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Abstract 

Research has shown that people are more likely to donate money to help a single victim rather than a group 

of victims. However, recent studies have been able to reverse this compassion fade effect by presenting 

people with multiple donation appeals with different victim group sizes (joint evaluation) instead of just one 

donation appeal (separate evaluation). The reversal of this effect when people evaluate multiple donation 

requests at once has important implications for fundraising. This study tests whether this effect can be 

replicated in the field by using data from GoFundMe, the world’s largest crowdfunding platform. When 

browsing projects on GoFundMe, people see multiple projects displayed at once, placing them in a joint 

evaluation context. Using the project campaign category and description to control for confounding, I find 

that there is indeed a positive effect of the perceived victim group size on the amount of funds raised by a 

project. 
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1 Introduction 

Online fundraising has become increasingly popular, as it provides access to a huge donor pool at very low 

costs (Hart, 2002). The promises of online fundraising have been successfully exploited by crowdfunding 

sites such as GoFundMe.com which allow people to set up crowdfunding campaigns on their online platform 

with only a few clicks. The $15 billion that has been collectively raised since 2010 on GoFundMe 

(GoFundMe, 2022), which is the largest donation-based crowdfunding website, speaks for the success of 

these platforms. Although the amount of funds raised on GoFundMe is impressive, most campaigns fall 

short of their fundraising targets (Kenworthy & Igra, 2022). This low success rate might be explained by the 

fact that traditional strategies intended to boost donations (e.g., Ruehle et al., 2021) might not work or even 

backfire on such platforms. This is because in contrast to more traditional means of fundraising, such as 

mail solicitation where potential donors often receive only one donation request at a time, potential donors 

on crowdfunding platforms can choose from a large number of projects to donate to. As noted by Erlandsson 

(2021), whether people evaluate one option separately or multiple options jointly has been very influential 

for research on judgment and decision making. For example, Erlandsson (2021) quotes evidence that shows 

that emotional reactions are more predictive of attitudes toward policies in separate evaluations (Ritov & 

Baron, 2011), while efficiency-related attributes are more predictive in joint evaluations (Bazerman et al., 

2011; Caviola et al., 2014). This evidence led Erlandsson (2021) to test seven helping effects (i.e., strategies 

that fundraisers can use to boost donations) both when people evaluated multiple donation requests at once 

(joint evaluation) and when they only evaluated one donation request (separate evaluation). 

Erlandsson (2021) found that potential donors indeed prefer projects with different attributes depending on 

whether they only evaluate one project or multiple projects at once. For example, while research using 

separate evaluation found that donors prefer projects with a single identified victim to projects with multiple 

unidentified victims (Lee & Feeley, 2016), Erlandsson (2021) was able to reverse this effect in the joint 

evaluation condition. This outcome is in line with another recent experimental study by Garinther et al. 

(2022). In contrast to previous studies that used a separate evaluation design, Garinther et al. (2022) found 

that people donated more to donation requests depicting larger victim groups than to donation requests 

depicting smaller victim groups when participants evaluated multiple donation requests at once. According 

to Garinther et al. (2022), it is the comparison of multiple donation requests with different depicted group 

sizes that leads to the positive effect of depicted group size on giving. This result has important 

consequences for fundraising, since studies have traditionally concluded that larger victim groups attract 

smaller donations (see Butts et al. (2019) for a meta-analysis). 

This study examines whether fundraisers that use crowdfunding can leverage the results of Erlandsson 

(2021) and Garinther et al. (2022) by manipulating the perceived victim group size. In lab studies that test 

the effect of victim group size on giving, the perceived victim group size (i.e., how many people are depicted 

on the picture) usually corresponds with the real victim group size (i.e., the size of the group that will receive 

the donations) e.g., Garinther et al. (2022). However, in real-life donation requests, there is usually no direct 

correspondence between the size of the depicted victim group (e.g., a poor child from Sudan) and the size 

of the group that benefits from the donation (poor Sudanese children, in this example). Thus, in this work, I 

attempt to test whether fundraisers can raise more funds by manipulating the size of the perceived victim 

group in a joint evaluation context (i.e., crowdfunding). 

To test this hypothesis, I estimate the effect of the depicted victim group size on giving in a real-world setting 

where people usually see multiple donation requests at once. I use data from more than 60,000 

crowdfunding projects from GoFundMe, the world’s largest social fundraising platform. When browsing 

fundraising projects on GoFundMe.com, people see multiple fundraising projects displayed in a grid (see 

Figure A1 in the appendix), which places them into a joint evaluation framework. According to Erlandsson 



 
 
 
 

Page 5/41 Compassion for all: Real-world online donations contradict compassion fade 
 

 

(2021) and Garinther et al. (2022), we should thus observe a positive effect of the number of persons 

depicted on a project’s project profile picture on the funds acquired by the project. 

Given the observational setting, I first need to identify the effect of the perceived victim group size on the 

funds raised. To identify this effect, I need to account for all confounders between the number of people 

depicted on a project profile picture and the amount of funds raised. The topic of a fundraising project is 

such a confounder. Whether the funds are raised for a sick child or a college football team likely influences 

both how many people are depicted on the profile picture and how much people will donate to the project. 

Fortunately, fundraising projects on GoFundMe must be assigned to one of 18 predefined categories (e.g., 

"medical", "sports"). Indeed, the category of a project correlates with both the amount of funds raised and 

the number of persons depicted on a project profile picture (see Figure 1). 

To assess how robustly the category of a project controls for confounding, I also use the campaign 

description text to additionally control for the topic of a project. The campaign description is free text provided 

on the project’s profile page that fundraisers can use to describe their project. Campaign descriptions have 

been shown to influence the success of crowdfunding projects (Kuo et al., 2022). I use document 

embeddings (Le & Mikolov, 2014; Reimers & Gurevych, 2019) and topic models (Blei, 2012) to encode this 

text into numbers that can then be used as controls. 

Controlling for the category and the campaign description allows me to identify the effect of the perceived 

victim group size on donations for projects that belong to the same category and have similar campaign 

descriptions. This places us close to an experimental design where we could vary the number of people 

depicted on the profile project picture while keeping the description of the project constant. 

