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Abstract
Previous literature has analyzed the effect of internet disclosure on NPO donations, specifically, through website disclosure, 
showing a positive relation between internet disclosure and NPO income. Nonetheless, there is a lack of studies examining 
the association between sentiment on social media and NPO donations. Therefore, the aim of this study is to examine the 
effect that sentiment in Twitter messages has on the donations received by NPOs. Using a sample of NPOs listed on the 
Non-Profit Times 100, we examine whether the sentiment transmitted by the NPOs through Twitter affects their donations. 
The results show that the sentiment associated with certain specific categories of messages (community messages and infor-
mation messages about matters not directly related to the NPO) has a significant effect on the amount of donations received.
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1 Introduction

Previous literature has examined the effect of internet disclo-
sure on received donations, showing a positive association 
between internet disclosures and NPO donations (Gandía, 
2011; Saxton et al. 2014; Saxton and Wang 2014). Although 
these papers focus on the use of NPO websites, recent papers 
show the increasing relevance of social media in organiza-
tions’ communication strategy (Lovejoy and Saxton 2012; 
Guo and Saxton 2014; Zahrai et al. 2022). In this regard, 
several studies have explored the relationship between social 
media usage and NPO donations. Some research suggests 
that NPOs reliant on donations tend to have higher levels 
of social media activity (Gálvez-Rodríguez et al. 2016; 
Campbell and Lambright 2019). Additionally, other stud-
ies have found evidence supporting a connection between 
social media usage and increased donations (Saxton and 
Wang 2014; Xiao et al. 2022).

Studies on the use of social media by organizations are 
interesting because of the differences in user behavior, who 

tend to behave in a more emotional and impulsive way (Hol-
lebeek et al. 2014; Dwivedi et al. 2019; Zahrai et al. 2022). 
Nonetheless, to date, no studies have considered how sen-
timent on social media may affect the donations received 
by NPOs. Sentiment is understood as the level of polarity 
transmitted by a text (Kearney and Liu 2014), and sentiment 
analysis of NPOs’ messages on social media provides an 
interesting setting to examine how the use of social media 
by organizations affects user behavior.

In that sense, agenda-setting theory (Waters 2013; Zhang 
2016), hierarchy of engagement theory (Lovejoy and Sax-
ton 2012), and framing theory (Xiao et al. 2022) provide a 
sound theoretical background that provides support for the 
hypothesis that the sentiment transmitted by NPOs through 
social media may have an effect on donations, an effect 
that may be different depending on the type of message. 
Therefore, the aim of this study is to examine whether the 
donations received by NPOs are affected by the sentiment of 
their social media posts. In particular, we examine whether 
the sentiment transmitted by NPOs on Twitter influences 
donations.

To do so, we use a sample composed of NPOs belong-
ing to the Non-Profit Times 100 (NPT100) for the period 
2015–2019 and modify the Weisbrod and Domínguez Model 
of Giving by including variables that proxy for social media 
engagement: NPO network size, NPO activity on Twitter, 
and sentiment transmitted by NPO posts. We estimate an 
aggregate annual measure that proxies for the sentiment 
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transmitted by the NPO’s messages for each year of the 
sample period. Furthermore, following the hierarchy of 
engagement classification formulated by Lovejoy and Sax-
ton (2012) and Svensson et al. (2015), we calculate partial 
measures of sentiment based on this classification that are 
also incorporated into the model.

The paper makes three main contributions: First, it 
extends the previous literature on how the use of social 
media can affect user behaviors; as far as we know, this is 
the first paper that examines whether the sentiment trans-
mitted by NPOs’ social media may have an effect on their 
fundraising effectiveness. In this regard, the paper extends 
prior research regarding the effect of social media on dona-
tions (Saxton and Wang 2014). Second, it contributes to the 
application of the hierarchy of engagement classification 
theorized by Lovejoy and Saxton (2012) by estimating sen-
timent measures based on this classification that are applied 
to economic models. Thirdly, the study uses the framing 
theory to connect the hierarchy of engagement theory with 
the agenda-setting theory. In this regard, framing messages 
through social media plays an essential role in the NPO’s 
establishment of the perception that followers may have 
regarding the relevance of specific issues. Likewise, fram-
ing messages is also important to achieve a higher affective 
bond among followers, which can in turn increase their level 
of commitment to the NPO’s objectives.

The paper has the following structure: After the presen-
tation of the study, we develop the theoretical framework 
on which we base our hypotheses in Sect. 2. In Sect. 3, we 
explain the models used to test our hypotheses, the measure-
ment of sentiment, and the sample composition. Section 4 
shows the results obtained from our analysis, which are 
discussed in Sect. 5. Finally, conclusions are presented in 
Sect. 6.

2  Theoretical framework

2.1  Sentiment on social media and NPO donations

Previous studies have analyzed how NPO donations are 
associated with online information disclosure (Gandía, 
2011; Saxton et al. 2014; Saxton and Wang 2014). Gandía 
(2011) measures the level of internet disclosure in a sam-
ple of Spanish NPOs and finds evidence that the level of 
disclosure is positively related to the future funds received 
by NPOs. Furthermore, Saxton et al. (2014) examine the 
relationship between donations and the level of internet dis-
closure of 400 US NPOs, and they find a significant associa-
tion between donations and internet disclosure; furthermore, 
they find evidence that the disclosures about mission-related 
performance are more relevant than those referred to finan-
cial reporting.

We must note that information disclosure is not lim-
ited to NPO websites, and social media has increasing 
relevance in NPO communication strategies (Lovejoy and 
Saxton 2012; Guo and Saxton 2014; Zahrai et al. 2022). 
Social media can be particularly interesting for NPOs as 
a fundraising channel. Gálvez-Rodríguez et  al. (2016) 
analyze the determinants of the use of Twitter by NPOs, 
and they find evidence that NPOs with a greater depend-
ence on donations make a greater effort to use Twitter as a 
communication mechanism. Similarly, Cambpell and Lam-
bright (2019) find that NPOs reliant on program service 
fees and government funding have lower levels of social 
media adoption. On the other hand, Lee (2020) finds that 
moderate usage of Facebook is associated with increased 
volunteering, showing that social media may be useful for 
stimulating episodic volunteering.

On the other hand, we must note that social media users 
tend to adopt more emotional and impulsive behavior (Hol-
lebeek et al. 2014; Dwivedi et al. 2019; Zahrai et al. 2022), 
taking decisions that are not based on rational expectations 
about the reported information (Saxton and Wang 2014). In 
this line, Hollebeek et al. (2014) examine consumer brand 
engagement in social media brands, and they find an asso-
ciation between emotional dimensions and social media 
brands. Dwivedi et al. (2019) develop a model that outlines 
how emotional brand attachment with social media explains 
social media consumer-based brand equity. On the other 
hand, Zahrai et al. (2022) find that excessive consumers of 
social media are driven more by their implicit attitudes than 
explicit beliefs in their consumption, and they provide evi-
dence of an inconsistency between conscious attitudes and 
actual behavior toward social media.

