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Résumé 

À mesure que le Big Data et l'apprentissage automatique gagnent en importance 

dans la recherche en marketing, ils dépassent progressivement la littérature basée sur les 

méthodes pour devenir un outil important dans l'amélioration des théories.  

 Notre premier essai applique un modèle d’apprentissage profond 

(« deeplearning ») avancée, « Bidirectional Encoder Representations from Transformers » 

(BERT), pour identifier différentes dimensions dans les messages des musiciens. En 

utilisant des données d'entraînement préalablement classées par des humains, nous avons 

développé plusieurs modèles BERT, chacun pour une variable, et nous avons appliqué ces 

modèles pour prédire les variables sur un grand ensemble de données.  

Plus précisément, nous étudions l'impact du signal caritatif des musiciens (c'est-à-

dire l'envoi de messages liés à la défense d'œuvres caritatives) et d'autres types de signaux 

sur leurs ventes de musique à court et à long terme par la médiation de l'engagement dans 

les médias sociaux, en utilisant la médiation multiniveau. Nous examinons également les 

différences entre les musiciens de différents degrés d'influence. Nous contribuons ainsi à la 

fois à l'éthique des affaires et à la littérature sur la signalisation. 

Dans le deuxième essai, nous avons utilisé un modèle d'apprentissage profond déjà 

entraîné dans un autre travail pour prédire deux types de plaintes dans un ensemble de 

données privées d'une compagnie aérienne. L'apprentissage automatique nous permet de 

distinguer deux types de plaintes avec des niveaux de précision élevés, ce qui nous permet 

de les relier aux facteurs précédents et à la conséquence, qui est la valeur d'achat de ces 
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plaignants. Nous utilisons également des théories liées aux ressources, jusqu'à présent 

souvent utilisées dans la littérature sur les organisations et les relations sociales, pour 

expliquer les décisions des consommateurs à différents stades. 

En d'autres termes, en appliquant l'apprentissage automatique, nous pouvons 

identifier de nouveaux concepts, les mesurer et établir leurs diverses relations, et à partir de 

là, développer de nouveaux concepts théoriques dans deux domaines matures : l'action 

caritative et les défaillances de service. Dans les deux cas, les expériences et les méthodes 

quantitatives traditionnelles sont difficiles à mettre en œuvre pour répondre à nos questions 

de recherche, en raison de la nature complexe de ces dernières. 

En outre, le bien-être est un élément important des deux essais. Le premier essai 

encourage le co-marquage à long terme entre les musiciens et les organisations à but non 

lucratif, contribuant ainsi au bien-être social, car les deux parties vont au-delà des relations 

transactionnelles à court terme pour apporter des changements plus permanents à la 

communauté. Dans le deuxième essai, nous aidons les entreprises à examiner les décisions 

des consommateurs à chaque étape du parcours de l'échec et de la récupération de service, 

en tant que mécanismes de protection du bien-être de ces derniers, en utilisant le prisme des 

ressources. Cela permet aux entreprises de conserver leurs clients à long terme et de 

contribuer à la viabilité de la communauté. 

Mots clés : l'apprentissage automatique, le bien-être, l'action caritative, les défaillances de 

service, concepts théoriques 

Méthodes de recherche : exploitation de données, économétrie, recherche longitudinale, 

recherche quantitative 
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Abstract 

Big Data and machine learning become more prominent in marketing research, they 

are also gradually moving beyond methods-based literature to become an important tool in 

enhancing theories. 

  Our first essay applies an advanced deep-learning approach, Bidirectional 

Encoder Representations from Transformers (BERT), to identify different dimensions in 

musicians’ messages. Using previously human-classified training data, we developed 

multiple BERT models, each for a variable, and applied those models to predict the 

variables on a large dataset.  

Specifically, we study the impacts of musicians’ charity signaling (i.e., sending 

messages related to charity advocacy) and other types of signaling on their music sales in 

the short and long terms through the mediation of social media engagement, using 

multilevel mediation. We also examine how this differs among musicians of different 

degrees of influence. We thus make contributions to both business ethics and signaling 

literature. 

In the second essay, we used a deep learning model already trained in another work 

to predict two types of complaints in a private dataset of an airline company. Machine 

learning allows us to distinguish two types of complaints with high levels of accuracy, 

allowing us to link them to the preceding factors and the consequence, which is the purchase 

value of these complainers. We also use theories related to resources, until now often used 

in organization and social relationship literature, to explain consumer decisions at different 

stages.  
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In other words, by applying machine learning, we can identify new constructs, 

measure them, and establish their diverse relationships, and from these develop new 

theoretical concepts in two mature fields: charity advocacy and service failures. In both 

cases, experiments and traditional quantitative methods are challenging to answer our 

research questions, due to the latter’s complex nature.  

Furthermore, well-being is an important part of both essays. The first essay 

encourages long-term co-branding between musicians and non-profits, thereby 

contributing to social well-being, as both parties go beyond transactional, short-term 

relationships to make more permanent changes for the community. In the second essay, 

by using the lenses of resources, we help firms to examine consumer decisions in each 

stage of the failure and recovery journey as mechanisms to protect the latter’s wellbeing. 

This helps firms to retain their customers in the long term and to contribute to community 

viability.  

Keywords : machine learning, wellbeing, charity advocacy, service failures, theoretical 

concepts 

Research methods : data mining, econometrics, longitudinal research, quantitative 

research 
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Preface 

Qualitative researchers have long analyzed text, to explore new phenomena and 

concepts, such as consumer engagement (Brodie et al. 2013), branding through social 

media firestorms (Scholz and Smith 2019), racialized brands (Veresiu 2023). Quantitative 

approaches to text, referred to as text-mining (Berger et al. 2020), often focus on extracting 

text-features, e.g. sentiments, style variance (Herhausen et al. 2019), subjects (Humphreys 

2010a) and dimensions (Nepomuceno et al. 2020). The advantage of qualitative approaches 

refers to exploring complex constructs and relationships, while that of quantitative 

approaches is measuring them. 

Lexicon-based approach Linguistic Inquiry and Word Count (LIWC) has established 

itself as an important text-mining tool in marketing research, e.g., to examine legitimization 

through linguistic changes (Humphreys 2010b) and complaint de-esclation (Herhausen et 

al. 2023). With the growth of Artificial Intelligence and Natural Language Processing, the 

complexity of the methods also increased over time, moving from lexicon-based approaches 

(e.g, LIWC and VADER), linear classification, (e.g. Naïve Bayes and Support Vector 

Machine), non-linear classification (e.g., Random Forest), to deep-learning (Hartmann et al. 

2019). As Big Data and machine learning become more prominent in marketing research, 

they are also gradually moving beyond methods-based literature (e.g., Moon et al. 2010; 

Wei et al. 2022 ; Nepomuceno et al. 2020) to become an important tool in enhancing 

theories. 

Machine learning is using computational algorithms by teaching the machine to do 

different repeated tasks (El Naqa and Murphy 2015). In supervised learning, the machine 
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learns to do these tasks by working with a large amount of input data and adapts its 

“architecture through repetition” (p. 4, El Naqa and Murphy 2015) to achieve better results. 

Various mechanisms are in place to help the algorithms improve the results during training, 

e.g., adjustable parameters, using probability distributions from input data and different 

computational approaches (El Naqa and Murphy 2015). Another form of machine learning 

is unsupervised learning. In this case, no training data is necessary. The machine figures out 

features of the text using its own knowledge of existing features. They are thus less costly 

than supervised learning. 

The machine learning tasks for our two essays are mainly supervised textual 

classification. In the first essay, we trained the machine to classify different types of social 

media messages, using human-classified text. In the second essay, we used a model already 

trained to interpret different types of complaints. The machine imitates the ways human 

beings classify text through repeated exposure to the same similarities and differences (El 

Naqa and Murphy 2015). An ideal situation would have been the entire text being human-

coded. But for large datasets, this was not feasible and typically could only be done on a 

sample (e.g., Johnen and Schnittka 2019). By using advanced machine-learning models, 

however, we could reach levels of precision comparable to human classifications.  

  The first essay applies an advanced deep-learning approach, Bidirectional Encoder 

Representations from Transformers (BERT) (Devlin et al. 2019), to identify different 

dimensions in musicians’ messages. Using previously human-classified training data, we 

developed multiple BERT models, each for a variable, and applied those models to predict 

the variables on a large dataset.  
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Specifically, we study the impacts of musicians’ charity signaling (i.e., sending 

messages related to charity advocacy) and other types of signaling on their music sales in 

the short and long terms through the mediation of social media engagement, using multilevel 

mediation. We also examine how this differs among musicians of different degrees of 

influence. We thus make contributions to both business ethics and signaling literature. 

In the second essay, a deep learning model already trained in another related work 

was used to predict two types of complaints in a private dataset of an airline company. Thus, 

two types of complaints were identified with high levels of accuracy, making it possible to 

analyze their preceding factors and their consequence, which is the purchase value of these 

complainers.  

In other words, machine learning allows for the identification of new constructs and 

their measurements. This helps to establish their diverse relationships and to develop new 

theoretical concepts in two mature fields: charity advocacy and service failures. In both 

cases, experiments and traditional quantitative methods are challenging to answer the 

relevant research questions, due to the latter’s complex nature. 

Thus, machine learning could play a fundamental role in contributing to theoretical 

development. In current marketing literature, many researchers focus on introducing new 

advanced methods, while many others use mainstream approaches (e.g, experiments, 

interviews) with a focus on theoretical contributions. The two essays aim to fill in this gap, 

by using advanced approaches to make theoretical contributions. This is important, as the 

combined growth and influence of artificial intelligence (AI) and social media provide 

enormous opportunities for breakthroughs in research.  
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In addition, long-term wellbeing is an important part of both essays. In the first 

essay, our research shows the how advocating for charity consistently helps musicians’ 

financial performance. This finding also encourages long-term co-branding between 

musicians and non-profits, thereby contributing to social well-being, as both parties go 

beyond transactional, short-term relationships to make more permanent changes. We also 

compared charity advocacy with mission signals (i.e., commercial messages) and non-

mission signals (i.e self-disclosing messages) and showed how in the long term, charity 

advocacy could benefit financial performance more than other types of signals. This 

unintuitive finding showcases the importance of being committed to social causes for 

brands in a complex world.  

In the second essay, service failures and recoveries were studied from a well-being 

perspective. Management and organisation research has long examined employee 

wellbeing issues (e.g. stress and burnouts), as they are considered important for the 

survival of organisations. However, in service literature, consumer well-being itself is a 

relatively new concept often linked to transformative consumer research. By examining 

consumer decisions through the lenses of resources, we can explain consumer decisions 

in each stage of the failure and recovery journey as ways to protect their own well-being. 

Understanding this is important for firms, as it allows them to approach their consumers 

from the perspective of preserving the consumers’ resources and this not only helps them 

to retain their customers in the long term, but also to contribute to community viability.  
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Chapter 1:  

Striking the right notes: Long- and short-term financial impacts of 

musicians’ charity advocacy versus other signaling types12 

Abstract 

By using multilevel mediation involving 322,589 posts made by 384 musicians over 104 weeks, 

we simultaneously analyze the short-term and long-term effects of charity-related signaling on 

sales, with social media engagement as the mediator. Specifically, we compare the effects of 

charity-related signals with those of two other types of signals: mission-related (i.e., promoting 

music and commercial products) and non-mission-related (i.e., other posts that do not relate to the 

other two categories). In the short term, the indirect effect of using charity signaling on sales 

(through engagement) is positive, though smaller than the effects of mission-related and non-

mission related signals. However, in the long term, the indirect effect of regularly using charity-

related signaling on sales (through long-term engagement) is greater than for the effects involving 

the other types of signals. We derive from these findings three main implications for the business 

ethics literature. First, in the long term, the mutual economic benefits of charity signaling should 

encourage both entities (i.e., musicians and charities) to go beyond short-term, transactional 

philanthropy. Second, because it is profitable for musicians to partner with charities in the long-

 
1
_This article has been published in Journal of Business Ethics (2024) 193, 217–233.  

 
2 This article is co-authored with Marcelo Vinhal Nepomuceno, Yany Grégoire and Renaud Legoux. 
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term, our research argues that charities have extensive bargaining power in such co-branding 

decisions. Third, our research highlights the importance of    studying the longitudinal aspects of 

co-branding decisions involving non-profit organizations; the financial outlook of such decisions 

could greatly vary depending on the timeframe (i.e., short vs. long).  

 

Key words: human brands, musicians, charity, CSR, social media, engagement, financial 

performance, multilevel analyses 
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1.1 Introduction 

For-profit companies enter partnerships with non-profit organizations or create their own charity 

entities for many different reasons. For instance, such associations can allow firms to promote their 

own products while engaging in social causes, which are close to their heart and endorsed by their 

target audiences (Vanhamme et al. 2012). Such partnerships can also be a way for firms to show 

that “they care” about their environment and stakeholders (Adkins 1999). Although signaling 

support for charity has been shown to have a positive impact on financial performance (Hasan et 

al. 2018), organizational legitimacy (Liston-Heyes and Liu 2010) and stakeholder involvement 

(Liu et al. 2010), it remains to be seen how charity-related signals fare compared to other signals, 

which are more closely related to firms’ core business and mission (Connelly et al. 2011; Guo and 

Saxton 2014).  

To better understand this issue, here is an example with the LEGO Group using different 

types of signals. When LEGO showcases children’s creativeness through the usage of its products, 

it uses a mission-related signal that is directly linked to its core business (Guo and Saxton 2014). 

In turn, LEGO also employs charity-related signals when it publicizes its collaboration with sight-

loss organisations; in these partnerships, the LEGO Foundation freely provides blocks with Braille 

numbers and letters (Dixon 2019). In this LEGO case, which signal—between the charity-related 

or the mission-related one—would be the most effective at generating engagement and sales? To 

the best of our knowledge, it is unknown whether the impact of charity signals on financial 

performance would be greater or smaller compared to the effects of other signals (Connelly et al. 

2011). Given this general gap, the broad purpose of our research is to examine the different effects 

of charity signals versus other signals—related to a brand’s mission (Guo and Saxton 2014), for 

instance—on the sales made by human brands, such as musicians.     
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 Compared with corporate brands, research on human brands is emerging (Osorio et al. 

2020). This context is of special interest because musicians have been known to support numerous 

charities on social media. Although some research has examined the phenomenon of celebrity 

philanthropy on social media (e.g., Bennett 2014; Dieter and Kumar 2008), it is unclear if 

musicians and charities mutually benefit from their partnerships in financial terms (Santos et al. 

2019). Documenting this issue is important for both entities. Indeed, musicians need to have a 

better understanding of the effects of their public advocacy and the potential frictions that could 

exist between their economic interests and their social responsibilities (Harlow and Benbrook 

2019). In addition, if such associations are profitable for musicians, this situation could position 

charities as valuable “business partners,” which may have more leverage than is often assumed.    

In light of these two gaps—that is, 1) contrasting charity signaling with other signals and 

2) understanding the financial effects of charity signaling for musicians—our research answers the 

following three questions. First, we wonder if the impact of charity signalling on musicians’ 

financial performance is larger or smaller than other types of signalling? Second, what would be 

the long-term and short-term effects of using charity signals on financial performance in this 

context? Third, does social media engagement play a mediation role to explain the different effects 

(short-long vs. long-term) of musicians’ charity signaling on financial performance? 

  To answer these questions, we conducted a study with the posts (322,589 posts) and sales 

of 384 musicians; these data were collected over 104 weeks. In this research, we identified three 

main types of posts: charity-related (i.e., when artists directly discussed a given charity cause), 

mission-related (i.e., when artists discussed their music, shows, events or other commercial 

products and brands) and non-mission-related (i.e., when posts mentioned any other subjects than 

those belonging to the first two categories). To be able to examine simultaneously the effects of 
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short-term versus long-term postings of different signals, we use a novel multilevel mediation 

recently advanced by Hayes and Rockwood (2020).  

Before discussing the relevance of this method, we first define our two multilevel effects, 

which we label short-term and long-term. These two effects can be understood differently if we 

define them conceptually or analytically. To reconcile these views, we define these two effects by 

using three attributes: unit level (“week” versus “artist”), temporality of effect (“intermittent” 

versus “cumulative”) and analytical level (“within-person” versus “between-person”). Please see 

Table 1 for a summary of these definitions. The short-term effect (level 1) captures the average 

changes (in engagement or sales) from one week to another for a given artist (Wang and Maxwell 

2015). Because this effect captures the average longitudinal change between two weeks, we qualify 

it by using the adjectives “intermittent” and “short-term”. The long-term effect (level 2) aggregates 

all the information over 104 weeks for each of the 384 artists, who become the unit of analysis 

(Wang and Maxwell 2015). This analysis is not longitudinal, and it uses all the information 

cumulated for each artist. Given these characteristics, we use the adjectives “long-term” and 

“cumulative” to qualify this effect (Tasca and Gallop 2009). 

In other words, the long-term effect refers to the impact of doing an activity on a consistent 

basis. The short-term effects indicates the impact of doing an activity when it deviates from the 

regular pattern. For simplicity of exposition, we mainly use the labels “short term” and “long term” 

in the rest of our manuscript; the only exception is for the methods section, which requires the 

usage of technical terms.3 

 

 
3 In the methods section, we refer to the technical terms—within-person and between-person—that are used by 

methodologists and software (Zhang et al. 2009; Curran and Bauer 2011; Hayes and Rockwood 2020). 
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Table 1.1: Description of the notions “short term” and “long term” in this research 

Concept Short term Long term 

Unit (level) 

39,936 observations  

(104 weeks * 384 artists) 

(level 1) 

384 artists                              

(level 2) 

Temporality of effect 

Intermittent: average 

change between two 

weeks for a given artist 

Cumulative: an 

aggregation of all the 

weeks for each artist 

Analytical level Within-person Between-person 

 

The multilevel, longitudinal analyses used in this research (Preacher et al. 2010) allow 

estimating these two effects simultaneously. Differentiating these effects is important because an 

inability to do so could lead to biased results and inaccurate interpretations. Here is an illustration 

of such potential biases. For instance, people are more likely to have heart attacks while exercising 

(short-term effect), but those who regularly exercise over years are less likely to suffer from heart 

attacks (long-term effect) (Curran and Bauer 2011). So, according to this example, people need to 

account for the coexistence of both effects; it would be unreasonable to focus only on the short-

term effect and to recommend people to stop exercising. Applying a similar logic to our context, 

our multilevel analyses provide insightful responses to our three questions, and they enable us to 

make three specific contributions.  

First, we find that posting about charity is beneficial to sales in the short term, even if this 

effect is relatively modest and weaker than those of other signals (i.e., mission-related or non-

mission related). In other words, there is a positive effect of using a given charity signal in a given 

week (i.e., short-term effect), although this effect is somewhat limited. Here, we argue that artists 

who occasionally support charities could still benefit a little from mentioning them from time to 

time. This finding might persuade hesitant artists to experiment with charity advocacy.  
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Second and importantly, we show that the long-term effects of regularly using charity-

related signals on sales is not only positive but also greater than the long-term effects of the other 

types of signals (i.e., mission-related and others). This set of results is encouraging for both music 

artists and charities; it shows that long-term partnerships could be mutually beneficial in financial 

terms and possibly many other ways (e.g., societal, reputational). These results are important 

because they demonstrate the important role that charity advocacy can play over time for brand 

building. By developing well-crafted strategic partnerships, both musicians and non-profits could 

enhance their financial situation and societal impact (Austin and Seitanidi 2012; Macdonald and 

Chrisp 2005).     

Third, we pay special attention to understand the process explaining the effects of signaling 

on sales. To do so, we argue that engagement plays an important role of mediation in explaining 

the short-term and long-term effects of signaling (all three types) on sales. Here, engagement on 

social media is conceptualized as being composed of three core indicators: shares, reactions and 

comments (Kumar and Pansari 2016). Please see our conceptual framework (Figure 1), which 

displays the mediation role of engagement in the short and long terms. Although the concept of 

engagement has been very influential in marketing strategy (Kumar et al. 2010; Soares et al. 2022; 

Ji et al. 2017; Li et al. 2021), this notion has been rarely discussed in the non-profit and signaling 

literatures, to the best of our knowledge. Addressing this gap, we find that the relative effects of 

charity-related signaling on sales (short- and long-term) are mediated by an engagement 

mechanism, which becomes especially strong when charity signaling is regularly used by 

musicians. With this finding, we extend prior research that has focused mainly on the direct impact 

of charity-related initiatives on engagement (Kucukusta et al. 2019; Chu et al. 2020) or financial 

performance (van Beurden and Gössling 2008; Clacher and Hagendorff 2012; Kang et al. 2016). 
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Building on this research, we integrate both streams by arguing for a sequence “charity-related 

posts → engagement → sales”, which is tested at two levels (short- and long-term).  