I use regression models and double machine learning (Chernozhukov et al., 2017) as a robustness check 

to estimate the effect of the number of people on the profile picture on the amount of funds raised. Double 

machine learning (Chernozhukov et al., 2017) uses off-the-shelf machine learning algorithms to estimate 

causal effects in the presence of potentially high-dimensional confounders. Double machine learning allows 

us to control for confounders (e.g., document embeddings) without making strong assumptions about the 

functional form of our model. 

In contrast to the majority of the extant research that has mostly found a negative effect on the victim group 

size on funds raised (Butts et al., 2019), I find no such negative effect, or even a positive effect, of the 

perceived victim group size on the amount of funds raised by crowdfunding projects. In contrast to past 

findings and in line with recent evidence from laboratory studies, it thus seems beneficial to increase the 

perceived victim group size in settings where potential donors evaluate multiple fundraisers at once. 
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Figure 1 Mean number of persons on the project profile picture by project category. 

 

Notice: Error bars represent 95% confidence intervals. Figure A) with all projects, Figure B) only with 

projects that have at least one person on the project profile picture. 

 

2 Literature review 

 

2.1 Effect of victim group size on donations 

There are two well-known effects of victim group size on donations, namely, the identifiable victim effect 

(Jenni & Loewenstein, 1997) and the compassion fade effect (Västfjäll et al., 2014). For both effects, the 

effect of the victim group size on the funds raised is negative. The identifiable victim effect refers to the 

tendency of individuals to provide more help to specific, identifiable victims than to anonymous (statistical) 

victims (Jenni & Loewenstein, 1997). For example, Kogut and Ritov (2005a) found that when asked to help 

sick children who need costly life-saving treatment, participants were more willing to contribute to a single 

child identified by age, name, and picture than to a single unidentified child or a group of unidentified 

children. While this effect results in people donating less to larger victim groups, it mainly operates, as the 

name implies, through the identification of the victims (Lee & Feeley, 2016). Indeed, a meta-analysis by Lee 

and Feeley (2016) found that this effect only works for a single victim and not for a group of victims. This 



 
 
 
 

Page 7/41 Compassion for all: Real-world online donations contradict compassion fade 
 

 

finding is in line with the results of Kogut and Ritov (2005a) and Kogut and Ritov (2005b), who found that 

people donated more to a single identified victim than to a nonidentified victim, while there was no significant 

difference between donations made to a group of identified victims and those made to a group of 

nonidentified victims. 

In contrast to the identifiable victim effect, the compassion fade effect specifies a negative effect of the 

depicted victim group size on willingness to donate that is directly caused by the size of the victim group. 

As mentioned by Butts et al. (2019), the compassion fade effect has also been referred to as compassion 

fatigue (Figley, 1995), compassion collapse (Cameron, 2017), and psychic numbing (Slovic, 2007). Butts et 

al. (2019) also highlighted that it is important to note that compassion here refers to compassionate behavior 

(e.g., donating) and not to the emotion of feeling compassion. Butts et al. (2019) analyzed 41 studies in a 

meta-analysis and found that victim group size negatively affected both helping intent and behavior (e.g., 

donations). They also found that anticipated positive affect and perceived impact, which were negatively 

associated with victim group size, mediated this effect. 

One prominent explanation of the compassion fade effect is that it is caused by numeracy limitations and 

biases in the basic affective processing underlying the decision to help (Hamilton & Sherman, 1996; Slovic, 

2007). Butts et al. (2019) called this the affective bias perspective. This explanation is related to the 

identifiable victim effect; it postulates that a single victim is depicted in more detail (i.e., with more 

information) than groups, which elicits stronger emotional reactions (Hamilton & Sherman, 1996). In contrast 

to a single victim, a group of victims constrains people’s capacity for attention and imagery, which results in 

a fragmented representation of the victims and thus a weaker affective response (Dickert & Slovic, 2009; 

Kogut & Ritov, 2005a). 

The other prominent explanation postulates that people expect the needs of large groups to be potentially 

overwhelming and therefore engage in emotion regulation to prevent themselves from experiencing these 

overwhelming emotions (Cameron & Payne, 2011). According to this explanation, people regulate their 

emotions to maximize their personal goals while minimizing potential costs that may seem overwhelming 

(Butts et al., 2019). Butts et al. (2019) called this the motivated choice perspective and noted that this 

explanation aligns with the cost-reward model of helping (Dovidio et al., 1991) and past work on empathy 

avoidance (Shaw et al., 1994). The abovementioned work demonstrated that potential donors regulate their 

emotions to avoid feelings that will compel them to help when helping is foreseen as being too costly. 

To explain the reversion of the identifiable victim effect in joint evaluation, Erlandsson (2021) referred to X. 

Li and Hsee (2019), who posited that attributes in decision situations can differ in both justifiability (whether 

people think the attribute should affect decisions) and in evaluability (how easily the attribute in itself can be 

understood). Erlandsson (2021) noted that the size of the victim group is a prime example of an attribute 

with a high level of justifiability (most people would agree that helping more people is better than helping 

fewer) but a low level of evaluability (without any comparison, it is difficult to judge whether four victims are 

few or many). However, evaluability is higher in joint evaluations than in separate evaluations (Erlandsson, 

2021; Hsee, 1996). Hsee (1996) noted that there might be a greater level of uncertainty in judging the value 

of a hard-to-evaluate attribute (e.g., victim group size) in separate evaluations than in joint evaluations. 

Therefore, these factors could have less impact in separate evaluations than in joint evaluations (Hsee, 

1996). In line with this, Hsee, Zhang, Wang, et al. (2013) showed that willingness to donate when one could 

save 200 rather than 100 polar bears was twice as high in joint evaluation, while there was no difference in 

separate evaluation. 

While the evidence for the compassion fade effect is substantial (Butts et al., 2019), this evidence rests on 

some limitations. Mainly, as mentioned by Garinther et al. (2022), only a few studies have used designs that 
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required participants to jointly evaluate donation requests with different victim group sizes. The meta-

analysis from Butts et al. (2019) explicitly excluded such studies. The authors acknowledged this 

shortcoming by stating that designs with "separate evaluations do not adequately reflect the realistic settings 

in which people make donation decisions" (p. 27). This leads to the second limitation, namely, to the best of 

my knowledge, this effect has never been tested using real-world donation data. 