The consideration of the emotional dimension may be 
relevant to understand how the dissemination of informa-
tion on the internet, particularly through social media, can 
impact de ability of NPOs to receive donations. In this line, 
the agenda-setting theory and the framing theory provide 
theoretical foundations for understanding the effect of senti-
ment conveyed through social media on donations (Zhang 
2016; Xiao et al. 2022).

This agenda-setting theory posits that media and social 
media can influence the public agenda by determining which 
issues are emphasized and which are ignored (Waters 2013). 
In this context, the second-level agenda-setting theory 
addresses how media and other information sources of infor-
mation influence the public’s perception of the importance 
of specific issues. Social media can play a significant role in 
shaping the public agenda by allowing NPOs to effectively 
highlight and promote their causes, projects, and achieve-
ments. By using social media to disseminate information 
about their activities and the issues they address, NPOs can 
influence the audience’s perception of the importance of 
their specific topics.
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On the other hand, the second-level agenda-setting the-
ory suggests that people tend to give greater importance to 
issues highlighted in the media and on social media. By 
strategically utilizing social media, NPOs can spotlight a 
particular issue or cause in order to influence the audience’s 
perception of the importance of that topic (Waters 2013). 
This can lead potential donors to consider the cause as more 
relevant and, therefore, be more willing to make donations.

In that sense, the second-level agenda-setting theory is 
linked to the framing theory (Erlandsson et al. 2018; Baek 
et al. 2019; Xiao et al. 2022). This theory refers to how infor-
mation is presented in framed to influence the perception of 
a specific topic or issue. In the context of NPOs using social 
media, framing becomes an essential tool for highlighting 
and promotion their causes. When NPOs frame their mes-
sages effectively on social media, they can influence how 
the audience perceives the importance of their projects and 
issues, thus affecting their donations.

In line with these theoretical foundations, previous litera-
ture has demonstrated that news media play a pivotal role in 
agenda-setting by determining how and at what level indi-
viduals donate to specific causes (Chapman et al. 2023). In 
this line, Waters (2013) finds evidence of a positive effect 
of news about natural disasters on donations when the news 
explicitly mention the involved organizations. Furthermore, 
Jones et al. (2018) find evidence that negative media stories 
about NPOs adversely affect their fundraising capabilities. 
In the context of social media, Xiao et al. (2022) provide evi-
dence that framing of messages through social media have 
influence in donation intentions.

With regard to the association between emotional behav-
ior in social media and donations, Saxton and Wang (2014) 
examine the donations made through social media, specifi-
cally Facebook Causes, and their results suggest that dona-
tions through social media are not determined by the same 
factors as in the traditional environment, suggesting a “social 
network” effect, where the main drivers of donations are 
more related to impulsive concerns than to rational ones. 
In this line, Galiano and Ravina (2021) examine the influ-
ence of emotions and social marketing on messages about 
volunteering on Facebook, and they find that the number of 
likes received by NPOs is associated with positive emotions 
in messages that talk about volunteering.

The results of these studies are linked to the hierarchy 
of engagement theory developed by Lovejoy and Saxton 
(2012), who classify the NPO tweets into three catego-
ries: (i) information messages; (ii) community messages; 
and iii) action messages. This classification determines 
the process by which the organization gets its supporters 
involved in the NPO’s projects: (i) In the first stage, the 
NPO tries to reach out to people through the dissemination 
of information of interest (information); (ii) in the second 
stage, the NPO tries to keep the flame alive by building 

an online community between the organization and the 
users (community); and (iii) as a last step, the NPO tries to 
convince its followers to step out to action, either through 
donations, volunteering activities, lobbying or participa-
tion in events (action).

Several studies have analyzed in more detail the hier-
archy of engagement. Campbell and Lambright (2020) 
examine the factors that explain differences in engagement 
choices by human service organizations, and they find sig-
nificant associations between organizational characteristics 
and social media content, showing that resource depend-
ence urges NPOs to take more proactive behavior on social 
media. Furthermore, based on stewardship theory, they also 
find that social media may be helpful as a primary mode of 
engagement. On the other hand, Harris et al. (2021) also 
find a significant association between audience engagement 
(represented by countersignaling from users, such as likes, 
comments, and shares) and donations. In addition to audi-
ence engagement, Harris et al. (2021) also consider social 
media presence and organizational effort (proxied by the 
number of messages). Their results suggest that the three 
signaling social media dimensions affect donations, thus act-
ing as substitutes for traditional fundraising expenditures.

The hierarchy of engagement theory can be combined 
with the framing theory in order to understand how NPOs 
can strategically use framing to achieve higher engage-
ment and participation from their audience on social media. 
On the one hand, NPOs can strategically employ message 
framing in their social media posts to guide individuals 
through various levels of engagement in the hierarchy. On 
the other hand, NPOs can also tailor their message framing 
based on the level of audience engagement. By strategically 
using message framing and tailoring it to different levels 
of engagement, organizations can achieve higher engage-
ment and mobilize their audience towards more meaningful 
actions, such as donations or volunteer activities in support 
of their causes.

Considering the relevance of social media engagement on 
donations, the more “emotional” behavior of users in social 
media, and how, according to the second-level agenda-
setting theory and to the framing theory, the sentiment of 
messages can influence the emotional perceptions of social 
media users (Zhang 2016; Ceron et al. 2016; Xiao et al. 
2022), we must bear in mind that the willingness of users 
may be affected not only by the information provided by the 
NPOs’ messages but also by the sentiment conveyed by this 
information. We define sentiment as the level of polarity 
that is transmitted from the reported text, i.e., whether the 
opinion expressed in the text is positive, neutral or negative, 
as well as other dimensions (Kearney and Liu 2014), and 
textual sentiment analysis refers to the use of techniques to 
identify and extract subjective and qualitative information 
from the texts under study (Gandía and Huguet 2021).
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Considering the second-level agenda theory, framing 
theory, and hierarchy of engagement theory, we hypothesize 
that the sentiment expressed through social media can affect 
the level of donations received. Therefore, we formulate our 
first hypothesis:

H1: The sentiment in NPOs’ social media posts has a signifi-
cantly positive effect on the level of NPO donations.

Nevertheless, we must note that the association between 
sentiment in social media and donations may be affected 
by the type of messages: A message that calls followers to 
action is not going to have the same effect as one where the 
NPO is simply passing on Christmas greetings; similarly, 
the effect of the sentiment transmitted in these messages on 
donations may be different depending on the message’s cat-
egory. Based on the hierarchy of engagement (Lovejoy and 
Saxon 2012; Svensson et al. 2015; Campbell and Lambright 
2020), we set out separate hypotheses for the three catego-
ries of messages (i.e., information, community, and action), 
which we develop in the following subsections.

2.2  Sentiment in information messages 
and donations

The information category encompasses those messages 
whose main purpose is to provide information to the organ-
ization’s followers on social media. This generic category 
covers messages with very diverse content, ranging from 
information on the activities carried out by the organization 
to information on events or other issues of interest to the 
followers. Following Lovejoy and Saxton (2012), Svensson 
et al. (2015) separate information messages into those that 
refer to the NPO's programme and those about other matters.