Figure 1.1: Short-term and long-term impacts of different types of posts on sales through 

engagement 

 

 

 By making these contributions, we derive three key implications for the business ethics literature 

and the management of co-branding with non-profit organizations (e.g., charities). First, the long-

term, mutual economic benefits of musicians’ charity signaling should encourage both 

organizations to go beyond short-term, transactional philanthropy. Both musicians and non-profits 

are encouraged to build long-term partnerships that aim to co-create durable value for societies 

(Austin and Seitanidi 2012); doing so would generate financial and societal benefits for both parties 

(Knoll and Matthes 2017). Second, because it is profitable for musicians to partner with charities 
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in the long term, our research argues for a change in the relational dynamics between musicians and 

non-profits, with charities or non-profits having extensive bargaining power in strategic co-

branding decisions. Third, our research highlights the importance of studying the longitudinal 

aspect of co-branding decisions involving non-profit organizations. The financial outlook of such 

decisions could greatly vary depending on the timeframe (i.e., short vs. long term). Indeed, we find 

that the financial benefits of such partnership are more advantageous when considered over a long 

(vs. a short) period. Importantly, this long-term beneficial effect is mainly explained by a long-term 

engagement mechanism. To the best of our knowledge, engagement-based processes have rarely 

been discussed in the business ethics literature.    

1.2 Theoretical background and hypotheses 

1.2.1. Signals  

Through their music, activities, public statements and social media messages, artists send 

out different types of signals (Higgins and Gulati 2006; Connelly et al. 2011), such as their implicit 

and explicit emotions (Waterman 1996), personal and social identity (MacDonald et al. 2002), and 

even political resistance (Street et al. 2008). Charity-related posts and other types of posts are 

therefore just a small part of these signals. As they wear away over time, the information 

asymmetry between signal senders and signal receivers also increases (Janney and Folta 2003), 

especially in the presence of other conflicting signals from the musicians themselves or from other 

signalers (e.g., the media and social influencers). Thus, repeating the same kind of signals is 

important to reduce the uncertainty of the branding interpretation. Repetition also leads to the 

cumulative impact of consistent signals over time (Heil and Robertson 1991), which increases their 

credibility in the long term (Connelly et al. 2011).  
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However, while the signaling literature often stresses the importance of repetition, in some 

cases, intermittent, short-term signals can also have their own value. Irregular signals could be 

more effective when they give the impression of rarity, which increases their worth in the eyes of 

the signal receiver (e.g., an annual instead of a monthly prize) (Phau and Prendergast 2000). 

Surprise is another potential advantage of irregular signals. It garners them more attention so that 

they become more memorable, helping the signalers to achieve more influence (Loewenstein 

2019).    

Musicians’ charity-related posts share the characteristics of non-profit social media 

messages—that is, they provide information related to the causes, show attempts at community 

building and promote calls for action (Lovejoy and Saxton 2012). Charity-related posts are thus 

associated with warmth (Bernritter et al. 2016), belonging to a community (Chwialkowska 2019), 

and caring for others (Bernritter et al. 2016). Communities (e.g., from a book club or a church to 

civic engagement) ideally help members fight isolation and look after each other’s well-being 

(Block 2009). The sense of belonging to a social group increases meaning in an individual’s life 

(Lambert et al. 2013).      

These messages are distinct from mission-related posts (Guo and Saxton 2014), which 

imply the intrinsic quality of the products and brands, such as competence (Bernritter et al. 2016; 

Nepomuceno et al. 2020), credibility (Erdem et al. 2006) and symbolic values (Schembri et al. 

2010). They are also different from non-mission-related posts, which are self-revealing and 

personal (Chung and Cho 2017; Nepomuceno et al. 2020). In the context of this research, the 

popularity of a musician, or their social capital (Bourdieu et al. 2003), is also a signal. A message 

is likely to reach more people from a well-known artist than a new singer and is also considered 

more credible (Guo and Saxton 2014). Because of these distinct features, the impact of a long- or 
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short-term posting of each type of signal can be different, even contradictory. In the next section, 

we explain how different signals can influence viewers’ engagement on social media in the short 

or long term.   

1.2.2. Signals and engagement 

Consumers use reactions, shares and comments on social media to show their engagement 

with brands ( Kumar et al. 2010); these actions are instrumental to sway other users and have 

persuasive effects beyond social networks (Kumar and Pansari 2016; Geng et al. 2020). Here, 

engagement can be viewed as playing the role of “feedback”, or countersignals, to any type of 

message (Connelly et al. 2011; Saxton et al. 2019). As we argue more comprehensively below, the 

engagement mechanism is different for mission-related posts and non-mission-related posts in 

comparison to charity-related posts in both the short and long terms. 

Belonging to a parasocial relationship—that is, a relationship that a person builds with a 

musician who does not personally know him or her (Gong and Li 2017)— “true” fans closely 

follows musicians’ careers and personal lives, and they intensively react to any of their posts, 

regardless their type.  Compared to “casual” followers—who occasionally follow an artist—the 

“true” fans engage more intensively with mission-related and non-mission-related signals in the 

short and long terms. For these two types of signals, we expect casual followers to show some 

engagement with such posts, but to a much lesser extent than the fanbase. Research has found 

similar effects for external commercial brands supported by musicians (Aw and Labrecque 2020). 

When celebrities endorse a brand, the engagement increases among followers (i.e., fanbase), while 

there is no effect for casual or non-followers (Song and Kim 2020).   

We argue that the engagement with charity-related posts follows a different pattern 

compared to the other two types of signals. We expect this because charity-related posts belong to 

the category “community-centric content” (Chwialkowska 2019) and not to the “parasocial 
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relationship” category (Gong and Li 2017). Community-centric messages encourage interactions 

among consumers, thus giving them social benefits and making them feel part of a social 

movement (Wirtz et al. 2013). We predict that because they are different in kind from the other 

two signals of interest, charity-related signals create engagement in a different manner in the short 

term versus the long term.  

In the short term, a given charity-related post should produce high engagement from the 

“true” fanbase, as these individuals always tend to support their favorite artists. In contrast, we 

posit that the casual followers would show little engagement with charity-related posts in the short 

term. These latter followers could seriously doubt the sincerity of artists occasionally supporting 

a charity, and they could make negative attributions about the artists’ true intentions. In this case, 

casual followers could infer a lack of authenticity in the posts (Park and Cho 2015).  Here, casual 

followers could discount musicians’ actions and believe that they advocate a cause to gain political 

capital (Kane et al. 2009), public image (Babiak et al. 2012) or for tax purposes (Dieter and Kumar 

2008). Because of this ambiguity, when musicians endorse charities on an intermittent basis, casual 

followers are cautious in their engagement. By combining the responses of the true “fanbase” and 

“casual followers”, we propose the following: 

H1: In the short term, the positive effect of musicians’ charity-related posts on user engagement 

is weaker than with mission-related and non-mission-related posts.  

 However, in the long term, artists’ repeated charity signals and their continued advocacy 

of a given cause could create strong support and engagement from casual followers. By regularly 

displaying their support to a given cause, celebrities build up the stability of their signals and 

establish the authenticity of their advocacy (Moulard et al. 2015). In this case, casual followers 

will see these signals as being authentic, credible and truthful, and they will infer strong, positive 
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motives from such repeated signals (Frey and Meier 2004). In the long term, musicians’ charity-

related posts should attract engagement not only from their “true” fans but also from casual 

followers and new followers coming from different social network circles. Indeed, given the 

community-centric nature of charity signaling, new followers could be encouraged to be part of 

the movement and to engage in pro-social behaviors (Bernritter et al. 2016, Herzog and Yang 

2018). Such signals could lead “friends” of the fanbase to support a given cause, especially when 

pro-social actions become a frame of reference (Frey and Meier 2004). Formally:   

H2: In the long term, the positive effect of musicians’ charity-related posts on user engagement is 

stronger than with mission-related and non-mission-related posts.  

1.2.3. Engagement and sales 

Engagement, as a measure of the “social media capital” of musicians, contributes to their financial 

income or “returns” (Saxton and Guo 2020,  p. 1). For instance, the engagement on Facebook with 

automobile makers was associated with an increase in offline car sales (Wang et al. 2021). 

Similarly, the rate of social media interactions per user had a positive effect on sales in the food 

and beverage industry (Yost et al. 2021). For non-profit organizations, the number of Facebook 

shares was a key predictor of the success of a fundraising campaign (Bhati and McDonnell 2020), 

and organisations with more Facebook fans also received more donations through this channel 

(Saxton and Wang 2014). Building on H1 and H2, we explain in this section how engagement 

plays a different mediation role in the short vs. the long term (see Figure 1). 

In the short term, an increase in engagement helps information to reach more people in a 

network, which activates “latent ties” (Ellison et al. 2007, p. 1162), leading to the conversion of 

potential consumers. Even if this engagement takes place only intermittently, it signals a 

momentary rise in an artist’s influence and encourages people to look for and buy his or her music 

(Ellison and Vitak 2015; Lin 2019). Given this logic and the predicted positive effects between 
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short-term charity-related posts and engagement, we argue that this latter construct (i.e., 

engagement) mediates the linkage between charity-related posts and sales. However, in the short-

term, we expect that this indirect effect (i.e., “short-term charity-related posts → engagement → 

sales”) has less amplitude than the indirect effects involving the other two short-term signals of 

interest (see H1 for explanations). For precision, these two comparative indirect effects are: “short-

term mission-related posts → engagement → sales” and “short-term non-mission-related posts → 

engagement → sales”. Formally:   

H3: In the short term, the indirect effect “charity-related posts → engagement → sales” is weaker 

than similar indirect effects with mission-related posts and non-mission-related posts. 

In the long term, when engagement is sustained over time, the growth in perceived 

influence is steadier, which enhances artists’ competitive advantages and sales over time. The fact 

that strong customer engagement leads to strong sales is a key premise explaining the success of 

this research stream in marketing strategy (e.g., Kumar and Pansari 2016). Since the long-term 

effect of charity-related posts on engagement is hypothesized to be greater than that of mission-

related or non-mission-related posts over time (see H2), we argue for a similar logic for the indirect 

effects involving these three signals. For precision, we expect that the long-term indirect effect 

(i.e., “long-term number of charity-related posts → engagement → sales”) has greater amplitude 

than the indirect effects involving the other two signals of interest (i.e., mission- and non-mission-

related). Formally: 

H4: In the long term, the indirect effect “charity-related posts → engagement → sales” is stronger 

than similar indirect effects with mission-related posts and non-mission-related posts. 
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1.3. Methodology 

1.3.1. Multilevel modeling for longitudinal data 

The assumption of independence of observations often does not hold with data in multilevel, 

nested structures (Moerbeek 2004). The first type of nested structure has members nested within 

groups. For example, for research on smoking with students grouped (i.e., nested) in schools, the 

smoking patterns of the students in one school could have correlations with each other because of 

peer influence, teacher influence and school policies (Moerbeek 2004).  

The second type of nested structure relates to different observations nested within 

individuals—such as, the physical activity of a given person measured at different times (Burton 

et al. 2009). Our dataset is similarly structured, and it includes 104 weekly observations nested 

within 384 artists. In this case, multilevel analyses evaluate how individuals change “within 

themselves” on average between two weeks (i.e., within-person effects), and how individuals 

differ from one another on average over the whole period (i.e., between-person effects) (Hair Jr. 

and Fávero 2019). In technical terms, the within-person effects represent the short-term effects 

discussed in our theory, and the between-person effects capture the long-term effects previously 

presented (see Table 1).   

1.3.2. Operationalization of constructs 

1.3.2.1. Building a weekly dataset 

Our dataset includes 322,589 posts made over 104 weeks by 384 artists. In terms of 

organisation, our databank includes 39,936 observations—which represent the number of weeks 

by artist (104 weeks * 384 artists)—in which the variable “artist” is nested with the variable week. 

This form of nested, multilevel databank allows simultaneous testing for “within-person” effects 
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and “between-person” effects, which respectively correspond to the “short-term” and “long-term” 

effects in our theory.   

Our posts originated from three platforms (Facebook, Twitter, and Instagram) and were 

collected for 384 artists/music groups of different nationalities over two years (2016-2017).  

Firstly, we applied machine learning to identify the constructs we needed. The first construct 

demonstrated whether a post invited social media users to play an active role in social causes, in 

other words, whether a post was related to charity causes (Nepomuceno et al. 2020). The other 

three constructs are explicit selling (indicating whether a post explicitly promoted a music product 

or merchandise), show-related (whether a post explicitly or implicitly promoted a show) and 

merchandise-related (whether a post explicitly or implicitly promoted merchandise, a brand or a 

company for a commercial purpose).  

To achieve this, we used another much smaller dataset (of 5,413 posts) already human-

coded on the four variables (with three raters and an inter-rater agreement ranging from 81.8% to 

97.6%; see Web Appendix 1.A, Table 1.A1) to train four classifying models, one for each variable. 

We used Bidirectional Encoder Representations from Transformers (BERT) (Devlin et al. 2019), 

an advanced Natural Language Processing method. The results indicate 98%, 83%, 83% and 78% 

accuracy in predicting the presence of charity-related, explicit selling, show-related and 

merchandise-related posts, respectively (See Web Appendix 1.A, Table 1.A2).  

We then applied the four models to predict the constructs on the original dataset (n = 

322,589). They identified 5,168 charity-related, 53,305 explicit selling, 109,508 show-related and 

21,917 merchandise-related posts. We then created a new variable called mission-related post 

(Guo and Saxton 2014), namely whether a post is related to shows, merchandise, or explicit selling. 
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In total, 141,919 posts are mission related. Finally, non-mission-related posts capture the rest of 

the social media posts when they are neither mission-related nor charity-related.  

 Next, we converted this dataset into a weekly one to merge it with Nielsen’s weekly sales 

data, which covered album sales, digital song sales and streaming of these artists on the Canadian 

market in 2016 and 2017. To achieve this, we summed up the number of posts of each type for 

each week. Similarly, for the engagement information for different types of posts, instead of using 

the number of reactions (i.e., likes, love, anger, laughter, sadness, surprise, and thankfulness), 

comments (i.e., comments and replies) and shares (i.e., shares and retweets) for each post of each 

artist, we summed up the number of reactions, comments and shares for each type of post (i.e., 

charity-related posts, mission-related posts and non-mission-related posts)  of each artist each 

week. The new dataset includes 39,936 weekly observations (104 weeks * 384 artists).  

1.3.2.2. Control variables 

 We adopted different approaches to find the control variables. First, we used a scraping 

engine on Python to find news articles mentioning each artist on Google News in the titles or leads. 

Second, through the application programming interfaces (API’s) of Twitter and Spotify, we 

accessed the tweet volume of each artist for each day, the information of their tracks and the release 

dates of these tracks. We then built the weekly variables for news volume (i.e., the number of 

articles mentioning an artist each week in the titles or leads), tweet volume (i.e., the number of 

tweets mentioning an artist each week) and track volume (i.e., the number of tracks featuring an 

artist each week). We calculated the total number of tracks over all the artists’ careers until the end 

of 2017. Third, Facebook fanbase size information, artists’ age, and their experience (i.e., the 

number of years from the beginning of their career until 2017) were manually collected from 

Facebook, MusicBrainz, Wikipedia, or past press articles. Facebook fanbase size was coded from 
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0 to 4: less than 10,000 Facebook fans (0), 10,000 to 100,000 fans (1), 100,000 to one million fans 

(2), one million to 5 million fans (3) and more than 5 million fans (4).  

 Apart from the fanbase size, all other variables were ln-transformed to remedy skewed 

distributions and ensure construct consistency. Collinearity is not an issue for the ln-transformed 

variables of the number of charity-related posts (M = .07, SD = .26), the number of mission-related 

posts (M = 1, SD = .93), and the number of non-mission-related posts (M = 1.19, SD = 1), for 

which correlations range from .13 to .49. 

Table 1.2: Definitions of the variables 

Variables Definition Data source 

Charity-related poststj 
The ln value of the sum of the number of charity-related posts in week t of 

artist j 

FB, Twitter, 

Instagram 

Charity-related postsj The mean of charity-related poststj over 104 weeks for artist j FB, Twitter, 

Instagram 

Charity-related 

poststj(w) 

Deviation of charity-related poststj from charity-related postsj per week 

(i.e., charity-related poststj(w) = charity poststj - charity-related postsj) 
FB, Twitter, 

Instagram 

Engagementtj 

The ln value of the sum of the volume of all reaction (i.e., likes, loves, 

anger, laughter, sadness, surprise, thankfulness), retweets/shares, and 

comments/replies for artist j in week t 

FB, Twitter, 

Instagram 

Engagementj 
The mean of engagementtj (i.e., reactionstj, sharestj, and commentstj) over 

104 weeks for artist j 

FB, Twitter, 

Instagram 

Engagementtj(w) 
Deviation of engagementtj from engagementj per week (i.e., 

engagementtj(w) = engagementtj - engagementj) 

FB, Twitter, 

Instagram 

Salestj 
The ln value of the sum of volume for album salestj, digital songstj, and 

streamingtj for artist j in week t 
Nielsen 

Salesj 
The mean of album salestj, digital songstj, and streamingtj over 104 weeks 

for artist j 
Nielsen 

Salestj(w) Deviation of salestj from salesj per week (i.e., salestj(w) = salestj - salesj) Nielsen 

Mission-related 

poststj 

The ln value of the sum of the number of posts related to merchandise, 

shows or explicit selling of artist j in week t and 1 
FB, Twitter, 

Instagram 

Non-mission-related 

poststj 

The ln value of the sum of the number of posts not related to mission or 

charity of artist j in week t and 1 
FB, Twitter, 

Instagram 

Fanbase sizej 
Artist j’s fanbase size: < 10K Facebook fans (coded as 0), 10K – 100K fans 

(1), 100K – 1M fans (2), 1M – 5M fans (3), >5M fans (4).  Facebook 

Track volumetj The ln value of the sum of artist j’s volume of tracks released in week t Spotify  

Tweet volumetj  
The ln value of the sum of the number of tweets mentioning artist j on 

Twitter in week t Twitter  

News volumetj  
The ln value of the sum of the number of news articles on an artist on 

Google News that week 
Google 

News 
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Experiencej 
The ln value of the sum of the number of years from when artist j’s first 

musical product was publicly released until 2017 
MusicBrainz 

Agej The ln value of the sum of artist j’s age until 2017 
Wikipedia 

and press  

Total track volumej  
The ln value of the total volume of tracks released by artist j in their career 

until the end of 2017 
Spotify  

Weekt Week t (ranging from 1 to 104) of the relevant data   

 

1.3.2.3. Measuring engagement and sales 

Consumers use reactions, shares and comments on social media to show their engagement 

with brands and firms (Kumar et al. 2010). This conceptualization of engagement is consistent 

with Kumar et al.'s (2013) construct “customer influence”—that is, a key dimension of engagement 

(Kumar 2018). Our conceptualization also aligns with previous research that finds strong 

correlations between reactions, shares and comments (Soares et al. 2022; Ji et al. 2017; Li et al. 

2021).4  

To measure music sales, we combined sales of digital songs, sales of albums (both digital 

and physical) and streaming. Recent literature has confirmed that streaming reflects music industry 

revenues (Wlömert and Papies 2016), music consumption (Datta et al. 2018),  digital music sales 

(Aguiar and Martens 2016) and even physical album sales (Lee et al. 2020). While research on 

streaming has also found a cannibalizing effect of streaming adoption on other sales channels (e.g., 

Wlömert and Papies 2016; Aguiar and Waldfogel 2018) at the industry level, it still has a positive 

relationship with other types of sales at the artist and song levels (Aguiar and Waldfogel 2018).  

 
4
 In addition to the conceptual reasons for aggregating reactions, comments and shares, there is also a conciseness 

reason. In our case, a concise measure is important, so we combine different sources of data in a multilevel mediation 

model.  Cole and Preacher (2014) argue against the use of manifest variable paths because of measurement errors, 

especially in complex models. Accordingly, the use of latent variables formed by multiple measures is usually 

recommended. 
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 After the ln-transformations, the three social media engagement measures: reactions (M 

= 7.68, SD = 4.59), comments (M = 4.7, SD = 3.2) and shares (M = 3.99, SD = 3.4) achieved high 

correlations (between .81 and .95, p < .001), high alpha, composite reliability (CR) and average 

variance extracted (AVE) (between .89 and .96) (See Appendix B). Thus, we created the 

engagement construct (M = 5.46, SD = 3.58) from the mean of these three ln-transformed variables.  

 Similarly, because of the high correlations (between .73 and .88, p < .001) and high 

alpha, CR and AVE (between .81 and .93) of the three sales-related constructs (See Appendix B)—

that is, album sales (M = 2.69, SD = 2.2), digital songs sales (M = 4.28, SD = 2.68) and streaming 

(M = 10.77, SD = 3.38)—we created the sales construct (M = 5.91, SD = 2.58) from the mean of 

these three ln-transformed measures.  

 Finally, we tested the two-factor structure (with sales and engagement) for longitudinal 

measurement invariance. The high number of waves (104), the large number of parameters, and 

the modest sample size for each wave (384) made it technically challenging to conduct the tests 

for all the waves (Kyriazos 2018). Thus, we decided to test invariance at five equally-spaced times 

(weeks 20, 40, 60, 80, and 100), using Laavan in R (Mackinnon et al. 2022). Cross-sectional CFA’s 

for each of these periods provide good fit indexes, with high alpha, CR and AVE for each latent 

construct (between .81 and .96) (See Web Appendix C) (Radanielina Hita et al. 2022). The 

longitudinal measurement invariance test confirms that our repeated constructs attain configural 

and metric invariance (Chen 2007; Putnick and Bornstein 2016) over these five periods (See Web 

Appendix E).  