Regarding the first limitation, the few studies that have used joint evaluations to study the compassion fade 

effect have found inconsistent results (Butts et al., 2019). As mentioned by Garinther et al. (2022), only one 

of the studies replicated the compassion fade effect (Västfjäll et al., 2014, study 2). The other studies either 

found comparable donations to different victim group sizes (Kogut & Ritov, 2005b) or were even able to 

reverse the compassion fade effect (Hsee, Zhang, Lu, et al., 2013; Kogut & Ritov, 2005b). Garinther et al. 

(2022) took the existing inconsistencies in the design and results of these studies as motivation to 

systematically study the compassion fade effect in joint evaluation conditions. Over multiple studies, the 

authors showed that when subjects saw multiple donation requests at once, either simultaneously or 

sequentially, they donated more to larger victim groups. 

This finding has important practical implications since it contradicts the compassion fade effect literature in 

a setting that "better mirror[s] real charitable giving contexts" (Butts et al., 2019, p. 27). Thus, in contrast to 

the majority of the extant literature on the relationship between victim group size and donations (Butts et al., 

2019), fundraisers whose solicitations are evaluated jointly with other solicitations can potentially attract 

more donations by increasing the (perceived) victim group size. If this recommendation is externally valid, 

we should observe the following: 

Hypothesis 1: There is a positive effect of perceived victim group size (i.e., number of persons on the 

project profile picture) on the amount of funds raised by the project. 

 

2.2 Success Factors of Donation based Crowdfunding Campaigns 

To understand what drives a crowdfunding campaign’s success we need to understand what motivates 

people to give to those campaigns and how crowdfunding campaigns can tap into these motivations. This 

short review largely draws on two excellent reviews by van Teunenbroek and Dalla Chiesa (2022) and van 

Teunenbroek et al. (2023). van Teunenbroek and Dalla Chiesa (2022) summarise motives that lead people 

to donate to crowdufunding campaigns. Many of the mechanisms that affect charitable giving in traditional 

contexts are also likely to play a role in crowdfunding campaigns (van Teunenbroek et al., 2023). Among 

these are altruism (Fehr & Fischbacher, 2003), the joy of giving (i.e., warm glow Andreoni, 1990) (i.e., warm 

glow) and solicitation (van Teunenbroek & Hasanefendic, 2023). van Teunenbroek and Dalla Chiesa (2022) 

also mention feeling part of a community as a motive. Project backers cannot only donate, but also comment 

on the project and share it on social media. Thus, by donating, donors can become part of a community 

(Josefy et al., 2017). The narrative of a project, communicated for example through the project description, 

can also motivate donors to contribute (van Teunenbroek & Dalla Chiesa, 2022). For example, Wang et al. 

(2022) found that a guilt-evoking project description positively influenced the willingness to donate. 

Campaign pictures also influence potential donors. As mentioned by van Teunenbroek and Dalla Chiesa 

(2022), Rhue and Robert (2018) found that campaigns that depict people with happy facial expressions 

raised more money than campaigns depicting people with neutral facial expressions. van Teunenbroek and 

Dalla Chiesa (2022) note that the crowdfunding environment is characterized by high uncertainty because 

there exists information asymmetry between the donors and the project initiators. According to van 

Teunenbroek and Dalla Chiesa (2022), people use quality signals to guide their behavior in such situations 

(van Teunenbroek et al., 2020). Therefore, the perceived quality of a project is positively related to its funding 
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success (Mollick, 2014). Similarly, the number of campaign updates is also positively related to campaign 

success (Mollick, 2014). As mentioned by van Teunenbroek and Dalla Chiesa (2022), the perceived 

credibility of the project initiator also feeds into the perceived quality of a project. For example, Hörisch 

(2015) found that projects initiated by an officially recognised non-profit organization tend to be more 

successful. With crowdfunding being an inherently online based fundraising channel, social media plays an 

important role. Sharing a project on social media increases its visibility and therefore solicits potential donors 

(Bhati & McDonnell, 2020; Priante et al., 2022). Unsurprisingly, the number of social media shares is 

positively related to a project’s success (Kubo et al., 2021). 

van Teunenbroek et al. (2023) conducted a literature review about mechanisms that affect giving via 

philanthropic crowdfunding. Based on the review, they developed a conceputal model that specifies how 

these mechanisms mediate the effect of crowdfunding features (e.g., project description) on giving beahvior. 

The crowdfunding features they study are the project creator, social information, project description and 

rewards. A few of the mediating mechanisms were already mentioned above, namely the perceived 

credibility of the project initiator, the perceived quality of the project, the emotional reaction elicited by the 

projects as well as the identification with a community. van Teunenbroek et al. (2023) also specify the 

strength of the tie a donor has with the project initiator as a mechanism. I do not summarize the reward 

specific mechanisms since the crowdfunding platform studied in this study is not reward-based. Knowing 

how crowdfunding campaign factors affect the success of a campaign, we can now go on to discuss the 

identification strategy that we use to identify the effect of the perceived victim group size on the amount of 

funds raised by a project. 

 

3 Methods 

 

3.1 Data and Identification Strategy 

I use data downloaded from GoFundMe to test the compassion fade effect in a real-life donation setting. 

Data from GoFundMe have been successfully used by researchers to study nonexperimenter solicited 

charitable contributions in a real-world setting (Sisco & Weber, 2019). In March 2022, I downloaded more 

than 60,000 fundraising projects from four countries (the US, the UK, Australia and Canada). When visiting 

GoFundMe.com, people see a grid of fundraising projects (see Figure A1 in the appendix). This grid displays 

the most important information for each project. One can see the location of the project, the project profile 

picture, the title of the project and the first few words of the description, the target amount to be raised, the 

funds already raised and when the last donation was made. Fundraising progress is visualized by a green 

progress bar. Although projects on GoFundMe have a target amount, GoFundMe follows a direct donation 

structure (van Teunenbroek et al., 2023) that allows initiators to keep the donated money, regardless of 

whether the target was reached or not. Raising more than the target amount is also possible. By clicking on 

a project from the project overview page, one is forwarded to the profile page of the project. On this page, 

project creators have the opportunity to display more photos and videos and to provide a detailed textual 

description of the project. From the project overview page and the profile page, I download the data that I 

need to test hypothesis 1 (see Table 1). Each project belongs to a category (see Figure 1), and up to 1,000 

projects per category can be downloaded. 