In line with the subcategories proposed by Svensson et al. 
(2015), we consider that the association between sentiment 
and donations may be different depending on the subcat-
egory. It is worth noting that, although both subcategories 
of messages aim to “inform” about matters relevant to fol-
lowers, they actually differ in terms of the topics covered. In 
this context, the framing theory becomes especially relevant 
for studying the relationship between sentiment and dona-
tions. As stated by Erlandsson et al. (2018), negative char-
ity appeals (i.e. advertisements emphasizing the bad conse-
quences of not helping) can have a different effectiveness 
compared to positive charity appeals (i.e. advertisements 
emphasizing the good consequences of helping), and the 
strategic framing of messages may play a pivotal role in the 
effectiveness of these appeals.

With regard to messages about the NPO, positively-
framed messages may emphasize the positive actions carried 
out by the NPO, which can increase the engagement with the 
NPO’s followers and make them more willing to participate 

in the NPO’s causes. Consequently, we would expect to 
observe a positive association between positive-framed 
messages’ polarity and the received donations. Therefore, 
we formulate our hypothesis related to this subcategory as 
follows:

H2a:  The sentiment in information messages about the NPO 
has a significantly positive effect on donations.

Regarding messages about other matters, they refer to the 
messages that the NPO posts but do not have a direct con-
nection to its activities or program, meaning that the NPO 
is not the focal point of the message. In this subcategory, 
we can anticipate a different association, with a preference 
for negatively-framed messages (e.g. natural disasters, fam-
ines, or wars) that warn about the negative consequences of 
not helping. These negative messages are likely to induce 
NPO followers to engage in their causes and make dona-
tions. In this regard, previous literature has shown that 
negative sentiment has a higher influence than positive sen-
timent (Luo et al. 2023): Chang and Lee (2009) also find 
that negatively framed messages lead to greater behavio-
ral intentional toward a campaign than positive messages, 
while Luo et al. (2023) find evidence that negative sentiment 
positively affects the volume, depth, and influence of infor-
mation dissemination as compared with positive sentiment. 
Additionally, prior research has also provided evidence that 
news about natural disasters have a positive effect on dona-
tions when the news explicitly mentions the involved NPOs 
(Waters 2013). In this context, framing a story in negative 
terms may accentuate the dramatic nature of the message, 
appealing to the emotional behavior of potential donors and 
increasing their willingness to make donations.

Therefore, the negative sentiment in these messages 
prepares the audience for the call to action, thus having a 
positive effect on the donations received by the NPO. Thus, 
the relationship between sentiment and donations would be 
opposite to the one suggested for messages about the NPO: 
Given that negative-framed messages may have a positive 
effect on donations, the association between sentiment in 
messages about other matters and donations will be negative:

H2b:  The sentiment in information messages about other 
matters has a significantly negative effect on donations.

2.3  Sentiment in community messages 
and donations

Community messages are those whose main purpose is the 
creation and maintenance of an online community between 
the organization and its followers. These messages may 
include giving recognition and thanks, acknowledgment 
of current and local events, reply messages, and response 
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solicitations. Community messages are crucial to obtain and 
maintain engagement with followers; as stated by Lovejoy 
and Saxton (2012), their purpose is “keeping the flame 
alive”. With regard to the association of the sentiment in 
community messages and donations, we consider their role 
in the hierarchy of engagement theory: Positive messages 
may increase the affective connection between NPOs and 
followers, who may decide to strengthen their ties with the 
NPO, thus having a positive effect on donations. Therefore, 
we formulate our hypothesis on community messages as 
follows:

H3:  The sentiment in community messages has a signifi-
cantly positive effect on donations.

2.4  Sentiment on action messages and donations

Action messages have the purpose of encouraging the organ-
ization's followers to act in a certain way, such as promoting 
an event, donating, buying a product, or lobbying, among 
others (Lovejoy and Saxton 2012). With regard to the effect 
of sentiment in action messages, and based in the framing 
theory, we expect that negative-framed messages may be 
used by NPOs to enhance the impact of the messages, sign-
aling the need or urgency for resources and the negative 
consequences of not helping, and providing a more dramatic 
connotation to increase the willingness to make donations. 
Given that the effect on donations may be driven by these 
negative-framed messages, the expected association between 
sentiment and donations is negative:

H4:  The sentiment in action messages has a significantly 
negative effect on the received donations.

Nevertheless, we have to note that, given that the action 
messages actually invite to action (i.e. they are action-
framed), sentiment in action messages may not have a sig-
nificant effect on donations, either because the sentiment 
may play a secondary role on donations, or because NPOs 
can use both negative- and positive-framed messages to call 
for action.

3  Research design

3.1  Model

We test our hypotheses with the following regression 
models:

These models are based on the model of giving used by 
Weisbrod and Domínguez (1986), which has been exten-
sively used in previous literature (Marcuello and Salas 2000; 
Jacobs and Marudas 2009; Gandía, 2011; Tinkelman and 
Neely 2011; Saxton et al. 2014). The W&D model assumes 
that the demand for a particular collective good depends 
on its price, the quality of the good, and the information 
available to the buyer about both the price and the qual-
ity of the product (Gandía, 2011). Potential donors observe 
the good’s price (their contribution) but are uncertain about 
the quality of the good (the organization’s use of the dona-
tion). Therefore, organizations have incentives to provide 
information about the characteristics of their products, both 
through traditional channels, such as financial information 
(Christensen and Mohr 2003; Andrés-Alonso et al. 2006), 
and through the internet (Gandía, 2011; Saxton et al. 2014).

The dependent variable in the original W&D Model is 
the natural log of donations received by the organization 
(LN_DON), which is a proxy for the firm’s demand. With 
regard to the control variables used in the original Model, 
LN_FUND is the natural log of fundraising expenditure; it 
shows the positive effect that fundraising expenses have on 
donations, analogous to the effect that advertising expendi-
tures have on sales in corporations. LN_PRICE is the natural 

(1a)

LN_DONit =�0 + �1LN_FUNDit + �2LN_PRICEit + �3AGEit

+ �4AGE ∗ LN_FUNDit + �5FOLLOWit�6

+ FRIENDSit + �7TWEETSit + �it

(1b)

LN_DONit =�0 + �1LN_FUNDit + �2LN_PRICEit + �3AGEit

+ �4AGE ∗ LN_FUNDit + �5FOLLOWit

+�6FRIENDSit + �7TWEETSit + �8POLARITYit + �it

(2a)

LN_DONit =�0 + �1LN_FUNDit + �2LN_PRICEit + �3AGEit

+ �4AGE ∗ LN_FUNDit + �5FOLLOWit+�6FRIENDSit + �7COM_Tit

+ �8ACT_Tit + �9INFO_Tit + �10POLARITYit + �it

(2b)

LN_DONit =�0 + �1LN_FUNDit + �2LN_PRICEit + �3AGEit + �4AGE ∗ LN_FUNDit

+ �5FOLLOWit+�6FRIENDSit + �7COM_Tit + �8ACT_Tit

+ �9INFO_Tit + �10ACT_POLit + �11COM_POLit + �12INFO_POLit + �it

(2c)

LN_DONit =�0 + �1LN_FUNDit + �2LN_PRICEit + �3AGEit + �4AGE ∗ LN_FUNDit

+ �5FOLLOWit+�6FRIENDSit + �7COM_Tit + �8ACT_Tit + �9INFO_Tit

+ �10ACT_POLit + �11COM_POLit + �12INFO_NGO_POLit

+ �13INFO_OTHERS_POLit + �it
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log of the current year's price.1 The variable proxies the cost 
to a donor of purchasing one euro’s worth of the organi-
zation’s output. The lower the price, the more efficient the 
NPO is at providing program services (Gandía, 2011). AGE 
is the NPO’s age, representing a proxy for the organization’s 
reputation, and AGE*LN_FUND is the interaction between 
AGE and LN_FUND, which reflects that additional expenses 
in fundraising will be less effective for well-established 
organizations.