 Thus, all our main variables (i.e., number of charity-related posts, number of mission-

related posts, number of non-mission-related posts, engagement and sales), tweet volume, news 

volume and track volume are measured for each week for each artist (level 1 variables). The others 
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(i.e., fan-based size, age, total track volume and experience) are assumed to remain the same over 

the whole period for a given artist (level 2 variables). Explanations of each construct are available 

in Table 2. Because of the collinearity issue between tweet volume and fanbase size (r = .77, p < 

.001) and between age and experience (r = .78, p < .001), tweet volume and experience were 

removed from the analyses (See Web Appendix F).  

1.3.3. Multilevel mediation in MLmed 

Central to our research is the multilevel mediation method proposed by Zhang et al. (2009). 

Building on this initial work, Hayes and Rockwood (2020) renamed it “multilevel conditional 

process analyses” and developed a macro in SPSS to help in the usage of these relatively complex 

analyses. The name of this macro is MLmed, for multilevel mediation, and we use it in this 

research. Given the multilevel structure of our data, MLmed—which relies on mixed linear 

modeling—is appropriate for the following reasons. MLmed accounts for the hierarchical, nested 

nature of our data, which is organized in two levels (i.e., week and artist). Importantly, MLmed 

simultaneously analyzes these two types of effects by separating each observation into two parts: 

the average effect for each artist (i.e., between-person or long-term effect) and the average 

difference between two weeks within each artist (i.e., within-person or short-term effect).  Please 

see the work of Hayes and Rockwood (2020) for an effective summary of this analysis.  

Our weekly constructs are of level 1 and are nested in different artists (level 2). Since our 

data is longitudinal (Tasca and Gallop 2009), MLmed allows us to simultaneously analyze the 

effects within each artist over time (i.e., within-person effects) and the variations from artist to 

artist (i.e. between-subject effects). Specifically, MLmed separates the cluster mean (i.e., the 

average effect for each artist: the between-person effect) from the deviation to the cluster mean for 

each observation (i.e., the difference between an observation and the average effect for each artist: 

the within-person effect). At the end, this procedure allows us to analyze both effects 
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simultaneously. In addition, MLmed calculates multilevel indirect effects between the independent 

variable of interest (e.g., charity-related posts), the mediator (e.g., engagement) and the dependent 

variable (e.g., sales); and it tests their significance by conducting Monte-Carlo simulations. To the 

best of our knowledge, MLmed is one of the rare solutions that can test the significance of 

multilevel indirect effects.  

In a classical longitudinal model, an observation in week t belongs to an artist j (i.e., cluster 

j). Charity-related poststj and engagementtj are the respective observed values of the number of 

charity-related posts and the level engagement in week t for artist j. Charity-related postsj and 

engagementj refer to the cluster averages of charity-related posts and engagement for artist j. In 

MLmed, the within-person effects are the differences between the observed and mean values for 

an artist j (Zigler and Ye 2019). Charity-related poststj(w) is the difference between charity-related 

poststj and charity-related postsj, whereas engagement tj(w) is equal to engagementtj minus 

engagementj. Thus, charity-related poststj(w) and engagementtj(w) capture the within-person 

variations effects, while charity-related postsj and engagementj show the between-person effects 

(Song 2018; Zigler and Ye 2019). Similarly, the dependent variable salestj is composed of salesj, 

which is the cluster mean, and the salestj(w), which is the deviation from the cluster mean. See Table 

2 for formal definitions. 

1.3.4. Test of hypotheses by using MLmed 

We used MLmed to test our four hypotheses (see Table 1.3 for an overview of the results). In terms 

of within-person effects (i.e., short-term effects in our theory), charity-related posts (β = .73, p < 

.001) have a positive but weaker effect on engagement compared to mission-related posts (β = 

1.21, p < .001) and non-mission related posts (β = 1.59, p < .001).  These effects occur at level 1. 

According to these results, H1 is supported.  
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Table 1.3: Fixed effects and indirect effects of the mediation model  

Independent variables β t Β t 

Within effects                             

(short-term) 
On Engagementtj(w) On Salestj(w) 

Constant 2.79 3.64*** 5.2 5.42*** 

Charity-related poststj(w) .73 11.1*** -.007 -.45 

Mission-related poststj(w) 1.21 113.58*** .16 26.08*** 

Non-mission-related poststj(w) 1.59 136.73*** .06 7.99*** 

Engagementtj(w)                                   --- --- .06 22.64*** 

Track volumetj(w) -.05 -1.94 . .26 20.27*** 

Between effects                               

(long-term) 
On Engagementj On Salesj 

Fanbase sizej 1.04 20.27*** 1.3 14.3*** 

Charity-related postsj 2.13 3.97*** -.15 -.22 

Mission-related postsj 1.11 8.59*** .02 1.47 

Non-mission-related postsj 1.65 15.55*** -.61 -3.64*** 

Engagementj                                          --- --- .23 3.66*** 

Track volumej 2.49 2.42* -.85 -.67 

Agej -.78 -3.22** .02 .14 

Total track volumej -.04 -.82 .16 2.54* 

Charity-related posts -> 

Engagement -> Sales 
Coefficient Z p value 95% CI 

Within indirect effects                   (short-

term) 
.04 9.96 <.001 [.03, .05] 

Between indirect effects (long-term) .49 2.65 .008 [.18, .9] 

Note: *** p < 0.001, ** p< 0.01, * p< 0.05, . p < 0.1; BIC = 240,729.9 

 

In terms of between-person effects (i.e., the long-term effects in our theory), the effect of 

charity-related posts on engagement is positive and stronger (β = 2.13, p < .001) than that of 

mission-related posts (β = 1.11, p < .001) or non-mission related posts (β = 1.65, p < .001); these 

results occur at level 2. Accordingly, H2 is confirmed.  

We test H3 and H4 by reporting the indirect effects of interest, as calculated by MLmed. 

The significance of the indirect effects is determined by using Monte-Carlo simulations (i.e., 

10,000 samples) that produce 95% confidence intervals (CI).  
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In terms of within-person effects (i.e., short-term effects), the indirect effect “charity-

related posts → engagement → sales” is positive and significant (β = 0.04, p < .001); in addition, 

the CI do not contain zero (95% CI [.03, .05]). We also test the within-person indirect effects 

involving the two other signals—that is, “mission-related posts → engagement → sales” (β = 0.08, 

p < .001; 95% CI [.07, .09]) and “non-mission-related posts → engagement → sales” (β = 0.1, p 

< .001; 95% CI [.08, .11].). Consistent with H3, in the short term, the indirect effect involving 

charity-related posts is weaker than the indirect effects involving the other two signals.     

In terms of between-person effects (i.e., long-term effects), the indirect effect “charity-

related posts → engagement → sales” is positive, significant and of large amplitude (β = 0.49, p 

< .01; 95% CI [.18, .9]). The between-person indirect effects involving the other two signals—that 

is, “mission-related posts → engagement → sales” (β = 0.26, p < .001; 95% CI [ .11, .41] and 

“non-mission-related posts → engagement → sales” (β = 0.38, p < .001; CI [.18, .60]—are also 

positive and significant, although of lesser amplitude than the indirect effect involving charity-

related signal. These results support H4.   

1.3.5. Additional Analyses 

1.3.5.1. Direct effects on sales 

We also test the direct effects of the different signals on the level of sales—that is, the final 

outcomes. First, we ran a cross-sectional regression on salesj, with the cluster mean of salestj for 

each artist being the dependent variable (Table 1.4, Model 1), and the cluster means of other 

variables for each artist being the predictive variables. This model is the equivalent of testing 

between-subject (long-term) effects. Here, we note that charity-related postsj are not significant on 

salesj; neither are mission-related postsj. In turn, non-mission related postsj have a negative 

relationship with salesj (β = -.55, p <.001).   
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Table 1.4: Cross-sectional and longitudinal models on sales 

  Cross-sectional (Model 1) Longitudinal (Model 2) 

Independent variables β t β t 

Within effects                        

(intermittent, short-term) 
On Salesj On Salestj 

Constant 5.27 5.61*** 5.27 5.61*** 

Charity-related poststj --- --- -.02 -1.32 

Mission-related poststj --- --- .14 22.90*** 

Non-mission-related poststj --- --- .05 7.04*** 

Engagementtj                            --- --- .05 21.16*** 

News volumetj --- --- .20 21.21*** 

Track volumetj --- --- .23 18.23*** 

Between effects                        

(long-term) 
On Salesj On Salestj 

Charity-related postsj .14 .22 .16 0.25 

Mission-related postsj .08 .45 -.07 -.39 

Non-mission-related postsj -.55 -3.34*** -.60 -3.64*** 

Engagementj .16 2.55* .11 1.71 . 

News volumej 1.51 3.86*** 1.30 3.34*** 

Track volumej -1.18 -.94 -1.41 -1.12 

Fanbase sizej 1.20 12.92*** 1.20 12.92*** 

Agej -.96 -3.23** -.96 -3.23** 

Total track volumej 1.20 12.92*** .16 2.59* 

Note: *** p < 0.001, ** p< 0.01, * p< 0.05, . p < 0.1  

R2 and Adjusted R2 of Model 1 = .77; BIC of Model 2 = 93,579.05 

 

Second, we conducted a mixed linear regression5 on salestj, including both the cluster 

means of other variables (for each artist) and their observed values as predictive variables (Table 

4, Model 2). Both charity-related postsj (within-person, or short-term effects) and charity-related 

poststj (between-person, or long-term effects) are not significant. For this signal, it seems that there 

are only indirect effects on sales through engagement in the short and long terms (see results for 

H3 and H4).  

 
5 It should be noted that the mixed linear regression model (Table 4, Model 2) used the observed values of the 

independent variables (e.g., charity-related poststj) for short-term effects. In contrast, MLmed (Table 3) applied the 

differences between their observed and cluster mean values (e.g., charity-related poststj(w)) for short-term effects. 
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The effect of mission-related poststj is positive in the short term (β = 0.14, p < .001), while 

mission-related postsj are not significant in the long term. This signal only has a direct effect on 

sales when it is done in the short term. In the long term, like charity-related signals, mission-related 

posts indirectly generate sales through engagement. 

Finally, non-mission-related poststj have a positive effect (β = 0.05, p < .001) in the short 

term, but non-mission-related postsj have a negative effect on salestj (β = -0.6, p <.001) in the long 

term. At first sight, this result is surprising, and it will be discussed in detail in the general 

discussion.    

1.3.5.2. Endogeneity test 

To investigate possible omitted bias linked to our charity-related poststj variable, we applied Kim 

and Frees’ (2007) generalized method of moments. This technique applies to multilevel models 

without requiring external instrumental variables and is implemented through the R package 

REndo (Gui et al. 2021). It provides a reference random effects model (REF) along with two more 

robust models: the generalized method of moments (GMM) and a fixed effects (FE) model. Both 

tests comparing between REF and FE: x2(11, N = 39,936) = 333.2, p <.001 and between GMM 

and FE: x2(10, N = 39,936) = 333.1, p < .001 are significant. This indicates that there could be 

omitted variable bias. However, the parameters for the three models are analogous to the third 

decimal. This demonstrates that while there might be an omitted variable bias, our results are not 

affected and can be deemed robust. 

1.3.5.3. The moderation effect of fanbase size 

Additionally, we ran a post hoc analysis, with fanbase sizej as a moderator in the link between 

charity-related postsj and engagementj in the sequence “charity-related posts – engagement – sales” 

(i.e., between-subject, or long-term effects). The interaction between fanbase sizej and charity-

related postsj on engagementj is positive and significant (β = 1.24, p < .05). The 95% confidence 
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interval for the index of moderated mediation does not contain 0 (β = 1.1, 95% CI [.17,  2.06]) 

(Hayes and Rockwood 2020); this result indicates that the value of the indirect effect is different 

for different values of the moderators. Accordingly, we probe the indirect effects at different values 

of the moderating variable (Preacher et al. 2007). The long-term indirect effect of charity-related 

postsj on salesj is not significant when fanbase sizej is less than 3, or when artists have less than 

one million Facebook fans. The results are significant when fanbase sizej = 3 (i.e., when artists 

have 1 – 5 million fans, β = 1.67, p < .001), and when fanbase sizej = 4, (i.e., when artists have 

more than 5 million fans, β = 2.77, p < .001). In other words, only when musicians have more than 

1 million fans do their charity-related posts have a positive long-term indirect effect on sales 

through engagement. This effect increases as their fanbase increases.  

1.3.5.4. Robustness check 

To confirm the validity of our measures for engagement and sales, we ran a confirmatory factor 

analysis (CFA) on their respective component factors in the entire dataset. Two composite 

variables were created from their component factors, with each factor being multiplied by its 

respective loading (Lefcheck 2016). We used these new composite variables for sales and 

engagement and replicated our previous analyses with these new variables. All the earlier findings 

were replicated, confirming again H1-H4 and the moderation role of fanbase size (Web Appendix 

G).  

1.4. General Discussion 

1.4.1. Theoretical Implications 

Despite the rich literature on the financial impact of charity initiatives and corporate social 

responsibility (CSR) programs, previous studies have often focused on the direct relationship 

between charity or CSR and performance indicators (e.g., Wang et al. 2008; van Beurden and 
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Gössling 2008; Clacher and Hagendorff 2012; Kang et al. 2016) by accounting for the influence 

of factors such as size, industry (van Beurden and Gössling 2008), marketing capability (Mishra 

and Modi 2016) and geographical differences (Lu et al. 2020). A separate literature has also 

examined charity or CSR engagement on social media (e.g. Kucukusta et al. 2019; Chu et al. 2020). 

This second literature considers engagement as an important goal to achieve so that firms can 

communicate their ethical practices and enhance their reputation. While Saxton and Guo (2020) 

have already discussed the mediating role of “social media capital” in the linkage between  “social 

media presence” and  “organizational outcomes” (Saxton and Guo 2020, p. 2), the current research 

takes an extra step by confirming the sequence charity-related posts → engagement → sales with 

field data. 

Also, previous research on the impact of charity or CSR on financial performance has rarely 

separated short-term from long-term effects, resulting in possible biases.  Some studies find a 

positive impact (Lev et al. 2009; Cai et al. 2012), while others report insignificant (Clacher and 

Hagendorff 2012) or even negative impacts (Sipilä et al. 2021). By analyzing short-term and long-

term effects simultaneously through multilevel mediation (Wang and Maxwell 2015), we provide 

new insights into reconciling previous conflicting results. Indeed, we find that among musicians, 

charity signaling on social media does not have a significant direct effect on sales in either the 

short or the long term. This finding is also confirmed through cross-sectional and longitudinal 

models. Instead, charity signaling has a positive indirect effect on sales through social media 

engagement in the short and long terms. The indirect effect of charity signaling on sales (through 

engagement) is lower than the impacts of other types of signaling in the short term. Yet, in the 

long term, it is higher than other types of signaling, including mission signaling, despite the latter’s 

focus on artists’ core business.  
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While engagement drives sales, the motivations for engagement and sales are not always the 

same. Previous literature examined the impacts of content signals on engagement (Schreiner et al. 

2021) and on sales (Babić Rosario et al. 2016; Yost et al. 2021), as well as the effect of engagement 

on sales  (Yoon et al. 2018). The current research takes the extra step by studying three types of 

constructs (i.e., signals, engagement and sales) in tandem and by comparing their short-term versus 

long-term impacts. 

For charity signaling, authenticity is important for engagement (Wymer and Akbar 2019), 

which impacts sales in the long term. In this case, engagement is linked to self-identification 

(Chapman et al. 2020). In other words, users are engaged with causes supported by musicians in 

order to express their own prosocial identities (Hitlin 2007). Signal authenticity, though related to, 

goes beyond signal reliability (Connelly et al. 2011). It considers the signaler's honesty and the fit 

between the signaler and the signals (Connelly et al. 2011), and it distinguishes the signaler from 

the others (Moulard et al. 2015). Charity signaling could thus be a powerful channel to distinguish 

brands. Previous literature has already examined philanthropy and CSR for brands’ legitimacy 

building (Sánchez 2000; Werther and Chandler 2005). By comparing the long-term impact of 

charity signaling versus other signaling types on sales, we showcase its strategic potential. 

We note that non-mission signaling has significant direct effects on sales in the short and 

long terms, though in opposite directions. That is, the short-term direct effect of non-mission 

signaling on sales is positive, but its long-term direct effect is negative. We explain this surprising 

result by arguing that the authenticity of non-mission related signals may decrease with repetition, 

which is the opposite for charity signaling. Non-mission-related signals can be the positions that 

artists take on different issues, such as their thoughts on current events, politics, sports, or society, 

or simply moments in their own lives. The rarity (Moulard et al. 2015) and spontaneity (Kreling 
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et al. 2022) of such signals, rather than their regularity, may make them more authentic. However, 

the abundance of artists’ messages on their personal lives and experiences over time could make 

the messages come across as planned and framed, which would result in less perceived authenticity 

and lower sales (Kreling et al. 2022).  

Our research also contributes to the non-profit literature. Research on charity donations 

often focuses on the direct connections between the non-profits and their donors (Kumar and 

Chakrabarti 2023). By studying charity-advocating artists, we contribute to the understanding of 

the actors in the non-profit-related network by examining the role of an additional intermediary 

(i.e., supporting artists). The exploration of a finer-grained conceptualization of the different actors 

involved in charity donation is important as non-profit research keeps growing as a field. 

1.4.2. Managerial Implications 

Given the importance of charity signaling on sales, musicians would benefit from making 

it a significant part of their long-term branding strategy. The public’s scrutiny of celebrities (Dieter 

and Kumar 2008; Duvall 2015; Haynes 2014) could make them hesitate to voice their advocacy. 

Even in the short term, when its indirect impact is modest, charity signaling already contributes to 

sales. This contribution becomes much greater over time when the signals are consistent. It should 

be noted that only when artists achieve significant stardom will charity signaling help their 

engagement and sales in the long run. Future research could examine human brands in different 

areas—such as entertainment, fashion and sports—to see whether the findings are valid in other 

contexts and industries. Furthermore, scholars could also examine possible circumstances where 

charity signaling is an effective long-term branding channel for smaller brands.  

Also, while previous literature has stressed the importance of bonding with consumers 

through content marketing (Geng et al. 2020), we show that self-revealing actions by artists should 

be done with care because of their negative impact on sales over time, as their authenticity may 
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weaken in the long term. This is the case observed for non-mission-related signals. For corporate 

brands, the bonding mechanism and authenticity perception might not follow the same pattern 

(Napoli et al. 2014). Authenticity in corporate brands (Södergren 2021) refers to at least one of 

three aspects: brands’ honesty (Morhart et al. 2015), consumers’ emotional attachment to them 

(Beverland 2005) and their history as cultural icons (Holt 2004). Even for humanized corporate 

brands, consumers perceive them through brand stimuli (e.g., logos, slogans and interactions) and 

their own individual inferences (Sharma and Rahman 2022). Thus, future research could 

investigate the long-term impact of non-mission-related signaling among corporate brands. The 

choice of stimuli, decisions on content, interactions and consumers’ expectations could all 

influence perceptions of authenticity over time.  

Our research also has managerial implications for non-profits. Their partnerships with 

celebrities tend to stop at the philanthropic (e.g., Thrall et al. 2008) and transaction (e.g., 

volunteering or cause-related marketing, Thamaraiselvan et al. 2017) levels (Austin and Seitanidi 

2012). Weak partnerships could lead to criticisms of inefficiency (Kane et al. 2009; Dieter and 

Kumar 2008; Duvall 2015). Even though artists have plenty of good will and connections, they 

may lack the necessary expertise on issues and the required magnitude of activism (Alexander 

2013; Bennett 2014;  Haynes 2014). However, with their long-term economic self-interest linked 

to the social good, artists will be more motivated to co-create values with non-profits (Schiller and 

Almog-Bar 2013). In other words, there is potential for higher-level partnerships to ensure 

sustainable results for both artists and charities. Future research could also study options for such 

partnerships. Examples are transformative partnerships (Austin and Seitanidi 2012) or partnerships 

with more than one non-profit or more than one celebrity to maximize each partner’s strengths.   

1.4.3. Future Research Avenues 
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The link between charity advocacy and artists’ long-term economic interests also means 

that non-profits could be in the position to be more selective about co-branding celebrities. In 

addition, smaller non-profits with unique value offerings could also benefit, as artists will need to 

choose the causes they truly care about in long-term partnerships, rather than selecting well-known 

charities for short-term publicity. Such diverse dynamics could also be a promising area for 

research. As artists wish to distinguish themselves in terms of charity advocacy, and as non-profits 

have increasing bargaining powers, the partnerships between these two entities are likely to 

become much more complex in years to come.  

A popular aspect in the co-branding literature is the fit between celebrities and non-profit 

causes because of its effect on perceived authenticity (e.g., Ilicic and Baxter 2014; Park and Cho 

2015). This “fit” could change over time, as continuous active support by celebrities could improve 

perceived fit. Future research could compare the impact of such changes on non-profit donations 

when the fit stays static versus when it changes over time. Here, a strengthening fit, rather than the 

non-changing fit, could indicate the growing influence of a cause, which, in turn, could generate 

more donations. Similarly, the fit could weaken over time, when for example, the celebrities 

change their priorities. In co-branding relationships with more than one celebrity, how might the 

presence of both weakening and strengthening celebrity-cause fits influence donations? Answering 

these questions might help non-profits to better prepare their long-term strategies.  