My identification strategy relies on the backdoor criterion. A set of variables Z satisfies the backdoor criterion 

relative to an ordered pair of variables (x, y) if (1) Z blocks every path between x and y that contains an 
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arrow into x and (2) no node in Z is a descendant of x. Given our treatment variable (number of persons on 

a project profile picture) and our dependent variable (amount of funds raised), I assume that the topic of a 

fundraising campaign, which I measure with the campaign description text and the campaign category, 

satisfies the backdoor criterion. As already mentioned, the topic of a campaign likely influences both how 

many people are shown on the project profile picture and how much people will donate to the project. The 

directed acyclic graph (DAG) (Rohrer, 2018) that visualizes this assumption is shown in Figure 2. We can 

directly condition on the category of a campaign since each campaign is assigned to a category. To control 

for the campaign description text, I use natural language processing (NLP) methods to convert the text data 

to a numerical representation. There is a relatively new but growing stream of literature on using textual 

data as controls in statistical models (Keith et al., 2020). As mentioned by (Keith et al., 2020), there exist 

multiple ways of measuring confounders from text, such as lexicons, supervised classifiers, topic models 

and embeddings. As I want to control for the overall topic of a project, I use the latter two methods. These 

methods inductively learn confounding factors to (ideally) account for all known and unknown aspects of the 

text (Keith et al., 2020). Topic models are generative probabilistic models that represent text as a mixture 

of latent topics (Roberts et al., 2014). Embeddings represent text as low-dimensional, dense vectors that 

encode the meaning of the text. These numerical text representations are then used in place of the 

confounder (the topic of the campaign) in a causal adjustment method (e.g., linear regression) (Keith et al., 

2020). As our identification strategy crucially depends on our ability to measure the confounders from text, 

I use multiple text representation methods. Namely, I use topic models (Roberts et al., 2014) and two state-

of-the-art document embedding techniques (Le & Mikolov, 2014; Reimers & Gurevych, 2019). This 

approach allows us to see how sensitive our estimates are to different text representations. I describe these 

methods in more detail below. 

Figure 2 Directed acyclic graph (DAG) 

 

Notice: Directed acyclic graph (DAG) showing how I use the campaign category and campaign description 
to control for confounding between the number of persons on a project profile picture and the amount of 
funds raised by the project. 
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3.2 Control Variables 

As just mentioned, I use the category of a fundraising project and the project description to identify the effect 

of the perceived victim group size on the amount of funds raised (i.e., to control for confounding). However, 

there are other variables that, although they are not confounders, can increase the precision of the estimate 

of interest (Cinelli et al., 2022). The section on the "success factors of donation based crowdfunding 

campaigns" motivates and informs the selection of these variables. Although the effects of these variables 

on campaign success were already discussed, I still briefly state the reason for inclusion when presenting 

the control variables. I include the total photos of a fundraising project, the number of updates posted and 

the length of the project description as control variables because studies have found that better documented 

projects raise more money (Wu et al., 2022). I also control for whether the fundraiser is organized by an 

organization or by people, whether it is a team fundraiser or not, and how many people are organizing the 

fundraiser. I include these controls because these variables likely affect the sharing of the fundraiser, which 

increases the visibility of the fundraiser and thus likely also the amount of funds raised (Kubo et al., 2021). 

For the same reason, I also created variables that control for whether the fundraiser was organized for 

anyone or not and if so whether it was organized for another person or to benefit an organization. I use the 

state-of-the-art named entity recognition model "ner-english" provided by the flair Python library to do this 

(Akbik et al., 2018). 

To control for the popularity of the fundraiser, I include the number of times the fundraiser was shared on 

social media, the number of hearts (i.e., likes) the fundraiser collected and the number of comments that 

were made on the fundraiser project page as control variables. All of these variables likely affect the visibility 

of the fundraiser, which in turn should affect the amount of funds raised. For the same reason, I also control 

for the page position of the fundraiser in the category project overview page, as projects that appear on top 

of the page should receive more attention. Many of these control variables are also included to ensure that 

I control for the number of people who directly visit a fundraising project without browsing other projects 

beforehand. This approach is crucial since my hypothesis rests on the assumption that potential donors are 

in a joint evaluation context when they decide on which project they should donate to. Controlling for 

variables that affect the number of people who directly visit a fundraising project without browsing other 

projects before or after should ensure that donations that were made in a separate evaluation context do 

not affect the results. The target amount is also included as a control as it has been shown to be associated 

with campaign success (Mollick, 2014). For reasons that are obvious I also control for the days that passed 

since the project launched. 

Finally, I also control for the emotions displayed by the people who are depicted on the project profile photo. 

I do this because the facial expressions of victims have been shown to affect giving behavior (Rhue & 

Robert, 2018; Small & Verrochi, 2009). Since this approach is only possible for projects that depict at least 

one face on the project profile page, I fit all models once without controlling for depicted facial emotions and 

once with controlling for depicted facial emotions. 

When thinking about which controls to include, one must make sure that no "bad" controls are included 

(Cinelli et al., 2022). Colliders are an example of such bad controls. Conditioning on a collider, i.e., a 

common effect of the exposure and outcome, leads to a noncausal association between the exposure and 

the outcome (Cinelli et al., 2022; Hünermund et al., 2021). In my case, what I call the "social" variables 

(number of social media shares, number of comments, and number of campaign hearts) could potentially 

be such collider variables. People could share the fundraiser on social media, like, or comment because 

they are depicted on the fundraiser’s project profile picture. Making a donation could also lead people to do 

these same things, which could make these variables serve as colliders between the number of people 

depicted on the project profile picture and the amount of funds raised. I therefore also fit the regression 
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models without these three variables as controls (see appendix). However, I think that including these 

variables for the reasons stated above is more important, which is why these variables are included by 

default. However, the results for the models without these variables are very similar to those with these 

variables. In fact, the effect of the number of persons on the project profile picture is even stronger when 

not controlling for these variables. Because the estimated effects of these control variables are unlikely to 

have a causal interpretation, I follow previously made recommendations to not report them (Hünermund & 

Louw, 2020; Westreich & Greenland, 2013). 