In addition to the variables employed by the original 
W&D Model, and following Saxton and Wang (2014), 
Model [1a] also includes two variables related to the social 
network size: (i) the natural log of the number of followers 
(FOLLOW) and (ii) the natural log of the number of friends 
(FRIENDS) of the NPO’s Twitter account. These variables 
proxy for the social media network size; it is expected that 
NPOs with a greater social network receive higher dona-
tions. With regard to these variables, we have to note that 
historical data were not available, so we had to use the 
most recent data. Finally, we also include the natural log 
of the number of tweets published every year (TWEETS) 
as a proxy for the NPO’s activity on Twitter; we expect that 
more active NPOs will receive more donations. Model [1b] 
extends Model [1a] by including POLARITY, which repre-
sents the aggregate sentiment for an NPO’s tweets in a spe-
cific year. The measurement of this variable, as well as the 
other ones related to the sentiment of the specific categories 
(which are included in Models [2b] and [2c]), is explained 
in Sect. 3.2.

With regard to Model [2a], and in line with our hypoth-
eses in Sect. 2, we consider that there may be differences 
in the impact of the NPO’s activity (proxied by TWEETS) 
depending on the category of the messages. Therefore, 
Model [2a] splits TWEETS into three variables (ACT_T, 
COM_T, and INFO_T) that represent the number of tweets 
in the action, community, and information categories. Simi-
larly, Models [2b] and [2c] include the decomposition of 
POLARITY into several categories: Model [2b] includes 
three variables (ACT_POL, COM_POL, and INFO_POL) 
that show the sentiment in action, community, and informa-
tion messages. Model [2c] goes one step further and decom-
poses INFO_POL into two variables: sentiment from mes-
sages about information on the NPO (INFO_NPO_POL) and 
sentiment from messages about information on other matters 
(INFO_OTHERS_POL).

3.2  Measurement of textual sentiment

The Models explained in Sect. 3.1 include test variables that 
proxy for the sentiment in the NPOs’ Twitter accounts, so 
we need to measure the sentiment/polarity on the NPOs’ 
messages. Sentiment analysis is performed through two 
main approaches (Gandía and Huguet 2021): (i) the use of 
dictionaries and (ii) machine learning or natural language 
processing (hereinafter NPL). Sentiment analysis through 
dictionaries is based on the classification of words, phrases 
or sentences from the document that are to be examined on 
the basis of predefined categories (Li 2010a). Documents are 
considered bags of words with an associated semantic orien-
tation (Goel and Uzuner 2016). Machine learning is based 
on the application of one or more algorithms that “learn” 
from a training sample, which has been manually examined 
to identify the sentiment contained in the sample documents. 
Once the algorithm has examined the sentiment patterns 
in the training sample, it is applied to the entire corpus to 
derive an index textual sentiment (Kearney and Liu 2014).

Comparing the two approaches, machine learning is 
harder and time-consuming to implement because the train-
ing set must be manually classified, but it can be used when 
there is no specific dictionary to the language or type of 
document that is to be analyzed (Li 2010a). Furthermore, 
unlike the dictionary-based approach, machine learning 
techniques do take into consideration the context of a sen-
tence. Studies that have used machine learning show that its 
accuracy is usually higher than when using the dictionary-
based approach (Li 2010b; Huang et al. 2014). In any case, 
the use of machine learning models requires validation by 
human coders.

Once the approach to conduct sentiment analysis has been 
decided, the next step is to decide on which dimensions to 
measure the sentiment present in the messages; a classifica-
tion based on the polarity of the text (negative, positive, or 
neutral) has been a common approach to it (Kearney and 
Liu 2014; Loughran and McDonald 2016). To determine 
text polarity, we use Textblob, a Python library for textual 
data processing, which provides a simple API for machine 
learning tasks, including text classification and sentiment 
analysis. Textblob allows for the use of a pre-trained model 
that classifies texts as positive, negative or neutral. Conse-
quently, it does not merely add or subtract points based on 
positive or negative words, but has the capacity to identify 
patterns beyond individual words, such as the overall tone 
of a specific text (in this study, a tweet). Depending on the 
polarity of the text, Textblob assigns a score (ranging from 
− 1 to 1) to the analyzed text (each of the tweets published 
by the NPOs). Tweets with scores below -0.05 are consid-
ered negative, tweets with scores higher than 0.05 are clas-
sified as positive, and those with scores between − 0.05 and 
0.05 are considered neutral.

1 
Price = 1

1−
(FUNDRAISINGEXPENSESt−1

/

DONATIONSt−1
)
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We must note that we cannot test the isolated effect of 
individual tweets on NPO income since NPOs’ financial 
information is reported on a yearly basis. Therefore, we 
need to transform the individual tweets’ sentiment of a spe-
cific NPO into an aggregate annual measure to allow us to 
match the variables from the models explained in Sect. 3.2 
with the sentiment of the tweets. To do this, we estimate a 
standardized measure (Tetlock et al. 2008): The sentiment 
of a specific NPO over a year (POLARITY) is calculated as 
the sum of the sentiment of each of the tweets (both posi-
tive, negative, and neutral) from the NPO on a specific year, 
divided by the total number of tweets from the NPO during 
the year:

However, as we explained in Sect. 2.1, the aggregate senti-
ment may not be significantly associated with donations, 
because the effect may depend on the specific category of 
the tweets. In that sense, as explained in Sect. 2.2, Lovejoy 
and Saxton (2012) classified tweets into three categories 
(information, community, and action). This classification has 
been commonly used in previous literature (Svensson et al. 
2014; Svensson et al. 2015; Cambpell and Lambright 2020), 
so we also use this categorization. To classify the tweets 
into these categories, we created a set of keywords that are 
linked to each category, as shown in Fig. 1. Categories are 
defined as follows:

1. Information category: Tweets containing information 
about the organization’s activities, event highlights, or 
any other news, facts or relevant information to stake-
holders. Their main purpose is merely to inform. Follow-

POLARITY =

∑

Sentiment_Tweetij

Totaltweets

ing Svensson et al. (2015), we classify these information 
tweets into 2 subcategories: (1) tweets that inform about 
the NPOs’ activity and (2) tweets that inform about other 
matters.

2. Community category: Tweets aimed at creating an 
online community between the organization and its fol-
lowers, which are also classified into two subcategories: 
(1) gratitude tweets to volunteers and/or participants and 
tweets acknowledging local and current events; and (2) 
interaction tweets with Twitter users (either by respond-
ing to users, by requesting a response from users, or by 
mentioning them).