  While we focus on charity-advocating artists, other scholars could investigate the multi-

actor network which is built around non-profits. For instance, future research could examine the 

role of social influencers for or against a cause, corporate partners, celebrity partners, governments, 

experts, consumers, and of course, non-profits (Van Royen et al. 2022). The examination of topics 

related to multilateral exchanges, benefits and conflicts, network hierarchy, and simultaneous and 
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sequential actions (Bruijn and Heuvelhof 2018) could produce rich findings insights for non-

profits. Future research could also examine how artists can influence the norms linked to a non-

profit (Kumar and Chakrabarti 2023) in the context of diverse and conflicting discourses. The 

impact of artists could become more prominent if they strengthen their partnerships with non-

profits in a way that goes beyond simple awareness-raising. Building such partnerships would 

require that non-profits effectively coordinate the roles of their partners at different stages of their 

relationship over time. 
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Web Appendices 

A. Classification on the human-coded dataset (5,413 posts) 

Table A1: Inter-coder agreement 

Charity Merchandise Explicit selling Show 

97.62% 87.88% 82.30% 81.80% 

 

Table A2: Classification quality of the four constructs using the BERT approach 

Variable Charity Explicit 

Selling 

Show Merchandise 

Precision .98 .83 .83 .78 

Recall .98 .83 .83 .76 

F1 Score .98 .83 .82 .75 

 

An issue of working with Big Data is that it is very time consuming to conduct content analysis 

on hundreds of thousands of social media messages to identify appropriate variables. Thus, we 

used a small dataset (5,413 posts) already classified on the variables of interest, i.e., whether a post 

is related to charity, explicit selling, merchandise, or shows (Nepomuceno et al. 2020), to train 

four respective models. For this, we applied Bidirectional Encoder Representations from 

Transformers (BERT) (Devlin et al. 2019) in Python. We then employed the trained model to 

predict the same variables on the main dataset of 322,589 posts. Compared with many previous 

methods, BERT is superior in its classification quality, thanks to its pre-training model absorbing 

a very large English corpus and its ability to learn information from both the left and right sides of 

a word.  
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B. Correlations of engagement and sales items  

Table 1.B: Correlations of engagement and sales items (after ln transformations) 

 
1 2 3 4 5 6 

1. Reactions 1      
2. Shares .81** 1     
3. Comments .95** .87** 1    
4. Album sales .42** .45** .47** 1   
5. Digital songs .52** .55** .56** .81** 1  
6. Streaming .48** .49** .52** .73** .88** 1 

** p < .01 

Engagement items: α = .94, Composite Reliability (CR) = .96, Average Variance Extracted (AVE) 

= .89  

Sales items: α = .91, CR = .93, AVE = .81 
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C. Measurements and cross-sectional factor analyses 

C1. Engagement (Reactions, shares, and comments after ln transformations) 

Time 20: α = .95, Composite Reliability (CR) = .97, Average Variance Extracted (AVE) = .91; 

Time 40: α =.94, CR = .96, AVE = .89; Time 60: α =.95, CR = .96, AVE = .90; Time 80: α =.94, 

CR = .96, AVE = .89; Time 100: α = .94, CR = .96, AVE = .90. 

C2. Sales (Total album sales, digital songs, and streaming after ln transformations) 

Time 20: α = .91, CR = .94, AVE =.84; Time 40: α = .91, CR = .93, AVE = .82; Time 60: α = .92, 

CR = .93, AVE = .81; Time 80: α = .92, CR = .93, AVE = .82; Time 100: α = .92, CR = .93, AVE 

= .81. 

C3. Five cross-sectional confirmatory factor analyses (CFA):  

We conducted five confirmatory factor analyses for five equally spaced time points for 

engagement and sales, using Laavan in R, with maximum likelihood estimations. The five CFA 

models give good fit indices [Model of Time 20: χ2 (9) = 29.73, p <.001,  CFI = .99, and RMSEA 

= .077; Model of Time 40: χ2 (9) = 7.47, p = .59,  CFI = 1, and RMSEA = .00; Model of Time 60: 

χ2 (9) = 31.86., p < .001,  CFI = .99 , and RMSEA = .08; Model of Time 80:  χ2 (9) = 30.89, p < 

.001,  CFI = .99 , and RMSEA = .08; Model of Time 100: χ2 (9) = 29.02, p < 0.01,  CFI = .99, and 

RMSEA = .076]. The results indicate that the models fit the data adequately (McQuitty 2004). All 

alphas, composite reliability, and AVE scores (See C1 and C2) are above .8.  
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D. Correlation sales and engagement over time 

Table 1.D: Correlation matrix of sales and engagement over time 

 1 2 3 4 5 6 7 8 9 10 

1. Engagement T20 1 
         

2. Engagement T40 .64** 1 
        

3. Engagement T60  .61** .63** 1 
       

4. Engagement T80 .51** .52** .58** 1 
      

5. Engagement T100 .5** .48** .59** .65** 1 
     

6. Sales T20 .58** .49** .48** .46** .44** 1 
    

7. Sales T40 .55** .52** .49** .46** .46** .95** 1 
   

8. Sales T60 .52** .49** .54** .5** .5** .91** .94** 1 
  

9. Sales T80 .49** .48** .52** .58** .56** .86** .89** .93** 1 
 

10. Sales T100 .49** .47** .52** .57** .59** .83** .86** .91** .96** 1 

** p < .01 
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E. Longitudinal measurement invariance  

Table 1.E. Longitudinal confirmatory factor analysis of engagement and sales (6 items) 

across T20, T40, T60, T80 and T100 

Step χ2 df CFI RMSEA SRMR ΔCFI ΔRMSEA ΔSRMR 

Configural 

invariance 

1068.96 355 .965 .072 .045 
   

Metric invariance 1195.79 379 .961 .075 .072 ≥ -.01 ≤ .015 ≤ .03 

 

We conducted longitudinal CFA to confirm the equivalence of the repeated measures over time 

(Widaman et al. 2010). We tested configural and metric invariance by comparing nested models 

over five equally spaced time points of the two latent constructs: engagement and sales (Time 20, 

Time 40, Time 60, Time 80 and Time 100) (Mackinnon et al. 2022; Radanielina Hita et al. 2022). 

We used Laavan in R, with maximum likelihood estimations. In the first step, we estimated the 

factor loadings without constraints. We thus establish the same factor structure across five waves, 

i.e., the same number of latent constructs with the same number of items on each construct 

(configural invariance) (Chen 2007). In the second step, we constrained the factor loadings to be 

equal across five waves. We confirm that the items do not vary in how they represent the latent 

constructs over time (metric invariance) (Chen 2007; Putnick and Bornstein 2016) (See Table E). 
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F. Correlations of constructs in the three models  

Table 1.F: Correlations of constructs considered for the models 

  1 2 3 4 5 6 7 8 9 10 11 12 

1. Engagementti 1 
           

2. Salesti .55** 1 
          

3. Charity-related       

poststi 

.2** .12** 1 
         

4. Mission-related 

poststi 

.6** .22** .13** 1 
        

5. Non-mission-related 

poststj 

.73** .28** .14** .49** 1 
       

6. Fanbase sizeti .58** .82** .14** .18** .29** 1 
      

7. Track volumeti .10** .08** .02** .1** .09** .05** 1 
     

8. Tweet volumeti .69** .78** .14** .35** .44** .77** .10** 1 
    

9. News volumeti .38** .37** .1** .27** .25** .34** .13** .41** 1 
   

10. Experiencei .24** .40** .12** .09** .11** .54** .03** .32** .16** 1 
  

11. Agei .11** .18** .1** .06** .06** .30** .01** .08** .08** .78** 1 
 

12. Total track volumei .34** .53** .13** .1** .19** .63** .08** .45** .21** .78** .57** 1 

** p < .01 
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G. Composite variables for engagement and sales in the robustness check 

We ran a CFA on the respective component factors of engagement (reactions, shares, and 

comments after ln-transformations) and sales (total album sales, digital songs, and streaming after 

ln-transformations) using Laavan in R, with maximum likelihood estimations. The CFA model 

gives good fit indices (χ2 (9) = 1694.85, p <.001, CFI = .99, and RMSEA = .068). Composite 

variables for engagement and sales were created from the sum of the component factors, with each 

factor multiplied by its unstandardized loading. Thus, the composite variable for engagement = 

2.98*shares + 3.195*comments + 4.376*reactions; and the composite variable for sales = 

1.812*total album sales + 2.64*digital songs + 3.009 streaming (Lefcheck 2016).   

In the multilevel mediation model using the newly created composite variables engagement 

and sales, charity-related posts again do not have a significant direct effect on sales in either the 

short or the long term. Mission-related posts have a positive direct relationship on sales in the short 

term (β =1.25, p <.001) but their direct long-term effect is not significant. The direct relationship 

between non-mission-related posts and sales in the short term is positive (β = .47, p <.001), but 

negative in the long term (β =-4.14, p <.01).  

In the short term, charity-related posts have a positive relationship with engagement (β = 7.91, 

p < .001), but the effect is lower than that of mission-related posts (β =13.15, p < .001) and non-

mission-related posts (β =17.43, p < .001).  Also, their indirect effect on sales through engagement 

is positive (β = .33, p < .001, 95% CI [.27, .4]), but lower than that of mission-related posts (β = 

.61, p < .001, 95% CI [.54, .69]) and non-mission-related posts (β = .75, p < .001, 95% CI [.67, 

.84]). 
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In the long term, charity signaling has a positive association with engagement (β = 23.17, p < 

.001). This effect is higher than that of mission signaling (β = 12.11, p < .001) and that of non-

mission signaling (β = 18.13, p < .001). Long-term charity signaling also has a positive indirect 

effect on sales through engagement (β = 3.69, p < .01, 95% CI [1.34, 6.84]). This effect is higher 

than that of mission-related posts (β = 1.93, p < .001, 95% CI [.84, 3.13]) and non-mission-related 

posts (β = 2.89, p < .001, 95% CI [1.27, 4.59]). 

In the moderated mediation model, when fanbase size is the moderator between charity-related 

posts and engagement in the long-term sequence charity-related posts – engagement – sales, the 

interaction between fanbase size and charity-related posts on engagement is positive and 

significant (β = 13.32, p < .05). The 95% confidence interval for the index of moderated mediation 

does not contain 0 (β = 1.1, 95% CI [.17,  2.06]) (Hayes and Rockwood 2020). The long-term 

indirect effect of charity-related posts on sales is not significant when fanbase size is less than 3, 

or when artists have fewer than one million Facebook fans. However, it is significant when fanbase 

sizej = 3 (i.e., when artists have 1 – 5 million fans, β = 13.05, p < .001), and when fanbase sizej = 

4, (i.e., when artists have more than 5 million fans, β = 21.51, p < .001).  

 

 

 

 

 



Chapter 2 :  

Antecedents and consequences of complaint types – a field study on 

service failures in the airline industry 

Abstract 

We applied a deep learning model to interpret two types of complaints in service failures: 

conciliatory complaints, which sought solutions and were open to compromises, and vigilant 

complaints, which aimed to punish the firms. We then examined the real financial impact of 

vigilant complaints and analyzed the antecedents of the two types of complaints, thus validating 

them and helping to prevent the occurrence of vigilant complaints in the future. Furthermore, by 

applying resource literature in the context of service failures, we help firms to develop long-term 

approaches in the relationship with customers with the latter’s well-being at the center. 
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2.1 Introduction 

For the airline industry, causes of service failures are diverse, e.g., cancelled and late 

flights, lost luggage, food poisoning or airline staff rudeness. Some of them became so serious 

that they even ended up in the news headlines. ‘My daughter has a brain tumour but Ryanair 

refuses to refund our flights’ or ‘Help! My Lost Luggage Wasn’t Delivered for 12 Days. I Want 

Restitution’ are among the examples. Large volumes of daily passengers and flights unavoidably 

also mean more risk of service failures. Understanding the nature of the complaints is vital to 

protect the relationship of these complainers. This context allows us to examine multiple factors 

and different stages of the relationship between firms and customers.  

From the perspective of the resources of these customers, due to different circumstances 

and personal characteristics (Hobfoll et al. 1990), service failures affect them differently. The 

amount of emotional and psychological resources customers lose during the experiences might 

be different; this situation influences how customers complain and make decisions to recover their 

lost resources or not to lose any more of their resources. In this light, vigilant complaints, which 

seek to punish the firm, and conciliatory complaints, which seek solutions with the firm, are two 

different mechanisms of using resources. 

Furthermore, in terms of consequences of complaints, literature on service failures 

measured the harm of customer anger through perceived negative word-of-mouth (Grégoire et al. 

2010) and purchase intention (Cai and Qu 2018). Consequences of service recovery include 

satisfaction with the recovery and customer churn probability (i.e., the probability that they will 

stop using the firm’s products or services) (Van Vaerenbergh & Orsingher, 2016; Stakhovych & 

Tamaddoni, 2020). However, vigilant complaints should drive “real" loyalty in the post-

compensation period, and the extent of change in “real” behaviors is still an under-researched 
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issue. This requires linking two stages—complaint and post complaint—with each other as well 

as using real behavior data. Here, recent editorial and systematic reviews note that the usage of 

quantitative metrics are rare and much needed in this literature (Khamitov et al., 2020).   

Previous literature has also described certain characteristics of these two types of 

complaints (Grégoire et al. 2019) and factors driving customers’ desire to retaliate against the 

firm, including violation of relationship norms (Grégoire and Fisher 2008), employee failures 

(Obeidat et al. 2018) and contract breaches (Obeidat et al. 2018). However, discrepancies exist 

among the findings, due to choice of models (Grégoire et al. 2010) and cultural elements (Obeidat 

et al., 2018), among others. It is also not known how these factors compare with each other, as it 

is possible that some could overshadow the others as they are closely related.  

 In this essay, we focus on two main research questions (1) What are the consequences of 

vigilant complaints on consumer loyalty, measured objectively? (2) What are the antecedents of 

the complaint types? By answering the first question, we will help researchers and firms to 

understand the long-term impacts of vigilant complaints after service recovery. The second 

question examines in details diverse factors that might influence how complainers decide to use 

their resources in the complaint process. 

 Thus, our research makes two main contributions. First, to the best of our knowledge, we 

believe that this is the first time two types of complaints are linked to an objective measure with 

real financial impacts. Our dependent variable is purchase value in dollars, which is the product 

of loyalty point redemption frequency (i.e. the number of redemption transactions) and the value 

in dollar per redemption transaction. Redemption regularity increases later purchase amounts and 

purchase incidences (Dorotic et al. 2014) and retains consumers in the loyalty program (Danaher 

et al. 2020). In other words, purchase value allows us to capture both the level of consumer loyalty 
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and its financial magnitude. Confirming this link helps us to materialize the financial and 

relational impacts of vigilant complaints. 

 Second, we examine the antecedents leading customers to become vigilantes or 

conciliators. This allows us to validate the two complaint types. Specifically, we prove that the 

two types of complaints are distinct from each other, as factors associated with them are also 

distinct. Further, we measure different factors alongside each other, making it possible to contrast 

their importance in leading to vigilant or conciliatory complaints. Last, identifying key factors in 

the complaining process will also prevent the occurrence of vigilante complaints. 

Our research also has important managerial implications. Measuring financial risks of 

vigilant complaints allows managers to estimate properly their importance in the firm’s 

performance. Furthermore, by using a well-being perspective for service failures and recovery, we 

not only help firms to reduce the number of vigilant complaints, but also identify ways for firms 

to protect consumers’ resources. Thus, firms could maintain relationships with these consumers in 

the long term and contribute to the community’s well-being in the same process. Examples include 

paying attention to vulnerable consumers or different elements that make certain customers more 

vulnerable to the depletion of resources. Lastly, the complex dynamics of different factors in their 

relationships with vigilant complaints (i.e. the failure stage) and later purchase value (i.e. the post-

recovery stage) give firms more knowledge to prioritize factors effectively at different stages of 

the customer experience.    
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Figure 2-1: The antecedents and consequence of vigilant complaints vs. conciliatory 

complaints 

 

2.2. Theoretical background and hypotheses 

2.2.1. Conciliatory and vigilant complaints 

Methodologies on complaints mainly focused on distinguishing negative, neutral and 

positive text, with negative eWOM considered complaints (Vermeer et al. 2019; Herhausen et al. 

2019). Some scholars also paid attention to certain aspects of complaints, e.g., high versus low-

arousal words (Herhausen et al. 2019) and outcome-focused versus process-focused complaints 

(Gunarathne et al. 2018).  

In this research, we focus on two different types of complaints: conciliatory and vigilante 

complaints. Conciliators refer to those who attempt to ameliorate the situation (Grégoire et al. 

2019), are supportive (Weitzl and Hutzinger 2019) and are interested in maintaining relationships 
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(Ringberg et al. 2007). The vigilantes are unforgiving (Weitzl and Hutzinger 2019) and 

adversarial (Ringberg et al. 2007).  

Conciliators are often amenable, try to resolve the problem with the relevant firm and gain 

tangible results (Ringberg et al. 2007; Beverland et al. 2010). Their main purpose is regaining 

justice for themselves and other consumers (Beverland et al. 2010). They are interested in service 

recovery and tend not to seek punishment on firms (Grégoire et al. 2019). Thus, the likelihood 

that they will reach a solution with the firm is also higher.  

The complainers of the second type, vigilantes, however, seek personal and public 

revenge. They feel that the firm betrayed their trust and they need to punish that firm (Ward and 

Ostrom 2006) with their vocal resistance (Ringberg et al. 2007). The wish to hurt the brands could 

also come from ideological or symbolic conflicts (Aziz and Rahman 2022). More upfront than 

the conciliators, vigilantes tend to show strong negative feelings in their communications with 

the firm.    

Furthermore, the desire to revenge (Grégoire et al. 2009) makes vigilant complainers 

willing to hurt the brands both in the short and long terms (Fetscherin 2019). Emotions linked to 

active hate (i.e., anger, disgust and contempt) (Aziz and Rahman 2022) drive them to aggressive 

actions against the brands, notably negative WOM (Aziz and Rahman 2022). Seeing their mission 

as punishing the wrong-doers for the public good (Grégoire et al. 2019), they could go beyond 

avoiding the brands (Grégoire et al. 2009) to invite the others join in the actions, thus potentially 

greatly harm a brand’s interests (Simon 2011). 

While both see their courses of action as morally justified, conciliators consider 

themselves to be more moral, as they do not seek revenge (Grégoire et al. 2019). Those who adopt 

the conciliatory approach often use a more formal writing style than the vigilante, more often use 
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the pronoun “I” and the past tense and are less likely to blame the firm for the failures (Grégoire 

et al. 2019). Vigilante complainers use a less formal writing style, are more likely to blame the 

firms and use the pronoun “you” and the present tense. 

2.2.2. Vigilant and conciliatory complaints through the lenses of resources 

Resources are tangible or intangible “units” (Hobfoll 2002) that hold value, and such 

resources could be material (e.g., money), social (e.g., social support or status) or psychological 

(e.g., self esteem) (Hobfoll 1989). Loss of resources leads to stress, distress, and anger (Hobfoll 

et al. 1990). Individuals are therefore motivated to obtain and protect their resources. Vigilant and 

conciliatory complainers adopt different strategies. Vigilant complainers stop devoting their 

resources to the firm altogether and encourage others to do the same; conciliatory complainers 

invest “resources” in the firm with the hope to regain their losses (Doane et al. 2012).  

From this perspective, by retaliating against the firm, vigilant complaints try to regain 

equity in invested resources between them and the transgressor (Adams and Freedman 1976) and 

take away the resources from the firm. Perceived losses of resources often affect individuals more 

deeply than the gain of the equivalent amount of resources (Doane et al. 2012). Thus, vigilant 

complainers are willing to go for less ideal options (e.g., by switching to a more expensive 

competitor), as the satisfaction from the revenge offsets the material loss (Bechwati & Morrin, 

2003).  

Conciliatory complainers, instead, adopt a pragmatic approach, relying on the firm’s 

social support (Hobfoll et al. 1990). An example of the relationship between social support and 

personal resources is a research on patients with breathing disorders (Hobfoll et al. 1990). As the 

disorder symptoms became more serious, the patients felt the loss of resources and became hostile 

to their nurses, leading to a deterioration in the relationship with these careers. To regain the 
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support of the nurses, these patients made efforts to be less angry, and as a result, received more 

help and social support.  

Thus, conciliatory complainers are prepared for compromises to achieve solutions. In this 

case, they appeal to the support of the firm to protect their resources (Hobfoll et al. 1990). This 

investment is expected to help them to regain personal resources (Hobfoll et al. 1990). However, 

the other side of this investment is that if their efforts do not lead to expected results, they will 

lose even more resources (Doane et al. 2012) and could end up becoming vigilant.  

2.2.3. The consequence of vigilant complaints  

In this research, we use change in purchase value, which is the product of change in 

redemption frequency and the average value in dollar per redemption, as the consequence of 

vigilant complaints. Redemption frequency, i.e., how often one redeems loyalty points, is an 

important measurement of consumer loyalty programs. In the short term, decisions to redeem 

points lead to a later increase in the number of purchase occasions and purchase amounts (Dorotic 

et al. 2014). In the long term, redemption regularity encourages customers to maintain their active 

state in the loyalty program, (e.g., by expanding purchases to the firm’s partners), thus helping 

firms to retain these customers (Danaher et al. 2020). We combine redemption frequency with 

the average value in dollars to measure both consumer loyalty and its financial impact.  