 

3.3 Natural Language Processing Methods  

Embeddings embed text into a dense numerical space. There exist several methods to do this. These 

methods can roughly be divided into contextualized and noncontextualized methods. Word2vec (Mikolov et 

al., 2013) is a popular method used to obtain noncontextualized embeddings. Word2vec encodes words 

into numerical vectors by predicting a target word by its context words (or vice versa) with a shallow neural 

network. This prediction task is only a means to an end to obtain the weights of the neural network that are 

then used as the numerical vectors that represent a given target word. Using such a prediction task to obtain 

numerical representations has the advantage that words that are used in similar contexts end up having 

similar numerical representations (Camacho-Collados & Pilehvar, 2018). This process builds on the 

distributional hypothesis, which assumes that words that occur in similar contexts have similar meanings 

(Firth, 1957). After training word2vec on a (preferably large) corpus, one ends up with a vector of typically 

approximately 100-300 dimensions for each word of the corpus. To obtain a document vector, one can use 

the mean of all the word vectors that make up a document (Lau & Baldwin, 2016). Although word2vec uses 

the context of words to compute the word vectors, it does not assign different representations to the same 

word used in different contexts. For example, the word “bank” has the same numerical representation 

regardless of whether it is used in a financial context or not. 

Contextualized models such as BERT (Devlin et al., 2018) alleviate this shortcoming by producing context-

dependent embeddings for each word. These methods thus produce one word embedding for each unique 

word and each unique context the word appears in (Liu et al., 2020). Due to this approach, among other 

things, these models have achieved groundbreaking results in natural language understanding tasks 

(Rogers et al., 2020). Since BERT produces one embedding per word, we also need a way to aggregate 

those embeddings over the course of a document. I use Sentence BERT (SBERT) to do this (Reimers & 

Gurevych, 2019). Similar to averaging the word2vec embeddings per document, SBERT adds a pooling 

operation (mean) to the output of BERT to derive a fixed-sized document embedding. While contextualized 

models objectively perform better in most areas, they are not without limitations. First, because these models 

are very memory intensive, there is a limit to the length of text they can process. Second, since these 

methods are pretrained, they might fail to capture peculiarities of the text data at hand. I therefore use both 

of these methods to obtain embeddings of the project descriptions since word2vec can be trained on the 

data at hand and does not have a text length limit. 

In addition to embeddings, I also use topic models to operationalize the topic of a campaign. Topic models 

are a popular method to detect latent topics in a collection of texts (Roberts et al., 2014). Topic models treat 

each document as a mixture of topics and each topic as a mixture of words. Latent Dirichlet allocation (LDA) 

is a popular method for fitting such topic models. I use the implementation provided by Roberts et al. (2014) 

to fit the topic model and use the method developed by Mimno and Lee (2014) to decide on the number of 

topics per topic model. 
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As evidenced by this short presentation of different methods for encoding the topic of a campaign from its 

campaign description text, these methods have differing strengths and weaknesses. For example, while the 

strength of embeddings is that they promise to encode all aspects of a text (e.g., meaning, affect, topic), 

their high level of dimensionality could complicate inference. The reverse is true for topic models; they only 

encode the topic(s) of the text but are often lower in dimension (i.e., number of topics) than embeddings. By 

using these different methods with differing strengths and weaknesses, we can verify how sensitive our 

estimates are to the type of text encoding. 

 

3.4 Inference Methods 

To estimate the effect of the number of persons on a campaign profile picture, I mainly rely on regression 

models and use double machine learning to assess the robustness of the results. I use double machine 

learning (Chernozhukov et al., 2017) as a robustness check because it allows us to control for confounders 

in a flexible (i.e., nonlinear) way. Double machine learning can be illustrated with a partially linear model in 

the following form: 

 𝑌 = 𝐷𝜃0 + 𝑔0(𝑋) + 𝜁,  𝔼( 𝜁 ∣∣ 𝐷, 𝑋 ) = 0, 
 

 (1) 

 𝐷 = 𝑚0(𝑋) + 𝑉,  𝔼( 𝑉 ∣ 𝑋 ) = 0, 
 

  (2) 

where 𝑌 is the outcome variable (i.e., the amount of funds raised by a project) and 𝐷 is the treatment 

variable (i.e., the number of persons on a projects profile picture). The (potentially) high-dimensional vector 

𝑋 contains the confounding and control variables, and ζ and V are stochastic errors. Equation (1) is the 

equation of interest, and 𝜃0 is the main regression coefficient that we would like to infer. Assuming that 𝐷 is 

conditionally exogenous, 𝜃0 has the interpretation of a structural or causal parameter. Equation (2) keeps 

track of confounding, i.e., the dependence of 𝐷 on covariates. These covariates 𝑋 affect the treatment 

variable 𝐷 via the function 𝑚0(𝑋) and the outcome variable via the function 𝑔0(𝑋). 

Applying machine learning methods directly to Equations (1) and (2) may have a very high level of bias, 

which is caused by the regularization properties of machine learning algorithms (Bach et al., 2021; 

Chernozhukov et al., 2017). Double machine learning uses orthogonalization to overcome this regularization 

bias. To illustrate this, we rewrite the abovementioned PLR model in the following residualized form: 

 𝑊 = 𝑉𝜃0 + 𝜁,   𝔼( 𝜁 ∣∣ 𝐷, 𝑋 ) = 0, 
 

  (3) 

 𝑊 = (𝑌 − 𝑙0(𝑋)),      𝑙0(𝑋) = 𝔼( 𝑌 ∣ 𝑋 ) = 0, 

 

  (4) 

 𝑉 = (𝐷 − 𝑚0(𝑋)),       𝑚0(𝑋) = 𝔼( 𝐷 ∣ 𝑋 ) = 0, 

 

  (5) 

Given identification, double machine learning then estimates 𝑙0  and 𝑚0 by 𝑙0̂  and 𝑚0̂ by solving the two 

problems of predicting 𝑌 and 𝐷 using 𝑋. These prediction problems can be solved by using any off-the-shelf 

machine learning method. This gives us the following estimated residuals: 

 �̂� = 𝑌 − 𝑙0̂(𝑋), 
 

  (6) 

 �̂� = 𝐷 − 𝑚0̂(𝑋). 
 

  (7) 

To avoid overfitting, these residuals are of a cross-validated form. We can then finally estimate 𝜃0  by 

regressing the residual �̂� on �̂�. Conventional inference is used for this final regression estimator. Double 
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machine learning uses a method-of-moments estimator for 𝜃0 with a Neyman-orthogonal score function. 

This approach ensures that the moment condition used to identify and estimate 𝜃0 is insensitive to small 

perturbations of the nuisance functions (i.e., 𝑙0̂(𝑋) and 𝑚0̂(𝑋)) estimated by the machine learning models. 