3. Action category: Tweets whose purpose is to encourage 
their followers to act in a certain way: (1) tweets encour-
aging to make donations or buy products; (2) tweets 
encouraging to participate in campaigns and events; (3) 
tweets encouraging to take part in volunteering; and (4) 
tweets explaining how to help (tutorials).

Once the categories are defined, we use the list of key-
words to classify the tweets in a specific category. We 
must note that, based on the keyword list, some tweets 
may appear in more than one category. To avoid this prob-
lem, we give preference to some categories over others. 
Therefore, we classify a tweet in the community category 
when we find at least one word from the community list 
of keywords. Moreover, we classify a tweet in the action 
category when we find at least one word from the action 
list of keywords (and there are no words belonging to 
the community list). The rest of tweets are classified as 
information tweets: When the tweet mentions the NPO, it 
is classified as an information message about the NPO’s 
activity. If there are no references to the NPO, the tweet is 

COMMUNITY ACTION INFORMATION
INFORMATION ABOUT NPO INFORMATION ABOUT OTHERS

MENTION* ACTION NPO NAME **Rest of tweets

REPLY* BOXING DAY NPO USERNAME

BIRTHDAY COMMUNITY NPO ACRONYM

CHRISTMAS CONTRIBUT WE

COLUMBUS DAY CORONAVIRUS RESPONSE OUR

CONGRAT DONATE US

EASTER JOIN

FATHERSDAY MEMBERSHIP

HALLOWEEN SIGN UP

INDEPENDENCE DAY SOCIAL RESPONSIBILITY

LABOR DAY STAY WITH US

MARTIN LUTHER KING DAY SUPPORT

MEMORIAL DAY TUTORIAL

MOTHERSDAY VOLUNTEER

NEW YEAR YOUR GIFT

PRESIDENT'S DAY

THANKSGIVING

VETERANS DAY

*Our database has two specific columns 

that indicates whether a tweet contains a 

mention of another user or is a reply

Fig. 1  List of category keywords
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classified as an information post that informs about other 
matters.

Hence, based on the classification of tweets into the 
three categories (information, community, and action), we 
also decompose the aggregate sentiment into three vari-
ables, referred to as each category (INFO_POLARITY, 
COM_POLARITY, and ACT_POLARITY). Following 
the procedure used for calculating the aggregated senti-
ment, we calculate sentiment in each of these categories 
as the sum of sentiment from all tweets in a specific cat-
egory during a year, divided by the total number of tweets 
belonging to that category during the year.

In a further analysis, we also decompose INFO_
POLARITY into two variables: INFO_NPO_POL (sen-
timent from messages about information on the NPO) 
and INFO_OTHERS_POL (sentiment from messages 
about information on other matters). We have to note 
that keywords-based classification is subjective to some 
extent as it relies on the researchers’ criteria, and while 
the application of a machine learning model would have 
been desirable, given the absence of a well-established and 
readily available model, we assumed that keyword-based 
classification was the most practical way to approach the 
categorization of over 550,000 tweets.

3.3  Sample

To test our models, we gathered data from the 100 larg-
est US NPOs in terms of total revenue, which are listed 

in the Times NPT100 list. Several studies on NPOs in 
the United States have used this list (Jacobs and Maru-
das 2006; Marudas and Jacobs 2006; Lovejoy and Saxton 
2012), which is explained by the relevance of these organi-
zations in the US nonprofit sphere. The NPOs’ financial 
data are directly collected from the website https:// www. 
theno nprofi ttim es. com/. This website provides access to 
the list of the largest 100 NPOs in the USA in terms of 
total revenues for each year since 2012. The list contains 
financial for each NPO, including information on total 
revenues received, donations, and fundraising expenses, 
among others. These data are used to calculate the vari-
ables LN_DON, LN_FUND, and LN_PRICE, as explained 
in Sect. 3.1. We have gathered financial data for the period 
2012–2019. However, because of the limitations in social 
media data collection that we explain below, we limit our 
analysis to the period 2015–2019.

With regard to the data about social media sentiment 
and activity, we have gathered them from Twitter, which is 
explained by the relevance of Twitter in capturing people’s 
global reactions (Svensson et al. 2015; Chen et al. 2019; 
Neu et al. 2019). For the collection of the tweets, we first 
obtained the Twitter accounts of the NPOs using the 2016 
NPT100 list. Of the 100 listed NPOs, we found Twitter 
accounts for 99 of them; 8 of them were listed in 2016 but 
were no longer listed in 2017. For these outgoing NPOs, we 
collected their financial data from their Form-990.

Once we had the Twitter accounts, we extracted the 
tweets that were used for the estimation of the sentiment. 

Table 1  Tweet distribution by year and category

Year Community Action Information Total

2020 43,998 50.95% 6526 7.56% 35,835 41.50% 86,359 15.55%

2019 55,893 50.10% 7216 6.47% 48,452 43.43% 111,561 20.08%
2018 29,245 45.90% 4122 6.47% 30,351 47.63% 63,718 11.47%
2017 86,692 54.70% 8695 5.49% 63,096 39.81% 158,483 28.53%
2016 43,167 55.06% 4717 6.02% 30,520 38.93% 78,404 14.12%
2015 17,888 53.95% 2200 6.63% 13,070 39.42% 33,158 5.97%
2014 7296 60.73% 657 5.47% 4060 33.80% 12,013 2.16%
2013 4007 59.43% 482 7.15% 2253 33.42% 6742 1.21%
2012 885 46.24% 135 7.05% 894 46.71% 1914 0.34%
2011 362 32.61% 93 8.38% 655 59.01% 1110 0.20%
2010 822 55.06% 67 4.49% 604 40.46% 1493 0.27%
2009 121 24.54% 45 9.13% 327 66.33% 493 0.09%
Total 290,376 52.28% 34,955 6.29% 230,117 41.43% 555,448 100.00%

Category Positive Negative Neutral Total

Community 81,897 28.20% 10,805 3.72% 197,674 61.83% 290,376 52.28%
Action 15,920 45.54% 2588 0.89% 16,447 5.14% 34,955 6.29%
Information 101,604 44.15% 22,948 7.90% 105,565 33.02% 230,117 41.43%
Total 199,421 35.90% 36,361 12.52% 319,686 57.55% 555,448 100.00%

https://www.thenonprofittimes.com/
https://www.thenonprofittimes.com/
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To do this, we used a Python programming language code 
specifically written to interact with Twitter's application pro-
gramming interface (API), allowing us to download the last 
3,200 tweets from each of the organizations to a relational 
database. The limit of 3,200 tweets means that the tempo-
ral horizon of the Twitter activity we are able to capture 
depends on the level of activity of each NPO: The down-
loaded tweets covered a period of between 1 and 9 years; 
therefore, we have a shorter sample period (fewer observa-
tions) for the more active NPOs. To mitigate this limitation 
and obtain a more complete database, we gathered data at 
two separate times: October 2017 and January 2021. This 
procedure allows us to obtain the total sample of tweets for 
the period 2017–2019, but the sample suffers losses for the 
period 2015–2016. We tackle this limitation by performing 
an additional analysis including only the period 2017–2019, 
which is shown in Sect. 4.3.