Vigilant complainers are more likely to retaliate than conciliatory complainers are, due to 

the feeling of being betrayed (Grégoire and Fisher 2008). They will thus go through different 

routes to punish the firm and make the relationship even between the two parties (Adams and 

Freedman 1976), such as through negative words of mouth or complaining to the third party 

(Grégoire et al. 2018). In other words, they will take away the resources of the firm to make up 

for their lost resources. Apart from calling on other people, they themselves will reduce the 

engagement with the firm and their dependence on these services.  
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Furthermore, harboring anger puts stress on the vigilant complainers (Hobfoll et al. 1990). 

To conserve their resources ( Hobfoll et al., 1990), they could limit their own engagement with 

the firm. From their perspective, the risk of being reminded of negative emotions and possibly 

repeating the same unpleasant experiences outweighs the consumption benefits. Being more 

affected by resource loss, vigilant complainers will also be more selective in their future 

investment of resources (Doane et al. 2012). However, being defensive could also make their 

decisions irrational (Doane et al. 2012). 

H1: Vigilant complaints will have more negative effect than conciliatory complaints on future 

purchase value in dollars. 

2.2.4. Antecedents of complaint types 

2.2.4.1. Failure types 

Failure types identify intrinsic and situational characteristics of service failures which influence 

how consumers perceive them. As we discuss below, previous literature has long studied 

separately process-based and result-based failures, double deviations and to some extent moral-

based failures, although how they drive different complaint types and how they appear alongside 

each other is not yet known. Group actions received much less attention, as field data are needed 

to identify the real size of a group of affected consumers.  

2.2.4.1.1. Process-based failures 

Process-based failures are related to the experience(s) of a complainer—i.e., how they 

received a service (Smith et al. 1999). Rather than actual outcomes, interpersonal elements of 

experiences often lead to stronger revenge desires of customers (Bechwati and Morrin 2003). 

Perceptions of the experiences themselves are relational, contextual, and introspective (Katja 

Wiemer-Hastings and Xu 2005) and this tension drains people’s resources (Curci et al. 2013). 

Poor customer treatment is also perceived as being controllable (Choi and Mattila 2008), 

due to integrity or competence issues. When the failures are related to integrity, they are 
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intentional, and will be considered major violation of trust (Kim et al. 2004). And even when they 

are perceived to be related to staff competence (e.g., impoliteness due to lack of training), the 

controllability of these types of failures makes customers more likely to resent the firm for the 

harm (Choi & Mattila, 2008), as they see the failures as evidences of the broken social contract 

between them and the firm (Weiner et al. 1987), which expects the commitment of adequate 

resources. Accordingly:    

H2: Process-based service failures are more positively associated with vigilant complaints than 

with conciliatory complaints. 

2.2.4.1.2. Outcome-based failures 

Outcome-based failures are related to what the customers received (Smith et al. 1999). 

The loss is based on single transactions, and it reflects an exchange relationship (Aggarwal 2004). 

The failure is thus not viewed as psychological loss and consumers are more likely to try to get a 

concrete and tangible solution with the firm. Furthermore, reasons behind outcome-based failures 

can be diverse and not necessarily always attributed to the firm (e.g., due to the third party or 

other uncontrollable factors like bad weather or safety concerns). This ambiguousness makes it 

more difficult for customers to justify to themselves their own anger. Unless there are evidences 

that the firm or their employees were intentional, to save their own resources (Curci et al. 2013), 

complainers are likely to be more focused on the final results.    

H3: Outcome-based service failures are more negatively associated with vigilant complaints than 

with conciliatory complaints. 

2.2.4.1.3. Group action 

A larger group involves more social state, relational factors, and complex psychological 

characteristics, in comparison with a smaller group. The composition of a larger group is often 



72 

 

more complicated than a smaller group, e.g., including people of different age and issues. A larger 

group also means more diverse relationships among members. All these factors lead to more 

challenges if a service failure occurs. Emotion contagion leads to more anger in a group failure 

(Du et al. 2014), as individuals reinforce emotions of their companions. Furthermore, the more 

similar the emotions among the group members, the stronger the reinforcement will be. All these 

combined factors lead to a greater load on the resources of the complainer, making them more 

likely to be vigilant.  

H4: Number of people affected in a service failure is more positively associated with vigilant 

complaints than with conciliatory complaints. 

2.2.4.1.4. Moral-based failures 

Moral-based transgressions, representing violations of social norms, are serious and also 

often behind calls for brand boycotts (Glazer et al. 2010). Even outsiders, who are economically 

unaffected by the transgressions, feel the need to punish norm violators and restore justice, 

sometimes even at their own expense (Leliveld et al. 2012), i.e. by sacrificing a little of their own 

resources. And for those who are directly affected, being vigilant also means protecting the others 

in future similar situations (Grégoire et al. 2019b).  

In addition, moral transgressions hurt the victims’ self-esteem and efforts to forgive the 

firm exhaust their self-regulatory resources (Baumeister et al. 1998). Being willing to 

compromise could lead to the same transgression happening to them again (Zhang et al. 2023). 

In other words, even when social relations between these consumers and the firm are important 

Hobfoll et al., 1990), these consumers face difficulties devoting cognitive resources to regulate 

their emotions and behavior (Bies et al. 2016). Instead, due to ego depletion (Baumeister et al. 

1998), they could turn to more destructive courses (Bies et al. 2016).  
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H5: Moral-based service failures are more positively associated with vigilant complaints than 

with conciliatory complaints. 

2.2.4.1.5. Double deviation  

Double deviation refers to failed service recovery or multiple service failures (Khamitov 

et al. 2020). Failed recovery leads to eroded trust (Basso and Pizzutti 2016) between the firm and 

the consumers. The longer the process lasts (Baumeister et al. 1998), the more emotional and 

cognitive resources the complainer needs to cope with the growing stress (Suresh and Chawla 

2022). The complainer, having invested resources in the hope of a satisfactory solution, become 

more and more disillusioned. Compared with single deviation, double deviation intensifies 

frustration and anger (Basso and Pizzutti 2016). As the recovery process prolongs, consumers’ 

love could turn into hate and desire to revenge (Grégoire et al. 2009). 

H6: Repetitive characteristics of double deviation are more positively associated with vigilant 

complaints than with conciliatory complaints. 

2.2.4.2. Relational factors 

Furthermore, depending on their current ties with the firm, customers are likely to assess their 

experiences against different benchmarks. Previous service failure literature often examined the 

relationship between the customers and the firm from the customers’ subjective perspective (e.g., 

high or low level of relationship, Grégoire and Fisher 2008). Our data allowed us to analyze instead 

objective measures, i.e., whether a customer was currently in the loyalty program, and if that was 

the case, their rankings in this program. These allow the findings to go beyond subjective variations 

and be more feasible for managerial implications.  
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2.2.4.2.1. Loyalty program membership 

Human beings have the need of belonging to a group or community, as it helps them feel 

that they are part of a larger body that goes beyond their own limitations and boundaries and gives 

meaning to their life (Lambert et al. 2013). People forgive more easily transgressions committed 

by ingroup members than those committed by people outside their group (Zourrig et al., 2015; 

Wohl & Branscombe, 2009). These social resources from belonging make complainers more 

likely to be cautious about attacking the firm. Furthermore, loyalty program members are likely 

to have more experience with the firm and have more knowledge of compensation policies than 

non-members. They are, thus, more likely than non-members to seek a beneficial solution, and 

this knowledge, also a type of resources, allows them to invest to gain new resources more 

effectively than non-members (Doane et al. 2012)..  

H7: Being loyalty members (vs. not being loyalty members) is more negatively associated with 

vigilant complaints than with conciliatory complaints. 

2.2.4.2.2. VIP status 

The high ranks in the loyalty system confirm these members’ social standings and their 

self-identity. As the relationship gives them social and economic benefits, higher ranked 

customers are more likely to avoid hurting the brand than those who receive fewer benefits. From 

the perspective of psychological contracts (Cullinane and Dundon 2006), high-ranked customers, 

with more ties with the firms, will feel that they have more unspoken obligations in the 

relationship than low-ranked customers.   

As it also takes more investment of resources to be promoted to higher ranks, from the 

perspective of conservation of resources (Roskes et al. 2013), it will take more for higher-ranked 

members to go against the brand, as they invested more resources in the relationship than lower 
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ranked members. Lower-ranked members have less to lose, as they decide to leave relationship. 

Also, people with more resources are less likely to suffer from resource loss and are also more 

capable of regaining resources (Doane et al. 2012). In other words, higher-ranked consumers 

should be less affected than low-ranked customers even when faced with similar service failures, 

as they are likely to have more coping options. 

H8: Among loyalty members, higher-ranked members are less likely than lower-ranked members 

to send vigilant complaints. 

2.3. Methodology  

2.3.1. Study 1: The consequence of vigilant complaints 

2.3.1.1. Propensity score matching and difference in difference 

 To identify vigilant and conciliatory complaints, we used a Transformer model, developed 

by Meire et al (2024). Thanks to the advanced architecture of the model, it could identify different 

relationships between words in the same sentence, making it a better performer in textual 

classification than its predecessors. This model was trained on 5,830 public complaints, which 

were collected from different platforms and manually coded into vigilant and conciliatory 

complaints. Appendix A includes a codebook for coders to identify vigilant and conciliatory 

complaints on Twitter, one of the above-mentioned platforms. The accuracy of the model on the 

training dataset is .82 and its the area under the receiver operator curve (AUC) is .9.  The accuracy  

indicates the total percentage of correctly classified complaints (both vigilant and conciliatory 

complaints). AUC evaluates classification performance across vigilant as well as conciliatory 

complaints and is robust to imbalance issues of the data.  
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We used this model to classify 1,293,453 English complaints sent to a North American 

airline company in 2019, 2022 and the first five months of 2023 into vigilant and conciliatory 

complaints. Of these complaints, 34,139 are vigilant, or only 2.6% of all the sample. 

Recovery types include mileage, promotion codes, giftcards, vouchers, ecoupons or credits 

and cash or refund, all being count variables. Mileage indicates the number of occasions loyalty 

points are offered as compensations, promotion codes (i.e., the number of codes given, giftcards, 

vouchers, ecoupons or credits), the number of times giftcards, vouchers, ecoupons or credits 

provided, cash or refund (i.e., the number of direct money transfer or refund actions).  

The categories of service failures were identified based on the available categories that the 

customers chose when filing the complaints. These are all dummy variables. The variables related 

to process-based failures are service at airports, service onboard, delays and other experience 

issues. The variables related to result-based transgression include damaged bags, missing bags, 

shipped equipment issues, other bag issues, refund requests and call center and customer support. 

We also examine whether a complaint is related to a disability issue (e.g., accessibility or service 

animal problem) or a disability type (e.g., impaired vision), and consider such cases to be related 

to moral-based failures. 

Apart from these categories, we also consider factors related to double deviation (i.e., 

enumeration of complaints over the same flight, count of complaints of the same flight from the 

same consumer and whether a complaint is a duplicate of a previous complaint). The number of 

people affected represents the group action concept. We also use dummy variables for loyalty 

membership (i.e. whether the complainer is a loyalty member) and different membership groups 

(i.e. whether a loyalty member is a bottom tier member or a lower mid-tier, upper mid-tier, top 

tier level member). All the levels above the bottom tier represent the VIP status. Other variables 



77 

 

that we collected on the consumers and their relevant flights are control variables. Table 2-1 

explains the variables we use for study 1 and study 2. 

 

 

 

 

Table 2-1: Definitions of variables  

Variables Definition 

Vigilant complaint Complaint type: vigilant (1) vs conciliatory (0). 

Change in redemption 

frequency 

The difference between the total number of transactions of redemption of loyalty 

points during 12 months after a complaint was sent and that during 12 months 

before a complaint was sent 

Purchase value change in 

dollars 

The product of change in redemption frequency and the value in dollars per 

redemption7.  

Mileage (loyalty points) Count of separate loyalty point offers for the complainer and their trip 

companions. 

Promotion codes Count of separate promotion codes for the complainer and their trip companions. 

Giftcard, voucher, ecoupon 

or credit 

Count of separate giftcards, vouchers, ecoupons or credits for the complainer and 

their trip companions. 

Cash or refund Count of separate direct money transfer or refund actions for the complainer and 

their trip companions).  

Service at airport  Whether a complaint is related to service issues at the airport (1 or 0) 

Service onboard Whether a complaint is related to service issues onboard (1 or 0) 

Delays Whether a complaint is related to flight delay issues (1 or 0) 

Other experience issues Whether a complaint is related to other experience issues (1 or 0) 

Missing bags Whether a complaint is related to missing luggage issues (1 or 0) 

Damaged bags Whether a complaint is related to damaged bags (1 or 0). 

Shipped equipment issues Whether a complaint is related to shipped equipment issues (1 or 0). 

Other bag issues Whether a complaint is related to other luggage issues (1 or 0). 

Refund requests Whether the consumer requests refunds in the complaint (1 or 0). 

Call center and customer 

support 

Whether the consumer makes requests related to the call center or customer 

support section (1 or 0). 

Number of people affected The number of people affected in the incident 

Disability-related Whether a complaint is related to support for people with disability (1 or 0) 
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Variables Definition 

Enumeration of complaints 

over the same flight 

Enumeration of complaints over the same flight until that time  

Count of complaints of the 

same flight from the same 

consumer 

The total number of all the complaints over the same flight from the same 

consumer 

Duplicate complaints  Whether a complaint contains similar contents to another one (1 or 0). 

Member (vs being non-

member) 

Whether a complainer is a member of the firm's loyalty program (1 or 0). 

Top tier Whether a complainer is a loyalty member belonging to top tier, i.e., the highest 

level (1 or 0). 

Upper mid-tier Whether a complainer is a loyalty member belonging to the upper mid-tier (1 or 

0). 

Lower mid-tier Whether a complainer is a loyalty member belonging to the lower mid-tier (the 

level only higher than the bottom tier) (1 or 0). 

Temperature of the 

destination location 

The temperature of the destination location at the landing time of the flight in the 

complaint 

Precipitation rate of the 

destination location 

The precipitation rate of the destination location at the landing time of the flight 

related to the complaint 

Temperature of the 

departure location 

The temperature of the departure location at the take-off time of the flight related 

to the complaint. 

Precipitation rate of the 

departure location 

The precipitation rate of the departure location at the take-off time of the flight 

related to the complaint. 

Month of the complaint The month the complaint was sent 

Year of the complaint The year the complaint was sent 

Female ratio of the traveling 

group 

Ratio of female passengers in the traveling group under the same reservation  

Ratio of unidentified gender 

of the traveling group 

Ratio of passengers of unidentified gender in the traveling group under the same 

reservation  

Complainer being of 

unidentified gender  

Whether the complainer is of unidentified gender (vs other genders) (1 or 0) 

Daily journey duration in 

the last three years 

Total duration of journeys (including both flight and connection time) during the 

last three years, until the complaint was sent, in minutes divided by 365*3 

Duration of the journey 

related to the complaint 

Duration of the journey (in minutes) related to the complaint including both flight 

and connection time 

Minimum age among 

passengers traveling in the 

group 

The minimum age among passengers traveling under the same reservation 

Ticket costs  The total costs of tickets bought under the same reservation 

Number of tickets The total number of tickets bought under the same reservation 

Case duration The length in days from when a complaint was sent until it was resolved 
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Variables Definition 

 Number of days affected by 

COVID 

Number of days during the period in consideration (i.e. from 12 months before 

until 12 months after the complaint) when COVID-related travel restrictions were 

in effect. 

 

  As clarified earlier, we use purchase value in dollars as the dependent variable. This value 

is the product of redemption frequency and the average value in dollar per redemption6. 

Redemption frequency is defined as the number of transactions a consumer conducted to redeem 

their loyalty points during a period of time. In this study, we included only observations of loyalty 

members, because only they could redeem loyalty points. Also, as we measured the purchase value 

change one year after the complaints versus one year before the complaints, we could only include 

complaints which were sent at least one year before the latest redemption date (i.e. November 30, 

2023). The number of complaints meeting these conditions is 70,809 (see descriptive statistics data 

in Appendix 2.B). 

As we did not include observations with missing information, we have the bias risk due 

to self-selection (De Haan et al. 2018). Thus, we used the propensity score matching approach, 

by matching observations from the vigilant group (i.e., the treated group) with  those from the 

conciliatory group (i.e., the untreated group) with similar distributions of covariates (Austin 

2009). We did this by running a multivariable logistic regression on the group of the vigilant 

complaints and that of conciliatory complaints using all the variables available before a complaint 

was launched, with the calipers of width of .2 of the standard deviation of the propensity score, 

as recommended by Austin (2011).  The assessment of the balance of the distribution of covariates 

using standardized mean differences (Zhang et al., 2019) indicates that the covariates of the two 

 
6 We do not disclose the exact amount of value in dollars per redemption to protect the anonymity of the firm in our 

research. It is in the range of 25 to 100 dollars. 
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vigilant and conciliatory groups after propensity score matching have good balance, and this 

balance is also much better than that of the original dataset (see Appendix F for details).  

We combined propensity score matching with difference in difference approaches to 

establish the causal impact of complaint types on purchase value change between one year before 

and one year after a complaint was sent (Goldfarb et al. 2022). The highest VIF score among the 

variables is 3.61, well below the threshold of 5, indicating no multicollinearity issue.  

Table 2-2 shows the results of the mixed-linear regressions on the original sample (N= 

70,809, with 1.31 observations per customer and 1,914 vigilant complaints) and the propensity 

score matched sample (N = 55,882, with 1.27 observations per customer and 1,914 vigilant 

complaints).  We will refer to the original sample as the before-correction sample, and to the 

propensity score matched sample as the after-correction sample. We include in these two 

regressions all the variables previously used for the logistic regression, together with 

compensation types: mileage (M = .02, SD = .17), promotion codes (M = .33, SD = .51), gift cards, 

vouchers, ecoupons or credits (M = .23, SD = .46) and cash or refund (M = .3, SD = .65), the main 

independent variable - vigilant complaints (M = .03, SD = .18) and the dependent variable - 

change in purchase value (M = 146.67, SD = 836.34). 

Table 2-2: Mixed linear regression on change in purchase value among members before and 

after propensity score matching  

Concept 
  Before correction After correction 

 
Construct β t value β t value 

 
Vigilant complaint  -37.18 -2.03* -35.49 -2.02* 

Recovery types 
Mileage (loyalty points) -36.12 -2.03* -37.8 -2.04* 

 
Promotion codes -3.32 -0.53 2.18 0.32 

 
Giftcard, voucher, ecoupon or 

credit 

-17.77 -2.42* -14.94 -1.97* 

  
Cash or refund -9.63 -1.96* -9.67 -1.77 . 

Process-related 

failures 

Service at airport  -8.7 -0.63 -8.54 -0.63 
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Concept 
  Before correction After correction 

 
Service onboard -12.83 -0.91 -14.39 -1.02 

 
Delays -5.94 -0.49 -10.52 -0.86 

  
Other experience issues -0.95 -0.06 0.67 0.04 

Result-related 

failures 

Missing bags -60.1 -3.18** -67.42 -2.9** 

 
Damaged bags -42.18 -2.64** -50.16 -2.01 

 
Shipped equipment issues -29.57 -0.88 -46.35 -1.17 

 
Other bag issues -22.42 -1.58 -19.89 -1.26 

 
Refund requests -8.17 -0.61 -5.97 -0.39 

 
Call center and customer 

support 

-15.3 -1.09 -29.51 -2.03* 

Group actions Number of people affected -19.41 -4.14*** -21.05 -4.43*** 

Moral-based 

failures 

Disability-related 3.53 0.08 -13.81 -0.33 

Double deviation  
Enumeration of complaints 

over the same flight 

7.06 1.74 5.88 1.3 

 

Count of complaints of the 

same flight from the same 

consumer 

-3.59 -0.94 -3.78 -0.93 

 
Duplicate complaints  -3.26 -0.21 0.5 0.03 

VIP status Top tier 415.64 38.34*** 384.71 32.99*** 

 Upper mid-tier 175.11 19.79*** 166.33 17.32*** 

 
Lower mid-tier 39.83 4.05*** 35.76 3.43*** 

 
Temperature of the destination 

location 

-0.54 -2.2* -0.3 -1.13 

Control variables 
Precipitation rate of the 

destination location 

1.1 0.34 1.97 0.6 

 
Temperature of the departure 

location 

-1.13 -4.85*** -1.11 -4.41*** 

 

Precipitation rate of the 

departure location 

13.5 3.81*** 1.06 0.26 

 
Month of the complaint -23.11 -22.78*** -22.3 -20.32*** 

 
Year of the complaint 81.22 31.52*** 79.71 29.16*** 

 

Female ratio of the traveling 

group 

-32.89 -4.07*** -29.07 -3.36*** 

 

Ratio of unidentified gender of 

the traveling group 

-44.99 -0.26 -8.39 -0.05 

 

Complainer being of 

unidentified gender  

-3.23 -0.14 0.01 0.0004 

 

Daily journey duration in the 

last three years 

-4.47 -28.09*** -4.23 -26.02*** 

 

Duration of the journey related 

to the complaint 

0.01 6.21*** 0.01 5.27*** 

 

Minimum age among 

passengers traveling in the 

group 

-1.2 -6.12*** -1.25 -5.92*** 

 
Ticket costs  0.01 6.49*** 0.01 6.6*** 

 
Number of tickets -7.8 -6.64*** -7.58 -5.68*** 

 
Case duration 0.06 0.81 0.04 0.59 

 

Number of days affected by 

COVID 

0.12 3.68*** 0.1 2.85** 

  
Intercept  -163770 -31.47*** -160723.4 -29.11*** 
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Concept 
  Before correction After correction 

  
BIC 1145936 899613.9 

 

Vigilant complaints in the before-correction sample (β = -37.18, p < .05) and that in the 

after-correction sample (β = -35.49, p < .05) both have a negative relationship with change in 

purchase value. In other words, vigilant complaints lead to a reduction in purchase value (H1 

confirmed). We also found similar results when we ran linear regression on the before and after 

correction samples (See results of linear regression for the two samples in Appendix C). The 

following findings are based on the results of the after-correction sample. 

