention that we adopt).
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A.4 Mission keywords for three individual charities

Table 18: Keywords extracted from charities’ mission statements: three examples

Charity Keywords

Abacus Belsize Primary School school, Belsize, trust, abacus, support, work, play, academy, deliver,

primary

Aberdeen Performing Arts Aberdeen, art, perform, diversity, heart, individuality, everyone, respect,

engage, mission

ABF The Soldiers’ Charity soldier, veteran, support, family, help, army, charity, need, past, british

owner
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