Table 1 shows the distribution of tweets according to the 
three categories described in Sect. 3.2. We can see that com-
munity tweets are the most common messages (52.28% of 
the total sample), followed by information tweets (41.43%) 
and action tweets (6.29%). These percentages are quite 
similar to those obtained by Svensson et al. (2015), with 
percentages of 52.90% for information tweets, 42.80% for 
community tweets, and 4.30% for action tweets. With regard 
to the community tweets, 61.83% of them have a neutral 
polarity; in the action category, the most frequent polarity 
is positive (45.54%), while information tweets have a more 
even distribution (44.15% positive, 33.02% neutral). Table 2 
shows the descriptive statistics of the variables included in 
the models.

4  Results

4.1  Preliminary analysis: Aggregate sentiment 
measure

Table 3 shows the correlation matrix between the variables 
under study. We can see high correlations between the vari-
ables from the original W&D Model. In line with Lovejoy 
and Saxton (2012), we also observe a significant positive 
correlation between LN_REV and ACTION_T.

Table 4 shows the regression results of the original W&D 
Model and Models [1a] and [1b]. With regard to the W&D 
Model, we can see that all the variables are significant. 
After the inclusion of the social media variables, we can 
see that FRIENDS is significantly positive. With regard to 
social media activity, TWEETS shows a significantly nega-
tive coefficient, suggesting that NPOs that have more active 
profiles receive fewer funds. We consider that these results 
may be driven by the effect of omitted variables, so we will 
examine them in more depth in the following regressions. 
Regarding Hypothesis 1, POLARITY is not significant in 
Model 1b, suggesting that the tone of the messages does 
not have an effect on donations received. Nevertheless, as 
explained in Sect. 2.1, we have to note that this lack of sig-
nificance may be because the effect of the tweets’ polarity 
may depend on the category of the message.

Therefore, considering the unexpected results for 
TWEETS and POLARITY, we decompose both the num-
ber of messages and the messages’ polarity based on the 
hierarchy of engagement classification and run Models [2a], 

Table 2  Descriptive statistics Obs Mean Std. Dev Skewness Kurtosis 25% 50% 75%

LN_DON 483 19.47 1.04  − 0.28 3.97 18.92 19.46 20.21
LN_FUND 483 16.67 1.53  − 0.69 3.87 15.77 16.93 17.63
LN_PRICE 483 0.12 0.11 2.41 13.41 0.03 0.11 0.17
AGE 483 78.15 40.72 0.50 2.34 43.00 70.00 108.00
AGE_FUND 483 1324.89 736.69 0.62 2.64 702.71 1216.52 1868.52
FOLLOW 483 11.03 2.24  − 0.40 4.61 9.43 10.99 12.42
FRIENDS 483 7.57 1.51 0.42 3.82 6.63 7.36 8.38
TWEETS 483 6.65 0.90  − 1.18 5.40 6.24 6.78 7.22
COM_T 483 5.81 1.19  − 0.93 3.66 5.27 6.05 6.59
ACT_T 477 3.74 1.06  − 0.79 3.97 3.22 3.91 4.45
INFO_T 482 5.62 1.06  − 1.04 5.48 5.08 5.71 6.34
INFO_NPO_T 480 5.83 0.89  − 1.03 5.17 5.44 5.91 6.42
INFO_OTHERS_T 480 5.80 1.04  − 1.06 5.41 5.18 5.94 6.56
POL 483 0.13 0.05 0.48 3.87 0.09 0.12 0.16
ACTION_POL 477 0.15 0.08 0.60 5.59 0.10 0.14 0.18
COM_POL 483 0.11 0.07 1.11 4.87 0.06 0.11 0.15
INFO_POL 482 0.15 0.05 0.10 3.57 0.11 0.14 0.18
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[2b], and [2c] in order to test Hypotheses 2–4. The results 
for these regressions are shown in Sect. 4.2.

4.2  Main analysis: sentiment decomposition

In this section, we run Models [2a], [2b] and [2c]: Model 
[2a] divides the total number of tweets into the three catego-
ries (i.e., community, action, and information); furthermore, 
Model [2b] considers the separation of the aggregate senti-
ment in the three categories (ACTION_POL, COM_POL, 

and INFO_POL). Model [2c] goes one step further, and the 
sentiment in the information category is split into sentiment 
from messages about information on the NPO (INFO_NPO_
POL) and sentiment from messages about information on 
other matters (INFO_OTHERS_POL). Table 5 shows the 
regression results of these models.

We can see that when considering the number of tweets 
belonging to each category, ACT_T is significantly positive 
in the three regressions, while COM_T is also significantly 
positive in two of the three regressions. These results suggest 

Table 4  Regression results of 
models W&D. [1a] and [1b]

***, ** and * denote the coefficient’s statistical significance at the 1%, 5% and 10% confidence level

W&D Model 1a Model 1b

Coefficient t Coefficient t Coefficient t

LN_FUND 0.0237 4.99*** 0.0584 4.02*** 0.0590 3.22***
LN_PRICE  − 4.1422  − 11.61***  − 3.8553  − 10.89***  − 3.8635  − 10.90***
AGE  − 0.1114  − 11.35***  − 0.1057  − 10.71***  − 0.1056  − 10.68***
AGE_FUND 0.0064 11.13*** 0.0061 10.59*** 0.0061 10.57***
FOLLOW 0.0203 1.03 0.0199 1.01
FRIENDS 0.1253 4.47*** 0.1255 4.47***
TWEETS  − 0.0966  − 2.30**  − 0.0938  − 2.21**
POLARITY – – 0.3485 0.53
Intercept 20.5866 26.63*** 20.5544 25.97*** 20.5059 25.72***
N 483 483 483
F 101.52 65.44 57.21
Adj R-Sq 45.48% 49.09% 48.27%

Table 5  Decomposition of 
TWEETS_N and POLARITY

***, ** and * denote the coefficient’s statistical significance at the 1%, 5% and 10% confidence level

Model 2a Model 2b Model 2c

Coefficient t Coefficient t Coefficient t

LN_FUND 0.0780 4.30*** 0.0817 4.02*** 0.0760 3.82***
LN_PRICE  − 3.7890  − 10.76***  − 3.7935  − 10.77***  − 3.7622  − 10.68***
AGE  − 0.1041  − 10.51***  − 0.1051  − 10.58***  − 0.1037  − 10.42***
AGE_FUND 0.0060 10.43*** 0.0061 10.51*** 0.0060 10.36***
FOLLOW 0.0395 1.88* 0.0343 1.62* 0.0323 1.52
FRIENDS 0.1160 3.99*** 0.1081 3.65*** 0.1114 3.76***
COM_T 0.0414 1.32 0.0572 1.76* 0.0532 1.64*
ACT_T 0.0977 1.78* 0.1057 1.90* 0.0880 1.68*
INFO_T  − 0.2244  − 3.98***  − 0.2462  − 4.25***  − 0.2177  − 3.59***
POLARITY 0.7389 1.07 – –
ACTION_POL  − 0.0281  − 0.06  − 0.0304  − 0.06
COM_POL 1.1828 2.09** 1.0805 1.90*
INFO_POL  − 0.9040  − 1.15 – –
INFO_NPO_POL 0.3565 0.32
INFO_OTHERS_POL  − 1.6853  − 1.81*
Intercept 20.6301 26.23*** 20.8984 26.00*** 20.7335 25.61***
N 476 476 476
F 48.03 40.42 37.62
Adj R-Sq 49.75% 49.90% 50.05%
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that a higher number of tweets belonging to the community 
and action categories have a positive effect on the donations 
received by the NPOs. With regard to the community cat-
egory, whose main objective is “keeping the flame alive”, 
a higher activity helps to strengthen the engagement with 
the NPO’s community and thus has a positive side effect 
on the received donations. We must note that some of these 
tweets are directly addressed to followers, who may develop 
an affective affiliation with the NPO and thus decide to 
strengthen their ties with the NPOs via donations. Regarding 
the action category, these tweets have specifically the aim of 
encouraging certain actions from their followers, donations 
being among these actions; therefore, the results confirm that 
tweets in this category are effective.