Although this ensures some robustness, a good approximation of the nuisance functions is still crucial. I 

therefore use three different machine learning algorithms, namely, regression trees (Therneau et al., 2015), 

random forests (Breiman, 2001) and XGBoost (T. Chen & Guestrin, 2016). I refer interested readers to 

Chernozhukov et al. (2017) for a detailed treatment of double machine learning. 

To ensure that the machine learning methods can well approximate the nuisance functions, I train the 

methods via random search (Bergstra & Bengio, 2012) for 20 iterations each. To set the tuning space of the 

hyperparameters, I rely on the current advice from the literature (Bischl et al., 2023). 

 

3.5 Person and facial emotion detection 

Given the large number of project profile pictures, it is not feasible to detect the number of persons in a 

project profile picture and the facial expressions shown by these people by hand. I therefore rely on machine 

learning algorithms for this task. The state-of-the-art algorithms for these tasks are as good or even better 

than human raters while being significantly faster. To detect the number of persons in a project profile 

picture, I use a Faster R-CNN model (Ren et al., 2015) that was pretrained to detect persons in the COCO 

dataset (Lin et al., 2014). I use the mmdetection Python library (K. Chen et al., 2019) to implement the 

model. More information regarding this model is provided in the appendix. 

To detect the facial emotions expressed by the people on the project profile picture, I use a model that is 

considered state of the art in facial expression detection at the time of performing the analysis (Savchenko, 

2021). I use the hsemotion Python library to detect expressed facial emotions with this model. For each 

detected face, this model returns the probability that this face shows emotion x for a total of seven emotions 

(angry, disgust, fear, happiness, sadness, surprise, and neutral). To obtain one value per project profile 

picture, I take the mean per emotion when multiple faces are detected. 

 

3.6 Fitted models and preprocessing 

To ensure that the results are not driven by outliers, I follow previous literature that used data from 

GoFundMe (Sisco & Weber, 2019) and removed projects that raised more than the mean plus 3 standard 

deviations per country. The analyses conducted on the full sample are reported in the appendix. The results 

for the models with outliers are similar to those without outliers but tend to have larger standard errors. To 

account for heteroscedasticity, heteroskedasticity-consistent standard errors (HC1) are used. To ensure 

comparability to Garinther et al. (2022), I run the analysis once for all projects and once only for projects 

that have twelve or fewer people on the project profile picture. This approach also increases the 

comparability with other studies; M.-R. Li and Yin (2022) found that in studies that showed participants 

pictures of beneficiaries, showing eight beneficiaries was the most frequent approach. Since studies 

conducted in the lab usually have at least one person in the solicitation picture, I also run the analysis for all 

projects and only for projects with at least one person in the project profile picture. 
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4 Results 

 

4.1 Descriptive Results  

The data without outliers contain a total of 64,024 fundraising projects without any missing data in the 

variables listed in Table 1. This table also contains summary statistics for all of these variables. On average, 

these projects raised $4,390, with a standard deviation of $11,586. There are on average 2.6 persons 

depicted on the project profile picture, with a standard deviation of 5.5 persons. The majority of the projects 

(59.5%) have at least one person on the project profile picture. Only a few projects (4.8%) have more than 

twelve persons on the project profile picture. The majority of projects are thus comparable to the 

experimental literature with regard to the number of persons shown on the donation request (M.-R. Li & Yin, 

2022). 

The subset of projects with at least one detected face on the project profile picture contains 29,446 projects 

(Table 2). The mean facial emotions by project profile picture are mostly happy and neutral. The appendix 

shows the values given in Tables 1 and 2 for the full sample (i.e., with outliers). As I consider projects that 

raised more than the mean plus three standard deviations per country as outliers, 824 (1.27%) of the 

projects were excluded from the sample with all projects, and 464 (1.56%) projects were excluded from the 

sample where at least one face was detected on the project profile page. 
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Table 1 Summary Statistics of all projects without outliers. 

 

 



 
 
 
 

Page 17/41 Compassion for all: Real-world online donations contradict compassion fade 
 

 

Table 2 Summary Statistics of projects with at least one detected face without outliers. 
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4.2 Effect of perceived victim group size on funds raised 

Figure 3 shows the effect of the number of persons on a project’s profile picture on the amount of funds 

raised by a project. For each country, text control method, and subset of data, four models are fitted (three 

double machine learning models and one regression model). I first present the results that consider all 

projects (top row for each country panel). For projects in Australia, the number of people on the picture has 

no significant effect on the amount of funds raised. For Canada, there is a small but significant effect for 

most of the models. For the UK, most models indicate that there is no significant effect. For US-based 

projects, most models indicate a positive effect; however, compared to the other countries, there is more 

variance in the estimates between the different models. In contrast to the double machine learning results, 

the regression results indicate no positive effect in all but the topic model estimate. 

Restricting the analysis to projects that show no more than twelve people on the project profile picture 

increases the effect of the number of people on the picture on the amount of funds raised across all 

countries. For most countries and models, the estimates show that an additional person on the project profile 

picture leads to an increase in the amount of funds raised of approximately $25. The models presented in 

the last two rows for each country only consider projects with at least one person on the project profile 

picture, namely, once for all projects where this condition is met and once further restricted to those with a 

maximum of twelve people on the picture. The results are very similar to those models where all projects 

are considered. Overall, these results suggest that there is a small, but not consistent, effect of the number 

of persons on the project profile picture on the amount of funds raised. The positive effect is most consistent 

for the subset of projects with at most twelve people on the project profile picture. Most importantly, not one 

of the estimates of the 256 fitted models shown in Figure 3 indicates a significant negative effect of the 

number of persons on the project profile picture on the amount of funds raised. 
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Figure 3 Effect of the number of persons on a project's profile picture on the amount of funds raised. 

 

Notice: Error bars denote 95% confidence intervals. 

Figure 4 shows the same analysis as that shown in Figure 3, but it includes models that also account for 

the facial emotion expressed by the people on the project profile picture. The results are very similar to the 

results reported in Figure 3. The models that consider all projects within this subsample mostly indicate no 

significant effect, except for projects posted in the US, where the majority of models indicate a positive 

effect. As in Figure 3, the effects become larger when further restricting the sample to projects with a 

maximum of twelve people on the project profile picture. Most models still indicate no effect for projects 

posted in Australia and Canada. However, for the UK, there is now a consistent positive effect and a mostly 

consistent positive effect for the US. 