 Among the recovery types, mileage (β = -37.8, p < .05) and giftcards, vouchers, ecoupons 

or credits (β = -14.94, p < .05) have negative direct effects on change in purchase value, while 

promotion codes and cash or refund have no significant effect.  

 For the before-correction model, BIC is 1,145,936, AIC is 1,145,551, and log 

likelihood is -572,733.5. For the after correction model, BIC is 899,613.9, AIC is 899,238.8 and 

log likelihood is -449,577.4 

2.3.1.2. Robustness checks 

2.3.1.2.1. Endogeneity test 

 To test for omitted bias on a multilevel model without external instrumental variables, we 

use Kim & Frees' (2007) generalized method of moments, using the R package REndo (Gui et 

al., 2023 ; Nguyen et al., 2023). This approach produces three tests comparing among the 

reference random effects (REF), the generalized method of moments (GMM) and the fixed effects 

(FE) models, with vigilant complaints being the endogenous regressor. All the three tests are not 

significant. Specifically, for the test between REF and GMM, x2(4, N=55,882) = 2.23, p =.69. 

The result of the test between FE and REF is  x2(40,N =55,882) = 29.35, p = .89 and the one 
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between FE and GMM is x2(39,N =55,882) = 29.35, p = .87). This indicates no significant omitted 

variable bias.   

2.3.1.2.2. Interactions 

 We tested for interactions between complaint types and compensation types on the after 

correction sample (Table 2-3). When we used mixed linear regression, we found no significant 

interaction. However, when we tested interactions using linear regression between vigilant 

complaint and giftcards, vouchers, ecoupons or credits, this interaction is positive (β = 75.67, p 

<.05). Nevertheless, as we choose mixed linear regression as our main approach, we cannot make 

interpretations from this finding. Mixed linear regression allows us to account for the hierarchical 

nature of the data. In this sample, with many customers complaining more than once (1.27 

complaints per customer in the after-correction sample, as earlier indicated), this approach 

considers the customers as a grouping variable.  

Table 2-3: Mixed linear regression vs linear regression on change in purchase value with 

interactions 

   Mixed linear Linear 

 
Construct β t value β t value 

 
Vigilant complaint -34.79 -1.35 -51.44 -1.84 . 

Recovery 

types 

Mileage (loyalty points) -34.93 -1.84 . -22.87 -1.1 

 
Promotion codes 4.06 0.59 2.64 0.35 

 

Giftcard, voucher, ecoupon or 

credit 

-17.66 -2.28* -18.10 -2.15* 

  
Cash or refund -10.40 -1.88 . -15.95 -2.69** 

Process-

related 

failures 

Service at airport  -8.13 -0.6 -9.88 -0.67 

 
Service onboard -14.22 -1 -19.14 -1.26 

 
Delays -10.30 -0.84 -10.82 -0.81 

  
Other experience issues 0.94 0.06 5.15 0.3 

Result-

related 

failures 

Missing bags -67.71 -2.91** -73.20 -2.91** 

 
Damaged bags -50.47 -2.02* -48.79 -1.82 . 

 
Shipped equipment issues -46.32 -1.17 -55.83 -1.32 
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   Mixed linear Linear 

 
Other bag issues -20.01 -1.27 -24.55 -1.43 

 
Refund requests -6.07 -0.4 -2.23 -0.14 

 

Call center and customer 

support 

-29.28 -2.01* -25.85 -1.64 

Group 

actions 

Number of people affected -21.02 -4.42*** -15.21 -2.99** 

Moral-based 

failures 

Disability-related -15.36 -0.37 5.99 0.14 

Double 

deviation  

Enumeration of complaints over 

the same flight 

5.86 1.3 1.38 0.27 

 

Count of complaints of the same 

flight from the same consumer 

-3.83 -0.95 7.21 2.02* 

 
Duplicate complaints  0.39 0.02 -20.19 -1.13 

VIP status Top tier 384.85 33*** 406.19 36.52*** 

 Upper mid-tier 166.24 17.31*** 169.23 18.08*** 

 
Lower mid-tier 35.96 3.45*** 36.74 3.59*** 

 

Temperature of the destination 

location 

-0.30 -1.13 -0.48 -1.75 . 

Control 

variables 

Precipitation rate of the 

destination location 

2.06 0.62 2.39 0.69 

 Temperature of the departure 

location 

-1.11 -4.41*** -1.06 -3.96*** 

 Precipitation rate of the 

departure location 

1.06 0.26 -0.68 -0.16 

 Month of the complaint -22.27 -20.3*** -19.20 -16.68*** 

 Year of the complaint 79.79 29.19*** 82.85 29.69*** 

 Female ratio of the traveling 

group 

-29.06 -3.36*** -27.31 -3.19** 

 Ratio of unidentified gender of 

the traveling group 

-11.65 -0.07 -34.62 -0.19 

 Complainer being of 

unidentified gender  

0.10 0.004 4.99 0.2 

 Daily journey duration in the 

last three years 

-4.23 -26.02*** -3.93 -25.72*** 

 Duration of the journey related 

to the complaint 

0.01 5.28*** 0.01 4.67*** 

 Minimum age among 

passengers traveling in the 

group 

-1.25 -5.93*** -1.50 -7.12*** 

 Ticket costs  0.01 6.61*** 0.01 5.27*** 

 Number of tickets -7.55 -5.66*** -7.28 -5.28*** 

 Case duration 0.04 0.59 0.00 -0.05 

 Number of days affected by 

COVID 

0.10 2.86** 0.04 1.09 

Interactions Type*Mileage (loyalty points) -68.20 -0.79 -170.70 -1.76 . 

 Type*Promotion codes -59.32 -1.62 -28.56 -0.71 

 Type*Giftcard, voucher, 

ecoupon or credit 

55.60 1.6 75.67 1.99* 

 Type*Cash or refund 20.85 0.68 17.19 0.51 

 Intercept  -160882.5 -29.14*** -167066.00 -29.64*** 

 
 

BIC 899612.2 Adjusted R 

squared 

0.0681 
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2.3.1.2.3. Another approach to the data 

 We also tested another approach to the data, with a dummy variable process-related 

failure for all process-failure factors and another for all result-failure factors. However, these 

two dummy variables are strongly corelated (-.84), we kept only the variable for process-related 

failure. Interestingly enough, process-related failures have a positive relationship with purchase 

value (β = 16.77, p <. 05), while as study 2 later shows, they also have a positive relationship 

with vigilant complaints. Also, in this approach, among the recovery types, mileage and gift 

cards, vouchers, ecoupons and credits no longer have a significant relationship with purchase 

value. Instead, cash and refund have a negative relationship with purchase value (β = -10.96, p 

< .05). To avoid possible confusion, we will discuss only the results of the main approach. 

2.3.1.3. Discussion of study 1 

Even in the presence of different types of recovery, vigilant complaints still have a 

negative effect on purchase value. However, some other important factors have no significant 

relationship with purchase value (to be discussed in discussion of study 2, e.g. process-related 

factors and double-deviation factors). Among result-related factors, missing bags and call center 

and customer support are associated with decrease in purchase value, while the others have no 

significant relationships.  

Group actions, i.e., number of people affected, are also associated with a decrease in 

purchase value. However, VIP-related factors are associated with an increase in purchase value. 

We will discuss further after study 2.  

All the recovery types do not help to increase purchase value. Mileage and gift cards, 

vouchers, credits or ecoupons both have negative relationship with change in purchase value. 

Promotion codes and cash or refund have no significant relationship with change in purchase 
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value. Among the different forms of compensations, the fixed value of mileage makes it less 

attractive than promotion codes, which are in discount percentages and give consumers more 

leeway for large purchases. As for gift cards, vouchers, credits or ecoupons, they are preferrable 

to points, due to the psychological effect of saving money (Antonides and Ranyard 2017). 

However, as their amounts are also fixed, in general, they are less popular than promotion codes. 

There might be two reasons explaining the unintuitive effect of cash or refund (i.e. not leading to 

increase in purchase value). In the airline context, this recovery type is often related to 

compensations required by law, (e.g., delays for more than three hours or cancellations within the 

airline’s control), while the other recovery types are more likely to be goodwill compensations. 

Customers paid compulsory compensations are unlikely to feel indebted toward the firm. Also, 

as cash or refund does not tie customers to the loyalty program, even though they might react 

most positively to it, this alone might not be sufficient to encourage customers to make more 

purchases, unless other binding elements exist (e.g., a promotion program or shortage of 

alternative options). 

Among the control variables, minimum age has a negative relationship with increase in 

purchase value, which means that customers with younger children are more likely to consume 

in the future. We did not include the maximum age in the models (study 1 and study 2) due to its 

strong correlation with the minimum age. Ticket costs are associated with an increase in purchase 

value. We will discuss these factors further after study 2. 

2.3.2. Study 2: Antecedents of complaint types  

2.3.2.1. Logistic regression 

 To measure the relationship between different preceding factors with vigilant 

complaints vs. conciliatory complaints, we ran a binary logistic regression model, with all these 
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variables as predictors. From the original dataset of 1,293,453 observations (see study 1), to be 

able to conduct logistic regression in study 2, however, we kept only the observations with all 

the needed variables available, i.e., 354,539 complaints. In this sample, we have 1.23 

observations per customer (see descriptive data in Appendix 2) and 9,576 vigilant complaints, 

or 2.7% of all the sample.  

 The correlations of the included variables all fall far below .7 (Appendix D). The 

highest variance inflation factor (VIF among the variables is 3.02, much lower than the cut off 

value of 5, indicating no multicollinearity issue).  

Table 2-4: Logistic regression and mixed effects logistic regression on vigilant complaints 

vs. conciliatory complaints (N = 354,539) 

 
 Logistic regression Mixed effects logistic 

regression 

Concepts Variables β z β z 

Process-based 

failures 

Service at airport  1.05 27.31*** 1.01 24.98*** 

Service onboard 0.48 10.42*** 0.47 9.82*** 

Delays 0.06 1.6 0.06 1.55 

Other experience issues -0.03 -0.56 -0.03 -0.47 

Result-based 

failures 

Missing bags -0.68 -10.6*** -0.67 -10.23*** 

Damaged bags -1.2 -16.61*** -1.18 -16.04*** 

Shipped equipment issues -0.25 -1.94 . -0.25 -1.85 

Other bag issues -0.42 -8.08*** -0.42 -8.02*** 

Refund requests -0.54 -12.05*** -0.52 -11.14*** 

  
Call center and customer 

support 

0.03 0.73 0.04 0.78 

Group actions Number of people affected 0.06 6.09*** 0.06 5.63*** 

Moral-based 

failures 

Disability-related 0.41 5.00*** 0.44 5.04*** 

Double 

deviation  

Enumeration of complaints 

over the same flight 

0.03 2.73** 0.03 3.06** 

 

Count of complaints of the 

same flight from the same 

consumer 

0.05 7.49*** 0.05 4.42*** 

 
Duplicate complaints  0.29 6.38*** 0.24 4.92*** 

Belonging 
Member (vs being non-

member) 

-0.07 -2.89** -0.07 -2.76** 

VIP status  Top tier -0.23 -3.85*** -0.23 -3.68*** 
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 Logistic regression Mixed effects logistic 

regression 

 
Upper mid-tier -0.18 -3.75*** -0.18 -3.61*** 

 
Lower mid-tier 0.01 0.26 0.00 0.05 

Control 

variables 

Temperature of the 

destination location 

0.004 4.21*** 0.00 3.81*** 

 

Precipitation rate of the 

destination location 

0.02 1.49 0.01 1.35 

 

Temperature of the 

departure location 

0.003 3.38** 0.003 3.19** 

 

Precipitation rate of the 

departure location 

-0.02 -1.4 -0.02 -1.45 

 
Month of the complaint -0.01 -3.57*** -0.01 -3.35*** 

 

Year of the complaint -0.04 -5.54*** -0.04 -5.5*** 

 

Female ratio of the 

traveling group 

-0.02 -0.81 -0.02 -0.72 

 

Ratio of unidentified 

gender of the traveling 

group 

0.9 1.96 . 0.83 1.67 

 

Complainer being of 

unidentified gender (vs 

other genders) 

-0.07 -0.71 -0.06 -0.58 

 

Daily journey duration in 

the last three years 

0.001 0.73 0.00 0.32 

 

Duration of the journey 

related to the complaint 

0.00002 3.91*** 0.00002 3.68*** 

 

Minimum age among 

passengers traveling in 

groups 

-0.002 -3.18*** -0.002 -2.87** 

 

Ticket costs  -0.00002 -2.68** -0.00002 -2.58** 

 Number of tickets -0.02 -4.73*** -0.02 -4.09*** 

  Intercept 79.47 5.3*** 83.2 5.27*** 

 
BIC 85168.79 

 

 84274.58 

 

 

Note: . p <.1, * p<.05, ** p< .01,  

The results (Table 2-4) indicate that process-based factors often have positive 

relationships with the probability of a complaint being vigilant vs. conciliatory: service at airports 

(M = .06; SD = .24;  β = 1.05, p < .001), and service onboard  (M = .07, SD = .26; β = .48, p < 

.001), though delays and other experience issues have no significant relationship (H2 confirmed).  
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In turn, result-based factors often have negative relations with the odds of a complaint 

being vigilant—that is, missing bags (M = .07, SD = .25; β = -.68, p < .001; damaged bags (M = 

.09, SD = .28; β = -1.2, p < .001; other bag issues (M = .16, SD = .37; β = -0.42 , p < .001), and 

refund request (M = .17, SD = .37; β = -.54 , p < .001), although shipped equipment issues (M = 

.01, SD = .11) and call center and customer support (M = .16, SD = .36) have no significant 

relationship (H3 confirmed).  

Also, confirming H4 on the role of the group actions, the number of affected people in a 

service failure has a positive relationship with vigilant complaints vs. conciliatory complaints (M 

=1.28, SD = .84, β = .06, p < .001). A complaint that mentions a disability issue (M = .01, SD = 

.09, β = .41, p < .001) has a positive relationship with the probability complaint being vigilant 

(H5 on moral-based failures confirmed). Similarly, variables which indicate the perception of the 

transgressions being repeated are also positively associated with the odds of vigilant complaints: 

enumeration of complaints over the same flight (M = 1.39, SD = 1.13; β = .03, p < .01), count of 

complaints of the same flight from the same consumer (M = 1.56, SD = 1.27; β = .05, p < .001) 

and duplicate complaints (M = .06, SD = .23; β = .29 , p < .001) (i.e., H6 on double deviation 

confirmed). 

However, being a loyalty member has a negative relationship with this probability (M = 

.66, SD = .48; β = -.07, p < .01) (H7 confirmed). So does having the VIP status. For the most 

prestigious, being a top tier member (M = .05, SD = .22), this negative relationship is the strongest 

( β = -.23, p < .001), while for the middle level members, i.e., upper mid-tier (M = .06, SD = .25) 

members, this relationship is a little weaker (β = -.18, p < .001), though still being negative (H8 

confirmed). However, being a lower mid-tier (M = .05, SD = .22) member has no significant 

difference than being a bottom tier member (M = .49, SD = .5) in the association with vigilant 
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complaints. The model has pseudo R squared of .038, log likelihood of -42367.16, AIC of 

84802.31 and BIC of 85168.79. 

2.3.2.2. Robustness checks 

2.3.2.2.1. Haussmann test for endogeneity  

 In this study, we do not have a unique variable that we can test as an endogenous 

regressor (in study 1, it is vigilant complaints). Therefore, we used the Durbin–Wu–Hausman 

test, which does not require us to specify an endogenous regressor (Wooldridge 2010). We 

compared two different models, in this case, our original simple logistic regression model 

versus a random effect model, (i.e. a mixed effect logistic regression model), using the package 

plm in R (Croissant and Millo 2008). The result is significant, x2(34, N =354,539  ) = 325.2, p 

<.001.  

 However, the estimated coefficients of both models are similar or close for many 

variables, especially those with significant effects, and the earlier findings of the simple logistic 

regression still stand for the mixed effects model. In other words, while there is omitted variable 

bias, our results can be considered robust.  

2.3.2.2.2. Interactions 

 We ran interactions between all the failure types and all relational factors (Table 5). 

Among these interactions, seven are significant. The two only positive interactions are those of 

call center and customer support and members (β = .3, p < .001) and shipped equipment issues 

and members (β = .65, p < .05). All the others are negative. They are the interactions of other 

experience issues and members (β = -.32, p < .05), service onboard and the top tier (β = -.48, p < 

.05), service onboard and the upper mid-tier (β = -.45, p < .05), call center and customer support 

and the upper mid-tier (β = -.66, p < .01), and finally, other bag issues and the lower mid-tier (β 
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= -.57, p < .05).  The pseudo-R squared of this logistic regression with interactions is .039, log 

likelihood = -42315.19, BIC= 85678.23 and AIC = 84794.39. 

 
 

Table 2-5: Simple logistic regression with interactions on vigilant complaints 

Concepts Constructs β z 
 

Service at airport  1.07 16.51*** 
 

Service onboard 0.63 7.79*** 

Process-based 

failures 

Delays 0.11 1.81 . 

 Other experience issues 0.14 1.39 

 Missing bags -0.69 -7.34*** 

 Damaged bags -1.0 -9.17*** 

Result-based failures Shipped equipment issues -0.71 -2.67** 

 Other bag issues -0.37 -4.47*** 

 Refund requests -0.52 -7.03*** 

 Call center and customer support -0.15 -1.84 . 

Group actions Number of people affected 0.06 4.53*** 

Moral-based failures Disability-related 0.37 2.93** 

Double deviation  Enumeration of complaints over the same flight 0.03 2.8** 

 Count of complaints of the same flight from the same 

consumer 

0.05 7.39*** 

 Duplicate complaints  0.3 6.45*** 

Belonging Member (vs being non-member) -0.06 -0.77 

VIP status  Top tier -0.11 -0.61 

Upper mid-tier 0.01 0.06 

Lower mid-tier 0.06 0.36 
 

Temperature of the destination location 0.003 4.09*** 
 

Precipitation rate of the destination location 0.02 1.5 

Control variables Temperature of the departure location 0.003 3.61*** 
 

Precipitation rate of the departure location -0.02 -1.43 
 

Month of the complaint -0.01 -3.59*** 
 

Year of the complaint -0.04 -5.28*** 
 

Female ratio of the traveling group -0.02 -0.83 
 

Ratio of unidentified gender of the traveling group 0.9 1.96 . 
 

Complainer being of unidentified gender (vs other 

genders) 

-0.07 -0.75 

 
Daily journey duration in the last three years 0.0008 0.91 
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Concepts Constructs β z 
 

Duration of the journey related to the complaint 0.000005 3.9*** 
 

Minimum age among passengers traveling in groups -0.002 -3.19*** 
 

Ticket costs  -0.00002 -2.69*** 
 

Number of tickets -0.02 -4.72***  
Service at airport *member -0.01 -0.16 

 
Service onboard*member -0.09 -0.92 

Interactions Delays*member -0.07 -0.95 
 

Other experience issues*member -0.32 -2.41* 
 

Missing bags*member -0.004 -0.03 
 

Damaged bags*member -0.29 -1.96 . 
 

Shipped equipment issues*member 0.65 2.06* 
 

Other bag issues*member -0.02 -0.16 
 

Refund requests*member -0.006 -0.06 
 

Call center and customer support*member 0.30 3.01*** 
 

Number of people affected*member 0.002 0.09 
 

Disability-related*member 0.04 0.23 
 

Service at airport *top tier -0.26 -1.44 
 

Service onboard*top tier -0.48 -2.38* 
 

Delays*top tier -0.14 -0.85 
 

Other experience issues*top tier 0.14 0.64 
 

Missing bags*top tier 0.46 1.41 
 

Damaged bags*top tier 0.11 0.28 
 

Shipped equipment issues*top tier -0.86 -0.84 
 

Other bag issues*top tier -0.46 -1.66 . 
 

Refund requests*top tier 0.09 0.34 
 

Call center and customer support*top tier 0.03 0.11 
 

Number of people affected*top tier 0.06 1.03 
 

Disability-related*top tier 0.82 1.31 
 

Service at airport*upper mid-tier -0.13 -0.83 
 

Service onboard*upper mid-tier -0.45 -2.38* 
 

Delays*upper mid-tier -0.03 -0.22 
 

Other experience issues*upper mid-tier 0.08 0.38 
 

Missing bags*upper mid-tier 0.14 0.5 
 

Damaged bags*upper mid-tier -0.46 -1.18 
 

Shipped equipment issues*upper mid-tier -0.57 -0.92 
 

Other bag issues*upper mid-tier 0.43 1.89 . 
 

Refund requests*upper mid-tier -0.43 -1.87 . 
 