On the other hand, the results also show a significantly 
negative effect of INFO_T, suggesting that higher activity 
in the information category reduces the donations received. 
Although surprising, these results may be related to the 
polarity of the tweets, given that we expect that information 
tweets about matters other than the NPO may have an effect 
when they have a negative polarity.

Concerning Hypotheses 2a and 2b, which address the 
effect of sentiment in information messages, we can see that 
INFO_POL is not significant. Nevertheless, when we split 
this category into messages belonging to the NPO (INFO_
NPO_POL) and other matters (INFO_OTHERS_POL), 
the results are slightly different: While INFO_NPO_POL 
remains insignificant, INFO_OTHERS_POL is significantly 
negative. Regarding Hypothesis 2a, the results for INFO_
NPO_POL suggest that sentiment in messages containing 
information about the NPO does not have an effect on the 
donations received, thus not supporting this hypothesis.

However, concerning Hypothesis 2b, the results for 
INFO_OTHERS_POL show that the sentiment in other 
matters is negatively associated with donations, supporting 
this hypothesis. We interpret the different effects between 
NPO-related messages and other matters-related messages 
issues in the context of framing theory: in the case of mes-
sages about other matters, NPOs frame them negatively to 
express concern about dramatic events and the negative 
consequences of inaction, encouraging followers to increase 
their donations.

With regard to Hypothesis 3, which deals with the effect 
of sentiment in community messages, the results indicate 
that COM_POL is significantly positive, suggesting a posi-
tive effect of sentiment in community tweets on the dona-
tions received and thus supporting Hypothesis 3. The results 
should be interpreted in accordance with the hierarchy of 
engagement theory: The positive sentiment in community 
messages can enhance emotional connection or positive 
affinity towards the NPO, strengthening ties with the NPO’s 
community and increasing the level of engagement among 

followers. Therefore, individuals are more likely to be will-
ing to contribute financially to its cause.

Regarding Hypothesis 4, we can see that ACTION_POL 
is not statistically significant, suggesting that sentiment 
in these tweets does not have a significant effect on dona-
tions. Therefore, the results do not support our hypothesis. 
Although we expected a negative effect based on framing 
theory, the lack of significance of ACTION_POL may be 
related to the framing of action messages themselves. Since 
these messages inherently invite action (i.e. they are action-
framed), sentiment in this category of messages may not 
have a significant effect, either because it plays a secondary 
role or because NPOs use both positive and negative senti-
ment to call for action.

4.3  Additional analysis: 2017–2019

As we have explained in Sect. 3.3, the data gathering pro-
cess has the limitation that we were only able to download 
the last 3,200 tweets of each NPO on the gathering date. 
Although we tried to mitigate this limitation by gathering 
the data at two different times, sample losses remain for the 
period 2015–2016. To test the effect that this limitation has 
on our results, we perform an additional analysis by running 
the models from Sect. 4.2 for the 2017–2019 period. The 
results are shown in Table 6. We can observe that although 
some variables lose part of their significance, the results 
are qualitatively similar and support those obtained in 
Sect. 4.2: COM_T loses its significance in Models 2b and 
2c, while ACTION_T loses its significance in Model 2a but 
remains significant for Models 2b and 2c, with the p value 
being approximately 10%; these variables, however, are not 
directly related with the stated hypotheses.

Nevertheless, sentiment variables (POLARITY, 
ACTION_POL, COM_POL, INFO_POL, INFO_NPO_
POL, and INFO_OTHERS_POL) maintain the sign and sig-
nificance of Sect. 4.1 and 4.2: POLARITY is not statistically 
significant, as in Sect. 4.1, thereby rejecting Hypothesis 1. 
Regarding the variables related to sentiment in information 
messages, INFO_POL and INFO_NPO_POL are not signifi-
cant, while INFO_OTHERS_POL is significantly negative; 
these results are consistent with those in Sect. 4.2 and sup-
port Hypothesis 2b. The coefficient for COM_POL remains 
significantly positive, providing support for Hypothesis 3. 
Finally, the results for ACTION_POL continue to be non-
significant, leading us to reject Hypothesis 4.

5  Discussion of results

Considering the results of Sects. 4.1, 4.2, and 4.3 as a whole, 
it can be observed that effect of sentiment in social media 
messages on donations is not homogeneous and depends 
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on the type of message. In this regard, the agenda-setting 
theory, the framing theory and the hierarchy of engagement 
theory prove to be particularly relevant for understanding the 
obtained results. In Sect. 4.1, we observed that considering 
the sentiment of messages as a whole, without taking into 
account the framing provided by the message, does not yield 
significant results.

Results for information messages in Sect. 4.2 and 4.3, 
however, highlight the importance of framing: while senti-
ment in messages about the NPO do not have a significant 
effect, messages about other issues show a negative associa-
tion driven by the positive effect of negative-framed mes-
sages on donations. These results are linked to those of Luo 
et al. (2023) and the agenda-setting theory: given that they 
find evidence that negative sentiment has more effect on the 
influence information dissemination, framing of messages 
in a negative tone may help NPOs to affect the public’s per-
ception of the relevance of specific issues. Chang and Lee 
(2009) also find that negatively framed messages lead to 
greater behavioral intentional toward a campaign than posi-
tive messages. Therefore, the link between agenda-setting 
theory and framing theory may explain the negative associa-
tion between sentiment in information messages about other 
issues and donations.

The results for action messages in Sect. 4.2 and 4.3 also 
demonstrate the relevance of framing: although sentiment 
in action messages does not have a significant effect, it is 

essential to emphasize that the number of action-oriented 
messages (i.e. frames as action messages) does have a 
positive effect on donations. These results can be related 
to the claims of Erlandsson et al. (2018) regarding the 
comparison between positive charity appeals and negative 
charity appeals and how the effectiveness of these mes-
sages depends not only on the framing of the messages 
themselves but also on how the measurement of effective-
ness is operationalized. In that sense, it is worth noting 
that action messages actually invite to action, and thus the 
lack of significance of sentiment on donations may be due 
to sentiment playing a secondary role in this category of 
messages, or because NPOs use both positive and negative 
messages when calling for action.