The fact that models with projects that have at most twelve people on them show larger effects could indicate 

a nonlinear (i.e., concave) effect of the number of people on a project profile picture on the amount of funds 

raised. I therefore also fit the models shown in Figures 3 and 4 with a quadratic effect of the number of 

persons on a project’s profile picture. I only use ordinary least squares regression to fit these models 

because the results of the regression and double machine learning estimates are very similar. 
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Figure 4 Effect of the number of persons on a project’s profile picture on the amount of funds raised for 

models that control for the facial emotions expressed by the persons. 

 

Notice: Error bars denote 95% confidence intervals. 

Figure 5 shows the results of the same models as those fitted in Figure 3, but it includes an additional 

quadratic term for the number of persons on a project profile picture. In the majority of the models, the 

quadratic term has a small but significant negative effect. Compared to Figure 3, the linear effect of the 

number of persons on the project profile picture seems to be larger. 

Looking at the models that also control for the emotions expressed by the people on the project profile 

picture (Figure 6), we see a similar result. In most of the models, the quadratic effect is significantly negative. 

Except for projects from the UK, there is a significant positive linear effect of the number of people on the 

project profile picture on the amount of funds raised. The effect of an additional person on the project profile 

picture on the amount of funds raised is considerable (approximately $100 for projects in Australia and 

Canada and around $500 for projects in the US for models fitted on the subgroup of projects with a maximum 

of twelve people on the project profile picture). 

Looking at the results with regards to hypothesis 1, I thus find that the postulated positive effect of the 

perceived victim group size (i.e., number of persons on the project profile picture) on the amount of funds 
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raised by the project is mixed. I found the most consistent positive effect for models that were fitted on the 

subset of projects with a maximum of twelve people on the project profile picture. In the estimates obtained 

with the double machine learning estimators, projects in the UK and the US show the most consistent 

positive effect. Interestingly, the effect vanishes for projects from the UK in the models where a nonlinear 

effect was included and the facial emotions were controlled for (Figure 6). However, all other models with 

this specification for the other three countries show a significant positive effect of the number of people on 

the project profile picture on the amount of funds raised. I can thus confirm hypothesis 1 for all but projects 

from the UK.  

Figure 5 Linear and nonlinear effect of the number of persons on a project’s profile picture on the amount 

of funds raised. 

 

Notice: Error bars denote 95% confidence intervals. 
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Figure 6 Linear and nonlinear effect of the number of persons on a project’s profile picture on the amount 

of funds raised for models that do control for the facial emotions expressed by the persons. 

 

Notice: Error bars denote 95% confidence intervals. 

 

5 Discussion 

Crowdfunding has great promise both for individual and institutional fundraisers (Alexiou et al., 2020). 

However, most fundraising projects fail to reach their targets (Kenworthy & Igra, 2022). In this study I 

explored whether this lack of success could in part be explained by the different characteristics of 

crowdfunding and more traditional fundraising (e.g., mail solicitation). Among other things, crowdfunding 

platforms differ from more traditional means of fundraising in that potential donors are in a joint evaluation 

context, i.e., they can choose among a large number of projects to donate to. In contrast, traditional 

fundraising often occurs in a separate evaluation context, where potential donors often face only one 

donation request at a time. Importantly for fundraisers, laboratory studies have shown that the effect of the 

victim group size on donations reverses when going from a separate to a joint evaluation context 

(Erlandsson, 2021; Garinther et al., 2022). In contrast to results obtained in a separate evaluation context, 

people in a joint evaluation context donate more to larger victim groups (Erlandsson, 2021; Garinther et al., 

2022). Using data from over 60,000 GoFundMe crowdfunding projects from four countries, I tested whether 

this effect generalizes to a real-world setting (i.e., crowdfunding). I did this by testing the effect of the number 

of people on a project’s profile picture (i.e., perceived victim group size) on the amount of funds raised by a 

project. Consistent with recent evidence from the lab that tested this effect in a joint evaluation condition 

(Garinther et al., 2022), I found a mostly significant positive effect of the number of people depicted on the 

project profile picture on the amount of funds raised by the project for the subgroup of projects that is most 

similar to the stimuli used in the laboratory (i.e., maximum twelve people on the picture). The results of the 
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models fitted on the full sample were more mixed, and only a few of them indicated a significant positive 

effect. This discrepancy calls for more experimental studies that vary the range of victims beyond what has 

mostly been done in the literature (e.g., a maximum of twelve victims). 

Most of the models that include the quadratic effect indicate a concave effect of the perceived victim group 

size on the amount of funds raised. This has not yet been found in experimental studies. However, the 

nonlinear effect is rather small; therefore, laboratory studies might lack the power to detect this effect. This 

nonlinear effect might indicate that even in a joint evaluation setting, people might be prone to affective 

biases. The affective bias perspective denotes that in separate evaluations, people’s numeracy limitations 

and biases in affective processing (Hamilton & Sherman, 1996; Slovic, 2007) might be responsible for the 

compassion fade effect (Butts et al., 2019). My results show that these biases could still affect decision-

making in a joint evaluation setting but are trumped by attributes that have a high level of justifiability (i.e., 

victim group size) (Erlandsson, 2021). Thus, to attract more donations from people who are browsing 

projects on GoFundMe, it is still beneficial to include more rather than fewer people on the project profile 

picture. This advice is relative to the other projects that share the same category (e.g., medical, sports). As 

shown in Figure 1, the variance of the number of people depicted on the profile picture is rather small within 

projects that share the same category. My results hold for the typical range of depicted persons per category 

and do not necessarily extrapolate beyond that range. I thus advise people who want to raise money in a 

joint evaluation context to increase the victim group size by a sensible amount. For example, when raising 

money for a sick child, show the whole family (but not, e.g., the whole child’s school class) instead of only 

the child. Assuming that people use the (perceived) victim group size (high justifiability) (Erlandsson, 2021) 

to choose from among similar fundraising projects but are also affected by affective biases to some extent 

(Butts et al., 2019), having a marginally higher victim size than that of other similar projects should be most 

effective. The assumptions used to derive this advice are consistent with my results and with the evidence 

quoted by Erlandsson (2021) that shows that emotional reactions are more predictive of attitudes toward 

policies in separate evaluations (Ritov & Baron, 2011), while efficiency-related attributes are more predictive 

in joint evaluations (Bazerman et al., 2011; Caviola et al., 2014). Future research could test whether there 

are other fundraising related attributes that have differing effects depending on whether people evaluate 

them in a separate or joint evaluation context. For example, the overhead ratio is an efficiency-related 

attribute that is difficult to evaluate in separate evaluation and should thus receive more weight in a joint 

evaluation context. 