Call center and customer support*upper mid-tier -0.66 -2.85** 
 

Number of people affected*upper mid-tier -0.02 -0.29 
 

Disability-related*upper mid-tier 0.57 1.27 
 

Service at airport *lower mid-tier -0.009 -0.06 
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Concepts Constructs β z 
 

Service onboard*lower mid-tier -0.24 -1.26 
 

Delays*lower mid-tier 0.05 0.31 
 

Other experience issues*lower mid-tier 0.16 0.67 
 

Missing bags*lower mid-tier -0.02 -0.07 
 

Damaged bags*lower mid-tier -0.41 -0.99 
 

Shipped equipment issues*lower mid-tier 0.80 1.71 
 

Other bag issues*lower mid-tier -0.57 -2.52* 
 

Refund requests*lower mid-tier -0.11 -0.54 
 

Call center and customer support*lower mid-tier 0.3 1.48 
 

Number of people affected*lower mid-tier -0.007 -0.12 
 

Disability-related*lower mid-tier -0.42 -0.79 

Intercept Intercept 75.7 5.04*** 

 

2.3.2.2.3. Another approach to the data 

 We also tested another approach to the data, with a dummy variable for all process-

failure factors and another for all result-failure factors. Again, in this sample, as these two 

dummy variables are strongly corelated (-.84), we kept only the variable for process-related 

failure factors. In the logistic regression, process-related failures have a strong positive 

relationship with vigilant complaints (β = .97, p < .001). The previous findings for the relevant 

hypotheses still stand.  

 Among the interactions, however, when we use only process-related failures as the 

dummy variable and remove all other process-related and result-related factors, we do not have 

any significant interactions between the variable representing process-related failures and the 

relational factors.  

2.3.2.3. Discussion of study 2 

Confirmations of H2 – H8 underline the importance of both relational characteristics (i.e., 

membership vs non-memberships and membership rankings) and failure types to determine how 

complainers use their resources and make complaint decisions.  
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2.3.2.3.1. The role of unpredictability in drainage of resources 

Among process-based failures, service at the airport had a stronger positive relationship 

with vigilant complaints than service on board does. Compared with services onboard, there are 

more combined factors at the airport for which consumers are not able to predict, e.g., check-in 

issues, availability of services and assistance at the airport, issues due to long transit time, etc. 

This unpredictability draws more resources of the customers, making them even more likely to 

give up investing in their relationship with the firm. 

Among the results-related factors, damaged bags had a strongest negative relationship 

with vigilant complaints. This context has a clear result and the unpredictability level is in general 

lower than other result-based factors, leading customers more likely to invest in resources to 

achieve desirable solutions. Other factors, such as refund requests and missing bags might have 

more unknown issues (e.g. whether and when the bags would or did finally arrive, the appropriate 

level or eligibility of refunding), which draw more resources of the customers, making them less 

conciliatory. 

2.3.2.3.2. Comparing results of study 1 and study 2 

Some factors which have strong relationships with the probability of the complaints being 

vigilant in study 2 do not have significant relationship with change in purchase value (e.g, 

enumeration of complaints over the same flight and service at the airport). In some cases, this 

might indicate the possibility of vigilant complaints being the mediator (Li et al. 2007) in the 

relationship between these factors and change in purchase value and these are full mediations. 

Nevertheless, this speculation needs to be checked on the same sample (i.e., only among loyalty 

members for both studies) and with linear regression (See Appendix D) instead of mixed linear 

regression being used for study 1. 
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However, another possibility could also be different relationships of these variables with 

vigilant complaints and purchase value. For example, missing bags have negative relationship 

with the probability of vigilant complaints but also negative relationships with purchase value. 

This indicates that in these cases, even though consumers are more likely to adopt conciliatory 

tones to achieve solutions, they could still end up punishing the firms.   

Some other variables show similar unintuitive effects. Among the control variables, the 

minimum age among passengers traveling in the group has a negative relationship with the 

probability of a complaint being vigilant. In other words, the less this minimum age is, the more 

likely the complaint is vigilant. Thus, customers traveling with very young children are also more 

likely to turn vigilant in case of service failures. However, as discussed in study 1, this variable 

also has a negative relationship with purchase value change, which means customers with very 

young children will increase purchase value in the future. In other words, it seems that even 

though these consumers become upset more easily, they also forgive more easily. Similarly, 

duration of the journey related to the complaint also has a positive relationship with vigilant 

complaints, indicating a drain of resources of the complainer of long trips. However, these 

complainers are more likely to stick with the firm in the future, with positive relationship with 

change in purchase value.    

Some other variables, however, show consistent relationships at both stages.  Ticket costs 

have a negative relationship with vigilant complaints, probably indicating higher levels of seats 

(e.g., business class or first class). This shows that the complainers probably have more resources 

available and are thus less likely to file vigilant complaints. And these complainers at the later 

stage also increase purchase value. Similarly, higher level members are less likely to be vigilant 

and later on, also increase purchase value. 
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2.3.2.3.3. Discussion of interactions 

 Among the seven significant interactions between failure types and relational factors, most 

of them are negative, indicating that members, especially higher ranked members, are often less 

likely to be vigilant in diverse contexts. However, in two exceptions to this rule, members are 

more likely to send vigilant complaints than non-members, when it comes to call center and 

customer support and shipped equipment issues. This might indicate that while members often 

invest more resources in their relationships with the firm, in a couple of contexts, they also expect 

more efforts from the firms. Specifically, in these cases, the entitlement (Boyd Iii and Helms 

2005)  is greater than the perceived benefits of the relationship, which ends up driving up the 

likelihood of vigilance. It should be noted that the interaction between call center and customer 

support and upper mid-tier is negative, and the main effects of both this context and shipped 

equipment issues before interaction analyses are both insignificant, indicating different trends 

among different groups of customers.  

2.4. General discussion 

2.4.1. Justice theory versus the theory of conservation of resources 

Justice theory has long played a central role in service failure and recovery research, 

focusing on three types of justice (distributive, procedural and interactional justice) (e.g. Cai and 

Qu 2018). For example, depending on the types of failures (Grégoire et al 2010) and the 

relationships between the firm and the customers, customers could expect different types of 

fairness (Grégoire and Fisher 2008). However, in this research, we use the theory of conservation 

of resources, as it helps us to build our arguments in three aspects. 

First, it allows us to explain the different mechanisms of using and protection of resources 

between vigilant and conciliatory complainers. By going beyond the justice perspective of the 
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two schemas (Grégoire et al 2019), we prepare the groundwork for the links between each type 

of complaints with different stages of consumer experience. This promises to expand theory on 

consumers’ experience in services through the resource usage, resource investment and earning 

resources. Challenges in research using longitudinal data is not only methodological, but also 

theoretical, as linking different stages of consumer behavior through theory requires smooth 

transition. As explained further below, the flexibility of resource theory makes this easier than 

using justice theory, when the dynamics become more complex.  

Second, the resource theory allows us to connect the different amounts of resources with 

different levels in constructs, e.g., different levels of membership and with members and non-

members. Among the variables, we have the number of people affected, which is also challenging 

to explain its relationship with the likelihood of a complaint being vigilant through the more 

abstract justice theory. But this relationship is quite straightforward when viewed in terms of 

resources.  

Third, backed up with rich literature on stress and social adaptations (Hobfoll 1989, 2002), 

the lenses of resources also give us the ability to examine the wellbeing motivations of consumers. 

This understanding could encourage more research on service failures affecting vulnerable 

population. More vulnerable consumers have fewer resources and are thus more sensitive to any 

perceived loss than other consumer groups. Furthermore, by using the resource perspective in 

service failures and at different stages of the complaint process, we expand the possibility of 

helping firms support better customers’ resources, and thus also their wellbeing (Doane et al. 

2012). This also allows firms to develop long-term approaches with customers at different stages 

of the relationship.  

  



98 

 

2.4.2. Complex dynamics among constructs 

 Among the randomly collected public complaints by Meire et al (2024), vigilant complaints 

accounted for as much as 39% complaints, while in our data of private complaints, vigilant 

complaints account for only 2.7% of the complaints. Even with the relatively modest number of 

vigilant private complaint, their effect on purchase value is considerable. This also indicates 

possible differences in motivations between private and public conciliatory/vigilant complaints. 

 The rich dataset also allows us to detect complex dynamics between constructs. As 

indicated in discussion of study 1 and study 2, some variables (e.g. duration of the journey related 

to the complaint) are positively associated with the likelihood of vigilant complaints but at the 

later stages with an increase in purchase value. Or vice versa, some are negatively associated with 

the likelihood of vigilant complaints (e.g. missing bags) but at the later stage with a decrease in 

purchase value. This indicates the diverse routes of different variables at each stage of service 

failure and recovery journey.  

 In addition, many interactions between relational constructs and failure types have negative 

relationships with vigilant complaints, reflecting the buffering effect of membership and 

especially higher ranks on different failure factors. However, two interactions of membership 

have positive relationships with vigilant complaints. In these two cases, call center and customer 

support and shipped equipment issues, members’ sense of entitlement (Fisk 2010)  might reflect 

the competition for limited resources.  

 Furthermore, as discussed earlier, unpredictability at some stage of the service failure 

journey might also increase the likelihood of a complaint of becoming vigilant, due to the 

increased stress. Temporary unpredictability could lead to anxiety, as these consumers anticipate 

negative emotions and possible threats to their security (Lake and LaBar 2011).  
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2.4.3. Managerial implications 

Identifying antecedents of vigilant complaints help firms to proactively work on these 

fronts to reduce the appearance of vigilant complaints in the future, for example encouraging 

more non-members to become members and lower-ranked members to become higher-ranked 

members. This could be done through promotions of the benefits or allowing customers to enjoy 

the benefits of members or higher-ranked members for a brief period. 

Furthermore, different people have different amounts of resources, and they perceive the 

loss of resources also differently. Thus, attention should also be paid to vulnerable people who 

also get more affected in case of service failures, due to their possession of fewer resources. This 

explains why among factors associated with vigilance are complaints related to disability issues 

and to having young children in the traveling groups. Depending on their profiles, firms could 

offer social resources to these complainers. For example, if there are young children in the 

reservation, they could offer little gifts for these children along with the compensations.     

In general, loyalty membership and higher ranks in membership help to reduce vigilance 

and do so in diverse failure contexts. Apart from investing in benefit programs and the promotions 

of these benefits for members and higher-ranked members, as they will encourage customers to 

stay conciliatory, firms also need to pay attention to the few exceptional contexts where 

membership could also backfire on them.   

Identifying the reduction of purchase value in dollar terms means that firms could also 

measure the financial risks of vigilant complaints and are able to compare them against other 

types of risks. This tangibility also allows for a more extensive assessment in the future related to 

other people in these complainers’ circles, for example those who accompanied them on the 

relevant flights or other flights and whether there were similar trends in their behavior.  
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2.4.3. Limitations and future research 

For the study on the consequence of vigilant complaints, our sample is limited to loyalty 

members. Future research could compare behavior for non-members and members after sending 

vigilant complaints in the post-recovery stage. It is possible that vigilant non-members will be 

even more avoidant toward the firm than vigilant members.  

In addition, our data do not include the text of responses to consumers. Future research 

could examine the effects of different responses to vigilant complaints. It is possible responses 

with more empathy in combination with certain types of compensations will help vigilant 

complainers recover more resources and thus react more positively to the solutions.  

Furthermore, in this research, we only analyzed English complaints. While our sample is 

likely to include English speakers from different cultural backgrounds, it is possible that 

complaints in other languages have distinctive characteristics compared to complaints in English. 

For example, complainers using less popular languages might appreciate recovery efforts in their 

mother tongues, as like the effect of loyalty membership, they might feel belonging to the same 

community as the firm’s representatives speaking their languages.  

As we discussed earlier, vigilant complaints are more common on public platforms than 

in the private setting, as vigilant complainers in public settings seek to reach also other audience 

beyond the firms in indirect revenge. Future research could analyze the behavior of private 

complainers’ behavior in public. In what circumstances are they going to send vigilant complaints 

both in public and private and in what circumstances will they only send vigilant complaints in 

one type of setting? Research on private versus public complaints and their convergent and 

divergent routes promises to bring important contributions to the field. 
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Finally, a variable that we do not have in our data is complainers’ purpose for traveling. 

Depending on whether consumers had to pay out of their pockets for their trips (i.e., the trips 

having business or leisure purposes), they could have different reactions towards service failures. 

Consumers whose companies paid for their flights might be tied to that airline even when they 

were not happy with the quality of service. However, from the angle of resources, not having to 

pay for the tickets themselves can be considered a type of resource, which could make them less 

likely to send vigilant complaints. 

This type of service captivity is different than the scenarios where consumers do not have 

the option to leave the provider due to their lack of resources. A typical scenario is in the health 

services where patients might have no choice but to stick with their current doctor/hospital, as 

they cannot afford to switch to a better one. Future research could examine how consumers react 

to service failures in different forms of service captivity. 
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Web appendices 

Appendix A 

Coding book for complaint tweets 

We focus on the context of luxury hotels, an area expecting high-quality services and quick 

resolutions to consumer complaints.  

Vigilante tweet definition  

By mentioning the firms in the tweets, the vigilantes use Twitter to put public pressure on them 

and punish them for the failures. There are four possible reasons for their decisions: 

(1) Loyalty to the firms is answered with what they perceive as betrayal.  

(2) They speak up on behalf of someone else who suffers from the perceived injustice from the 

firms or show support/build pressure by telling their own experience 

(3) Multiple efforts to reach out to the firms do not lead to expected solutions 

(4) They see the firms as being immoral and deliberate in the failures. 

The language of vigilant tweets often demonstrate anger, often depicted by strong emotional or 

accusative words. They sometimes capitalize all letters in some words and use multiple 

exclamation marks (e.g. !!!).  

Example 1: 

@HiltonHotels should be ashamed of themselves charging $300 a night for this raggedy hotel. 

It's location doesn't even warrant this price tag EVEN IN downtown DC 

Example 2: 

@MarcEvanJackson @Marriott @FairfieldHotels I’m sorry this happened to you! Having your 

hotel room opened in the middle of the night is an absolute nightmare and 100% unacceptable!! 

Vigilantes often use words showing anger, such as appalled, should be ashamed, shameful, 

unacceptable, outrageous, garbage, pathetic, horrible, offensive, nightmare and horrified. They 

can also sometimes use swear words. 

To distinguish the occasional use of strong words in conciliatory messages and those in vigilant 

messages, the ones in vigilant messages tended to include more than one strong word in their 

complaints:  

Example 3: 

@Hyatt @HyattConcierge @HyattPlaceDC_WH @HyattPlaceDC having one of the worst hotel 

experiences I have ever had. Terrible place to bring my guests from overseas 
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Sometimes, this anger is apparent through irony. Below are three examples:  

Example 4: 

By the way if you still take the risk of staying with @HiltonHotels don’t use the app. Please don’t 

check in until you actually arrive and get a key card. Otherwise if you arrive late to a dirty room, 

you’ll be blamed and called a liar and be charged and expected to stay in it. 

Example 5: 

@HiltonHotels it is truly remarkable your inability to put me in contact with someone from your 

fraud department to explain the inadequate training that your team members possess and the 

clear violation of PCI-DSS. I can only shake my head at this point. 

Example 6: 

@hotelshopuk @hotelassoc @HotelsUK @HiltonHotels @TUIGroup @allhoteldeals 

@bookingcom @TripAdvisor Why do hotels tuck the quilt in all around the mattress? You'd have 

to do a cartoon shuffle to slither into these 'envelopes'. Stop doing it, no one sleeps 'strapped in'. 

Example 7: 

@AirlineFlyer @Marriott @Hyatt @Verizon @TMobile Why do you think the Amtrak Guest 

Rewards program is so lame? No real partners just a hotel and car consolidator. It's basically 

an inward facing program closed off from the outside. 

Another evidence of irony is the use of metaphors: 

Example 8: 

Exampl@HyattAhmedabad AC doesn't work. Service is bad. So plan your stay accordingly. In 

last 18 hours, my food, sleep all messed up at this hotel with poor service as icing on the cake 

@HyattConcierge @Hyatte 8: 

Example 9: 

@HyattConcierge No hot water and water to shower at @ParkHyattDC - not nice 🚿. Had to 

do the French shower way 😰 

Example 10: 

@HyattConcierge @HyattConcierge,  I have sent you a direct message, and  provided you with 

the record of my conversation with the GM of your Mohican Sun property.  How about you get 

off your duff and actually do something helpful, instead of trying to take this off-line to avoid 

looking bad? 

They also often accuse firms of greed and lack of morals, with such words as rip-off, fraud, 

fraudulent, scam, corrupt, liar, crook, irresponsible, dupe and cheat. 
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They can show disgust in their messages: hate, loathe, disgusted, garbage, and repulsive. 

They can use vocabulary showing irony: lame, cheeky and pathetic. 

And finally, they tend to advise the others to avoid using the firm’s services: please avoid, beware, 

not recommend, stay away, never staying again, #boycott.  

Conciliatory tweet definition  

The conciliatory tweet users tend to use Twitter to resolve an issue with the company in a 

thoughtful manner. There are five possible reasons for their choice of using conciliatory tweets.  

(1) They are currently in difficulty and need the firms’ support to resolve it, for example unable to 

book or cancel a room 

(2) They seek a solution for an issue that already took place in the past.  

(3) They give feedback on an issue that took place in the past, to help the firm improve the services 

(4) They join other Twitter users to seek the firm’s solution to a similar issue. 

(5) They show support to some other Twitter users who complain about the firms, but they do this 

in a factual and restrained manner. 

Conciliatory tweets tend to describe disappointment but also demonstrate hope for the firm’s 

support.  

Example 1:  

@HiltonHotels There are 2 unresolved issues: #90229115  Booked a handicap room weeks in 

advance. Got to the hotel to find it was just booked at 5pm that evening.  I drop in from NJ with 

my elderly disabled parents. We had to leave and book a Marriott hotel. 

Example 2:  

@MarriottVacClub @MarriottBonvoy @Marriott On hold for over 1 hour and my 3rd/4th day 

trying to reach your office to cancel a reservation now only 24 hours away. Anything you can do 

over twitter DM? 

Conciliatory tweets often use words indicating disappointment and/or sadness: unfortunate, 

misfortune, discouraging, misleading, embarrassing, underwhelmed, dissatisfied, and 

frustrating.  

They also describe the unsatisfactory services, while often refraining from accusing the firms of 

being intentional in the failures. Conciliatory tweets also make efforts to stay factual, rather than 

using an aggressive or exaggeration style.  

Thus, the choice of words is more careful and deliberate than that of the vigilantes, e.g., unable 

to, unprofessional, abrasive, unreasonable, unfriendly, impolite, defective, inconsiderate, 

malfunctioning, inedible, dismissive, condescending, inconsistent, not helpful, less than 

accommodating, and indifference. 
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Even when their experience was very unpleasant, a complaint could still be considered 

conciliatory. This often happens when they want the hotels to improve or get a solution, and their 

intention is not to damage the hotel brand. Thus, such words as incredibly disappointed, a terrible 

experience, awful experience can still be found in conciliatory complaints: 

Example 3 

Incredibly disappointed with @HiltonHotels @HiltonHHonors failure to follow their own stated 

price match policy and as a result, are expecting me to pay hundreds of dollars more than I 

should. What happened to customer service? 

Example 4 

 

Hey @HiltonHotels I stayed at Penn’s Landing this weekend. Left my jacket in the closet. Called 

front desk got xfer to housekeeping and left a VM. No call back. How do I get my jacket back? 

Terrible customer service. 

 

In the following example, the user uses quite strong words, but their intention is to help the hotel 

to improve “DC and Hilton need to get this figured out”: 

Example 5 

This is disgusting every day. A liquid stream of waste flowing across the sidewalk smelling 

horrible. DC and Hilton need to get this figured out. @MayorBowser @HiltonHotels 

@CapitalHilton @DCDPW @DDOTDC @councilofdc https://t.co/JnJ3o1ORdz 

Another strong expression can be found even in conciliatory complaints is This is unacceptable, 

if the user expresses their frustration to find a solution We need to talk @HiltonHotels 

Example 6 

We need to talk @HiltonHotels The front desk just gave someone a key to my room because he 

told them the wrong room number. No identification, no questions. They just walked into my room 

while I was in bed. This is unacceptable. 

In addition, their messages might indicate efforts to communicate and reach solutions with firms, 

e.g., please help, anything you can do, please DM, #fixit, get someone on the line, any responses, 

who can I talk to. 

Another feature of conciliatory complaints is that there might be some good/redeeming features 

about the brand despite the unpleasant experience:  

Example 7 

https://t.co/JnJ3o1ORdz
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I’ve come to the conclusion that no matter how nice the hotel you stay at there’s always something 

broken @HiltonHotels https://t.co/hsAlNs4nsh 

It should be noted also that as tweets are informal, users can sometimes use slangs in conciliatory 

words. For example, the word “shit” does not always indicate anger in informal English and can 

mean instead “stuff”. In the following conciliatory example, the user said fix yo shit, which means 

fix your stuff. Most of the time, though, “shit” is a vigilant word.  