On the other hand, results for community messages in 
Sects 4.2 and 4.3, showing a significantly positive effect of 
POL_COM on donations received, find support in the hier-
archy of engagement theory and framing theory. As stated 
by Lovejoy and Saxton (2012), once attention has been 
garnered via information messages, the construction of an 
online community through community-framed messages is 
an essential step to increase the level of engagement of fol-
lowers as a prerequisite to the call to action. In this regard, 
framing community-oriented messages in a positive tone 
can contribute to enhance the emotional bond between 
NPOs and followers, increasing their level of commitment 
with the goals of the NPOs. This, in turn, can increase 

Table 6  Regression results for 
2017–2019

***, ** and *denote the coefficient’s statistical significance at the 1%, 5% and 10% confidence level

Model 2a Model 2b Model 2c

Coefficient t Coefficient t Coefficient t

LN_FUND 0.0591 8.67*** 0.0546 7.91*** 0.0636 9.30***
LN_PRICE  − 6.1129  − 10.04***  − 6.1474  − 10.07***  − 6.0412  − 9.92***
AGE  − 0.1053  − 7.50***  − 0.1044  − 7.45***  − 0.1004  − 7.14***
AGE_FUND 0.0061 7.50*** 0.0061 7.46*** 0.0059 7.17***
FOLLOW 0.0548 1.85* 0.0457 1.52 0.0399 1.33
FRIENDS 0.1246 3.08*** 0.1222 2.99*** 0.1248 3.07***
COM_T 0.0400 0.93 0.0496 1.14 0.0455 1.05
ACT_T 0.0635 1.67 0.0688 1.64* 0.0441 1.63*
INFO_T  − 0.1981  − 2.37**  − 0.2369  − 2.74***  − 0.1920  − 2.16**
POLARITY 1.1467 1.17
ACTION_POL 0.2767 0.39 0.1790 0.25
COM_POL 1.6093 2.00** 1.6353 2.05**
INFO_POL  − 1.563295  − 1.29
INFO_NPO_POL 0.6697 0.41
INFO_OTHERS_POL  − 3.2740  − 2.22**
Intercept 19.7788 17.55*** 20.0225 17.46*** 19.7324 17.18***
N 248 248 248
F 27.93 23.69 22.46
Adj R-Sq 52.16% 52.43% 53.04%
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followers’ willingness to contribute to the NPOs’ causes, 
resulting in an increase in donations received.

The study makes a triple contribution to the existing liter-
ature: firstly, it contributes to the examination of the impact 
of social media usage on donor behavior. In this regard, 
it incorporates the analysis of sentiment in social media 
messages, expanding on previous studies that have used 
measures of social media usage as determinants of dona-
tions models (Saxton and Wang 2014). Secondly, the study 
contributes to the application of the hierarchy of engage-
ment theorized by Lovejoy and Saxton (2012) by estimating 
sentiment measures based on this classification, which are 
then applied to economic models. Finally, the study links 
framing theory with the hierarchy of engagement theory and 
agenda-setting theory. In this regard, the study demonstrates 
that framing social media messages can affect both follow-
ers’ perception of the relevance of certain issues (linked to 
agenda-setting theory) and the level of engagement among 
followers (linked to hierarchy of engagement theory).

6  Conclusions

We have examined whether the effect of sentiment trans-
mitted on social media by NPOs affects NPO donations. 
Although a preliminary analysis shows that the variable that 
proxies for the aggregate sentiment of the NPO does not 
have a significant association with the donations received, 
we must note that the type of message may affect how senti-
ment is associated with donations. Based on the hierarchy 
of engagement classification, we separately examined the 
effect of sentiment of each category (information, commu-
nity, and action). The results of this analysis show that senti-
ment linked to the community category has a positive effect 
on donations, while the sentiment of information messages 
about matters other than the NPO has a negative associa-
tion, and the sentiment in action messages has no significant 
association.

We consider that the results are related to the second-
level agenda-setting theory and the engagement theory, both 
connected in turn to framing theory. From the perspective 
of agenda-setting theory and framing theory, it is possi-
ble to explain the negative relationship between sentiment 
in messages about other issues and donations by using a 
negative framing in the messages. This framing seeks to 
influence public perception regarding the importance of the 
issues addressed and the potential adverse consequences of 
not taking action, which may stimulate an increase in dona-
tions. The results for action messages also demonstrate the 
relevance of framing: while the sentiment in these messages 
does not have a significant effect, the number of messages 
categorized as action does have a significantly positive 
effect. Considering that the framing of the message depends 

not only on the tone (positive vs negative) but also on its 
purpose (information, community, or action), framing mes-
sages with the action category proves to be an effective way 
to increase donations.

On the other hand, the positive effect of sentiment in 
community messages on donations finds theoretical support 
in engagement theory and framing theory: framing com-
munity messages with a positive tone increases the affective 
bond between the NPO and donors, which can increase their 
level of engagement and therefore affect their willingness to 
contribute to its causes, resulting in an increase in donations. 
The results on the variables that proxy for social media net-
work size and social media activity support the hierarchy of 
engagement theory, suggesting that emotional features have 
significant relevance in social media.

The results have practical implications for both NPOs 
and donors. With regard to NPOs, it is worth noting how 
sentiment may affect the framing of the messages, thereby 
influencing both the perception that followers have of the 
NPO’s causes and the level of engagement of the follow-
ers. Therefore, the strategic framing of messages may play a 
pivotal role in the effectiveness of social media as a fundrais-
ing tool, complementing traditional fundraising campaigns. 
Regarding donors, the results show that their behavior is 
influenced by emotional factors, both through the framing 
of messages and through the emotional bond created by the 
NPO, which increases their level of engagement. Therefore, 
they should be aware of the ability of NPOs to manage their 
emotions via social media.

The study presents certain limitations regarding the meas-
urement of textual sentiment. Firstly, the use of Textblob 
entails the utilization of a pre-trained machine learning 
model that does not consider the specific context for which 
it is being applied, i.e. NPOs’ messages in social media. 
In this regard, the development of an ad-hoc model that 
would take into account the particular characteristics of text 
in social media would have been more appropriate. Sec-
ondly, the measurement of polarity in this study represents 
only one type of measure of the media content sentiment. 
In this regard, other measures take into account not only 
the polarity (positive, negative, or neutral) of the text but 
also its relevance (Zhang 2016), as well as the utilization 
of a composite measure that integrates sentiment, visibility, 
and recency (Zhang 2018, 2019). Thirdly, the keywords-
based classification has a subjective nature as it relied on 
the researchers’ criteria.

The study presents several opportunities for future 
research. First, the association between sentiment and 
received donations found in Twitter should be explored in 
other social media, such as Facebook. It is important to the 
extent that the donors’ profile may be more prone to cer-
tain media. Furthermore, future studies could address the 
limitations in the measurement of the sentiment variable by 
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the development of an ad-hoc machine learning model for 
NPOs’ social media, as well as the calculation of measures 
that take into account not only the sentiment, but also other 
attributes, such as visibility. On the other hand, we have to 
note that we limit our analysis to text, but some social media 
(such as Instagram) are more focused on other content, such 
as images or videos, so the analysis of the impact that non-
textual language may have on user behavior is relevant.
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