My results are not without limitations. First, as with any observational study aiming to draw causal 

conclusions, my results crucially depend on the identifying assumptions. I use the project category and the 

project description to control for confounders between the number of people shown on the project profile 

picture and the amount of funds raised. I also use a number of other control variables that should help with 

identifying the variance needed to draw causal conclusions. However, it is possible that I have omitted a 

confounder or included a bad control. While this possibility cannot be ruled out, the fact that the results are 

consistent with results from the laboratory and that the results also hold for the models without the 

(potentially) bad controls indicates that the results are hopefully not affected by such a possibility. Second, 

I rely heavily on machine learning algorithms to conduct this study. While these algorithms are already very 

good, the field is developing rapidly. Methods that use text data to adjust for confounding are constantly 

evolving (Feder et al., 2022). While I use three different methods to control for the topic of a fundraiser (i.e., 

campaign description), these methods will soon be surpassed by newer and better methods. The third 

limitation concerns the data. While it covers countries from three different continents, my analysis is still 

restricted to a Western sample. Due to cultural differences in how crowdfunding projects are set up (Cho & 

Kim, 2017), my results do not necessarily generalize to, e.g., more collectivist cultures (Nie et al., 2022). 

Future research could replicate my results in such cultures. 
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While experimental studies are immune to some of these limitations, there is only so much we can learn 
about real-world behavior from laboratory studies (Levitt & List, 2007). Experiments can provide evidence 
for a causal relationship between X and Y within the constraints of the experimental design, but they are 
often unable to shed light on the strength of an effect in everyday natural settings (Diener et al., 2022). As 
argued by Diener et al. (2022), a research program is most successful when experiments are integrated 
with other methods rather than being considered the sole source of valid information. I follow this perspective 
and use evidence and theories derived from laboratory studies as the basis for this study to test whether 
those findings are generalizable to the field. Even though the results from these laboratory studies have 
direct and easy-to-implement implications for fundraisers, field studies that test whether these effects are 
actually generalizable are still missing from the literature. This is in contrast to the broader fundraising 
literature, where field studies are not uncommon (e.g., Alston et al., 2021; Woods et al., 2023). The lack of 
evidence from field data applies to psychological research more generally (Diener et al., 2022; Grosz et al., 
2020). I hope that this study helps to alleviate this shortcoming by showing the usefulness of observational 
field data to complement and extend findings from the laboratory.  
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7 Appendix 

Figure A1 Project overview page for medical projects on GoFundMe.com. Identifying information blacked 
out. 
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7.1 Detailed information regarding machine learning algorithms 

To detect the number of persons on a project’s profile picture, I used the 

"faster_rcnn_r50_caffe_fpn_mstrain_3x_coco" model provided by the mmdetection Python library. This is a 

Faster R-CNN model (Ren et al., 2015) that was pretrained to detect persons in the COCO dataset (Lin et 

al., 2014) The model can be downloaded with this link. To detect the facial emotions expressed by the 

people on the project profile picture, I used the hsemotion Python library (Savchenko, 2021). I used the 

"enet_b2_7" model provided by this library. 

  

https://download.openmmlab.com/mmdetection/v2.0/faster_rcnn/faster_rcnn_r50_caffe_fpn_mstrain_3x_coco/faster_rcnn_r50_caffe_fpn_mstrain_3x_coco_20210526_095054-1f77628b.pth
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7.2 Main results with outliers 

Table A1 Summary Statistics of all projects.  
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Table A2 Summary Statistics of projects with at least one detected face.  
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Figure A2 Effect of the number of persons on a project's profile picture on the amount of funds raised in 

the full sample (i.e., with outliers). 

 

Notice: Error bars denote 95% confidence intervals.  
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Figure A3 Effect of the number of persons on a project's profile picture on the amount of funds raised for 
models that do control for the facial emotions expressed by the persons in the full sample (i.e., with 
outliers). 

 

Notice: Error bars denote 95% confidence intervals. 

 

 

 

 

 

 

 

no text SBERT Doc2Vec topic model

A
u
s
tra

lia
C

a
n
a
d

a
U

K
U

S
A

$0 $100 $200 $300 $0 $100 $200 $300 $0 $100 $200 $300 $0 $100 $200 $300

Max. 12 people

All projects

Max. 12 people

All projects

Max. 12 people

All projects

Max. 12 people

All projects

estimate

significant

TRUE

FALSE

model

Xgboost

regression

random forest

regression trees



 
 
 
 

Page 37/41 Compassion for all: Real-world online donations contradict compassion fade 
 

 

Figure A4 Linear and nonlinear effect of the number of persons on a project's profile picture on the 

amount of funds raised in the full sample (i.e., with outliers). 

 

Notice: Error bars denote 95% confidence intervals. 
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Figure A57 Linear and nonlinear effect of the number of persons on a project's profile picture on the 

amount of funds raised for models that do control for the facial emotions expressed by the persons in the 

full sample (i.e., with outliers). 

 

Notice: Error bars denote 95% confidence intervals. 
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7.3 Results of models that do not control for the number of social media shares, number 
of comments and number of campaign hearts 

Figure A6 Effect of the number of persons on a project's profile picture on the amount of funds raised for 

models that do not control for social media shares, number of comments and number of campaign hearts. 

 

Notice: Error bars denote 95% confidence intervals. 
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Figure A7 Linear and nonlinear effect of the number of persons on a project's profile picture on the 

amount of funds raised for models that do not control for social media shares, number of comments and 

number of campaign hearts. 

 

Notice: Error bars denote 95% confidence intervals. 

Figure A8 Effect of the number of persons on a project's profile picture on the amount of funds raised in 

the full sample (i.e., with outliers) for models that do not control for social media shares, number of 

comments and number of campaign hearts. 

 

Notice: Error bars denote 95% confidence intervals. 
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Figure A9 Linear and nonlinear effect of the number of persons on a project's profile picture on the 

amount of funds raised in the full sample (i.e., with outliers) for models that do not control for social media 

shares, number of comments and number of campaign hearts. 

 

Notice: Error bars denote 95% confidence intervals. 
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