Example 8 

@HyattConcierge Y'alls in room wifi isnt working (day 2) at hyatt Santa Clara.I would like to 

make you my home base but this isnt working.Yes I can connect, yes I get an IP, no I cant do an 

nslookup or get beyond the default GW for room wifi.  I hate I have to do this. Fix U shit 
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Appendix B: Descriptive statistics 

 

2.B1. Descriptive statistics for the before-correction sample for regression 

 Mean Std Min Max 

Purchase value 7 160.86 868.83 -16741.8 29090.76 

Change in redemption 

frequency 

3.30 17.80 

-343 596 

Type  0.03 0.16 0 1 

Mileage (loyalty points) 0.02 0.17 0 6 

Promotion codes 0.34 0.51 0 9 

Giftcard, voucher, ecoupon 

or credit 

0.20 0.44 

0 9 

Cash or refund 0.37 0.68 0 16 

Process-related failures 0.59 0.49 0 1 

Result-related failures 0.41 0.49 0 1 

Service at airport  0.08 0.27 0 1 

Service onboard 0.11 0.32 0 1 

Delays 0.32 0.47 0 1 

Other experience issues 0.09 0.28 0 1 

Missing bags 0.04 0.19 0 1 

Damaged bags 0.08 0.27 0 1 

Shipped equipment issues 0.01 0.09 0 1 

Other bag issues 0.13 0.34 0 1 

Refund requests 0.14 0.34 0 1 

Call center and customer 

support 

0.14 0.35 

0 1 

Number of people affected 1.22 0.67 1 27 

Disability-related 0.01 0.07 0 1 

Enumeration of 

complaints over the same 

flight 

1.31 0.91 

1 58 

Count of complaints of the 

same flight from the same 

consumer 

1.50 1.27 

1 58 

Duplicate complaints  0.05 0.22 0 1 

Top tier 0.20 0.40 0 1 

Upper mid-tier 0.23 0.42 0 1 

Lower mid-tier 0.15 0.35 0 1 

Temperature of the 

destination location 

14.33 13.43 -46.44 49.73 

Precipitation rate of the 

destination location 

0.12 0.93 0 34.91 

 
7 As indicated in this research, the variable purchase value is created from the product of redemption frequency and 

the average value in dollars per redemption. 
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Temperature of the 

departure location 

14.27 13.91 -46.25 50.34 

Precipitation rate of the 

departure location 

0.12 0.85 0 42.535 

Month of the complaint 6.52 3.19 1 12 

Year of the complaint 2020.82 1.47 2019 2022 

Female ratio of the 

traveling group 

0.41 0.41 0 1 

Ratio of unidentified 

gender of the traveling 

group 

0.00 0.02 0 1 

Complainer being of 

unidentified gender  

0.02 0.14 0 1 

Daily journey duration in 

the last three years 

18.74 26.97 -1.20548 593.063 

Duration of the journey 

related to the complaint 

1644.69 1994.15 -2006 46283 

Minimum age among 

passengers traveling in the 

group 

43.22 17.07 0 101 

Ticket costs  1542.06 2233.35 0 107900 

Number of tickets 2.82 3.03 1 75 

Case duration 18.62 43.45 -1 1577 

Number of days affected by 

COVID 

191.15 100.72 0 394 

 

2.B2. Descriptive statistics of the after-correction sample for regression 

 Mean Std Min Max 

Purchase value 146.67 836.34 -10103.67 26845.50 

Change in redemption 

frequency 

3.00 17.13 -207.00 550.00 

Type  0.03 0.18 0.00 1.00 

Mileage (loyalty points) 0.02 0.17 0.00 6.00 

Promotion codes 0.33 0.51 0.00 9.00 

Giftcard, voucher, ecoupon or 

credit 

0.23 0.46 0.00 9.00 

Cash or refund 0.30 0.65 0.00 16.00 

Process-related failures 0.71 0.45 0.00 1.00 

Result-related failures 0.29 0.45 0.00 1.00 

Service at airport  0.10 0.30 0.00 1.00 

Service onboard 0.14 0.35 0.00 1.00 

Delays 0.39 0.49 0.00 1.00 

Other experience issues 0.09 0.28 0.00 1.00 

Missing bags 0.02 0.15 0.00 1.00 

Damaged bags 0.02 0.15 0.00 1.00 

Shipped equipment issues 0.01 0.08 0.00 1.00 

Other bag issues 0.11 0.31 0.00 1.00 
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Refund requests 0.09 0.29 0.00 1.00 

Call center and customer 

support 

0.14 0.34 0.00 1.00 

Number of people affected 1.25 0.72 1.00 27.00 

Disability-related 0.01 0.08 0.00 1.00 

Enumeration of complaints 

over the same flight 

1.33 0.89 1.00 30.00 

Count of complaints of the 

same flight from the same 

consumer 

1.52 1.27 1.00 58.00 

Duplicate complaints  0.06 0.23 0.00 1.00 

Top tier 0.19 0.39 0.00 1.00 

Upper mid-tier 0.21 0.41 0.00 1.00 

Lower mid-tier 0.15 0.36 0.00 1.00 

Temperature of the 

destination location 

14.57 13.31 -44.24 49.73 

Precipitation rate of the 

destination location 

0.13 0.98 0.00 34.91 

Temperature of the departure 

location 

14.55 13.79 -46.25 50.34 

Precipitation rate of the 

departure location 

0.12 0.79 0.00 41.49 

Month of the complaint 6.53 3.17 1.00 12.00 

Year of the complaint 2020.71 1.49 2019.00 2022.00 

Female ratio of the traveling 

group 

0.40 0.41 0.00 1.00 

Ratio of unidentified gender of 

the traveling group 

0.00 0.02 0.00 1.00 

Complainer being of 

unidentified gender  

0.02 0.14 0.00 1.00 

Daily journey duration in the 

last three years 

19.51 28.35 -1.21 593.06 

Duration of the journey 

related to the complaint 

1678.99 2051.43 -2006.00 46283.00 

Minimum age among 

passengers traveling in the 

group 

43.21 17.05 0.00 101.00 

Ticket costs  1493.86 1973.24 0.00 83220.00 

Number of tickets 2.79 2.85 1.00 55.00 

Case duration 18.78 45.78 -1.00 1577.00 

Number of days affected by 

COVID 

187.25 100.18 0.00 394.00 

 

2.B3. Descriptive statistics for the logistic regression 

 Mean Std Min Max 

Vigilant complaints 0.03 0.16 0 1 

Process-based failures 0.50 0.50 0 1 

Result-based failures 0.50 0.50 0 1 

Service at airport  0.06 0.24 0 1 



117 

 

Service onboard 0.07 0.26 0 1 

Delays 0.32 0.46 0 1 

Other experience issues 0.05 0.23 0 1 

Missing bags 0.07 0.25 0 1 

Damaged bags 0.09 0.28 0 1 

Shipped equipment issues 0.01 0.11 0 1 

Other bag issues 0.16 0.37 0 1 

Refund requests 0.17 0.37 0 1 

Call center and customer support 0.16 0.36 0 1 

Number of people affected 1.28 0.84 1 82 

Disability-related 0.01 0.09 0 1 

Enumeration of complaints over 

the same flight 

1.39 1.13 1 58 

Count of complaints of the same 

flight from the same consumer 

1.56 1.27 1 58 

Duplicate complaints  0.06 0.23 0 1 

Member (vs being non-member) 0.66 0.48 0 1 

Top tier 0.05 0.22 0 1 

Upper mid-tier 0.06 0.25 0 1 

Lower mid-tier 0.05 0.22 0 1 

Temperature of the destination 

location 

14.33 13.82 -46.48 50.01 

Precipitation rate of the destination 

location 

0.13 0.88 0 42.124 

Temperature of the departure 

location 

14.44 14.32 -46.25 50.34 

Precipitation rate of the departure 

location 

0.13 0.85 0 42.535 

Month of the complaint 6.84 3.42 1 12 

Year of the complaint 2020.87 1.52 2019 2023 

Female ratio of the traveling group 0.50 0.40 0 1 

Ratio of unidentified gender of the 

traveling group 

0.00 0.02 0 1 

Complainer being of unidentified 

gender (vs other genders) 

0.01 0.12 0 1 

Daily journey duration in the last 

three years 

8.24 15.48 -3.11872 593.063 

Duration of the journey related to 

the complaint 

1893.79 2108.91 -2851 57575 

Minimum age among passengers 

traveling in groups 

39.45 18.82 0 102 

Ticket costs  1566.75 2528.87 0 193250.5 

Number of tickets 3.21 3.82 1 156 
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Appendix C: 2C. Linear regression on purchase value  

  Before correction After correction 

Construct β t value β t value 

Type  -40.06 -2.05* -40.83 -2.17* 

Mileage (loyalty points) -39.29 -2.03* -30.19 -1.49 

Promotion codes -3.49 -0.52 1.80 0.25 

Giftcard, voucher, ecoupon or credit -21.08 -2.66** -14.54 -1.77 . 

Cash or refund -14.03 -2.67** -15.36 -2.61* 

Service at airport  -5.51 -0.37 -10.21 -0.7 

Service onboard -10.52 -0.7 -19.39 -1.28 

Delays -0.83 -0.06 -11.08 -0.83 

Other experience issues 12.41 0.78 5.08 0.3 

Missing bags -66.26 -3.26** -73.01 -2.91** 

Damaged bags -41.14 -2.41* -48.64 -1.81 . 

Shipped equipment issues -46.11 -1.28 -55.81 -1.32 

Other bag issues -22.16 -1.45 -24.54 -1.43 

Refund requests -0.51 -0.04 -2.30 -0.14 

Call center and customer support -13.81 -0.92 -25.94 -1.65 

Number of people affected -16.06 -3.21** -15.21 -2.99** 

Disability-related 28.89 0.65 6.43 0.15 

Enumeration of complaints over the 

same flight 

4.66 1 1.35 0.26 

Count of complaints of the same flight 

from the same consumer 

6.49 1.95 . 7.26 2.03* 

Duplicate complaints  -18.03 -1.06 -20.31 -1.14 

Top tier 430.98 42.2*** 406.10 36.51*** 

Upper mid-tier 178.68 20.97*** 169.40 18.09*** 

Lower mid-tier 41.76 4.36*** 36.56 3.57*** 

Temperature of the destination location -0.73 -2.85** -0.49 -1.77 . 

Precipitation rate of the destination 

location 

1.58 0.46 2.28 0.66 

Temperature of the departure location -0.99 -4.04*** -1.06 -3.98*** 

Precipitation rate of the departure 

location 

8.09 2.19* -0.68 -0.16 

Month of the complaint -20.03 -18.96*** -19.22 -16.7*** 

Year of the complaint 84.17 32.27*** 82.76 29.66*** 

Female ratio of the traveling group -27.48 -3.48** -27.25 -3.19** 

Ratio of unidentified gender of the 

traveling group 

-67.33 -0.38 -31.08 -0.17 

Complainer being of unidentified gender  4.28 0.18 4.84 0.19 

Daily journey duration in the last three 

years 

-4.15 -27.96*** -3.93 -25.76*** 

Duration of the journey related to the 

complaint 

0.01 6.09*** 0.01 4.68*** 
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Minimum age among passengers 

traveling in the group 

-1.46 -7.56*** -1.49 -7.11*** 

Ticket costs  0.01 5.98*** 0.01 5.25*** 

Number of tickets -7.94 -6.64*** -7.31 -5.29*** 

Case duration 0.02 0.2 -0.01 -0.07 

Number of days affected by COVID 0.06 1.7 . 0.04 1.08 

Intercept  -169700 -32.22*** -166900 -29.61*** 

Adjusted R squared       

 

 

 0.06781 

 

 0.06803 
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Appendix D: Correlations of variables  

2.D1. Correlations of variables in logistic regression on vigilant complaints  

a. Part 1 

Variable 1 2 3 4 5 6 7 8 

1. Type  1.00 
       

2. Service at airport  0.08 1.00 
      

3. Service onboard 0.03 -0.07 1.00 
     

4. Delays 0.02 -0.06 -0.15 1.00 
    

5. Other experience issues 0.00 -0.06 -0.07 -0.16 1.00 
   

6. Missing bags -0.02 -0.07 -0.07 -0.18 -0.07 1.00 
  

7. Damaged bags -0.04 -0.08 -0.09 -0.21 -0.07 -0.08 1.00 
 

8. Shipped equipment issues -0.01 -0.03 -0.03 -0.07 0.04 -0.03 -0.03 1.00 

9. Other bag issues -0.02 -0.08 -0.12 -0.29 -0.10 -0.12 -0.13 0.18 

10. Refund requests -0.03 -0.09 -0.10 -0.30 -0.05 -0.12 -0.13 -0.05 

11. Call center and customer support -0.01 -0.11 -0.12 -0.21 -0.10 -0.12 -0.13 -0.05 

12. Number of people affected 0.02 0.01 -0.01 0.12 0.01 -0.05 -0.08 -0.02 

13. Disability-related 0.02 0.10 0.03 -0.01 0.002 -0.02 -0.02 0.03 

14. Enumeration of complaints over the 

same flight 

0.02 -0.02 -0.05 -0.01 -0.06 0.00 -0.03 -0.01 

15. Count of complaints of the same flight 

from the same consumer 

0.02 -0.02 -0.07 -0.05 -0.06 0.06 -0.03 -0.01 

16. Duplicate complaints  0.02 -0.01 -0.04 -0.17 -0.06 0.09 -0.02 0.01 

17. Member -0.003 0.03 0.07 0.02 0.06 -0.09 -0.01 0.00 

18. Lower mid-tier 0.001 0.01 0.03 -0.004 0.02 -0.01 -0.01 0.00 

19. Upper mid-tier -0.01 0.01 0.05 -0.004 0.04 -0.02 -0.01 -0.01 

20. Top tier 0.00 0.02 0.07 0.004 0.06 -0.03 -0.02 -0.01 

21. Temperature of the destination location 0.01 -0.02 -0.01 -0.001 -0.02 0.03 -0.05 -0.01 

22. Precipitation rate of the destination 

location 

0.002 0.001 -0.002 0.004 0.00 0.01 -
0.001 

0.001 

23. Temperature of the departure location 0.01 -0.01 -0.004 0.01 -0.04 0.03 0.02 -0.01 

24. Precipitation rate of the departure 

location 

-0.003 -
0.002 

-0.003 0.003 0.003 -
0.001 

0.001 -
0.002 

25. Month of the complaint -0.01 -0.03 -0.02 -0.04 -0.05 0.03 -0.02 -0.01 

26. Year of the complaint -0.02 -0.01 -0.09 -0.22 -0.10 0.19 0.10 0.03 

27. Female ratio of the traveling group -0.0005 0.00 -0.01 -0.02 -0.03 0.00 0.02 0.00 

28. Ratio of unidentified gender of the 

traveling group 

0.002 0.00 -0.002 -0.001 -0.002 0.000 0.002 0.000 

29. Complainer being of unidentified 

gender  

-0.002 0.00 -0.002 -0.003 -0.003 0.001 0.005 0.01 

30. Daily journey duration in the last three 

years 

0.004 0.02 0.07 0.05 0.08 -0.05 -0.03 -0.01 

31. Duration of the journey related to the 

complaint 

0.01 -0.02 -0.04 0.04 0.00 0.04 0.00 -0.02 

32. Minimum age among passengers 

traveling in the group 

0.003 0.05 0.05 0.02 0.06 -0.05 -0.04 -0.06 

33. Ticket costs  -0.005 -0.02 0.02 -0.04 0.01 0.05 0.01 0.01 

34. Number of tickets -0.005 -0.02 -0.05 0.05 -0.02 0.02 -0.01 0.02 
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b. Part 2: 

Variable 9 10 11 12 13 14 15 16 

9. Other bag issues 1.00 
       

10. Refund requests -0.05 1.00 
      

11. Call center and customer support 0.71 -0.17 1.00 
     

12. Number of people affected -0.07 0.04 -0.08 1.00 
    

13. Disability-related -0.01 -0.02 -0.02 0.01 1.00 
   

14. Enumeration of complaints over the same flight 0.04 0.00 0.07 0.09 0.00 1.00 
  

15. Count of complaints of the same flight from the same 

consumer 

0.03 0.02 0.07 0.02 0.00 0.66 1.00 
 

16. Duplicate complaints  -0.11 -0.02 0.05 0.01 -0.01 0.22 0.26 1.00 

17. Member -0.05 -0.01 -0.05 -0.02 -0.02 -0.04 -0.02 -0.04 

18. Lower mid-tier -0.01 0.00 -0.01 0.00 -0.01 -0.01 -0.01 -0.01 

19. Upper mid-tier -0.01 -0.03 -0.01 -0.03 -0.01 -0.02 -0.02 -0.01 

20. Top tier -0.02 -0.06 -0.01 -0.03 -0.02 -0.03 -0.03 -0.02 

21. Temperature of the destination location 0.05 -0.01 0.06 0.04 0.00 0.05 0.05 0.04 

22. Precipitation rate of the destination location 0.002 -0.002 -0.002 0.003 0.001 0.000 -0.002 -0.002 

23. Temperature of the departure location 0.02 -0.02 0.00 0.03 0.01 0.06 0.05 0.04 

24. Precipitation rate of the departure location 0.0002 -0.002 0.0002 -0.003 -0.002 0.00001 0.002 0.001 

25. Month of the complaint 0.004 0.01 -0.01 -0.01 0.00 0.03 0.02 0.01 

26. Year of the complaint 0.14 0.08 0.11 0.00 -0.02 0.17 0.21 0.05 

27. Female ratio of the traveling group 0.01 0.03 0.01 0.02 0.03 0.03 0.02 0.01 

28. Ratio of unidentified gender of the traveling group 0.003 0.003 0.002 -0.004 -0.002 -0.001 -0.001 -0.001 

29. Complainer being of unidentified gender  0.003 0.005 0.0002 0.001 -0.001 -0.002 0.000 -0.002 

30. Daily journey duration in the last three years -0.05 -0.08 -0.02 -0.04 -0.02 -0.05 -0.04 -0.03 

31. Duration of the journey related to the complaint 0.01 -0.08 0.04 0.02 -0.02 0.05 0.06 0.03 

32. Minimum age among passengers traveling in the 

group 

-0.07 0.01 -0.06 -0.12 0.06 -0.08 -0.06 -0.03 

33. Ticket costs  0.03 -0.05 0.03 0.15 -0.01 0.12 0.02 0.02 

34. Number of tickets 0.00 -0.02 0.00 0.26 -0.01 0.20 0.08 0.02 

 

 

c. Part 3 

Variable 17 18 19 20 21 22 23 24 25 

17. Member 1.00 
        

18. Lower mid-tier 0.17 1.00 
       

19. Upper mid-tier 0.19 -0.06 1.00 
      

20. Top tier 0.17 -0.05 -0.06 1.00 
     

21. Temperature of the destination 

location 

-0.10 -0.02 -0.03 -0.04 1.00 
    

22. Precipitation rate of the 

destination location 

0.002 -0.001 -0.004 0.001 -0.01 1.00 
   

23. Temperature of the departure 

location 

-0.12 -0.03 -0.04 -0.04 0.35 -0.01 1.00 
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24. Precipitation rate of the 

departure location 

0.002 -0.004 -0.0005 -0.001 -0.01 0.004 -0.01 1.00 
 

25. Month of the complaint -0.03 -0.01 0.00 -0.01 0.16 -0.01 0.14 -0.01 1.00 

26. Year of the complaint -0.04 0.01 -0.01 -0.02 0.02 0.00 0.03 0.00 -0.09 

27. Female ratio of the traveling 

group 

-0.05 -0.03 -0.08 -0.14 0.03 0.00 0.03 0.00 0.00 

28. Ratio of unidentified gender of 

the traveling group 

0.01 -0.002 -0.003 -0.002 -0.01 0.00 -0.01 0.01 0.01 

29. Complainer being of unidentified 

gender  

0.09 0.01 -0.01 -0.02 -0.01 0.00 -0.01 0.00 0.00 

30. Daily journey duration in the last 

three years 

0.21 0.04 0.18 0.48 -0.06 -0.01 -0.06 0.00 -0.01 

31. Duration of the journey related to 

the complaint 

-0.11 -0.03 -0.04 -0.02 0.11 -0.01 0.11 -0.01 -0.02 

32. Minimum age among passengers 

traveling in the group 

0.11 0.03 0.06 0.07 -0.02 -0.01 -0.03 0.00 0.03 

33. Ticket costs  -0.04 0.00 0.02 0.05 0.08 -0.01 0.08 -0.01 0.01 

34. Number of tickets -0.06 -0.01 -0.03 -0.03 0.07 0.00 0.06 -0.01 -0.02 

 

d. Part 4 

Variable 26 27 28 29 30 31 32 33 34 

26. Year of the complaint 1.00 
        

27. Female ratio of the traveling group 0.03 1.00 
       

28. Ratio of unidentified gender of the 

traveling group 

0.01 -0.02 1.00 
      

29. Complainer being of unidentified 

gender  

0.02 -0.01 0.07 1.00 
     

30. Daily journey duration in the last 

three years 

-0.21 -0.15 0.00 -0.02 1.00 
    

31. Duration of the journey related to the 

complaint 

-0.06 -0.01 -0.01 -0.02 0.17 1.00 
   

32. Minimum age among passengers 

traveling in the group 

-0.10 -0.03 0.00 -0.02 0.12 -0.01 1.00 
  

33. Ticket costs  0.03 0.00 -0.01 -0.01 0.03 0.20 -0.08 1.00 
 

34. Number of tickets 0.06 0.03 -0.01 -0.01 -0.01 0.24 -0.20 0.44 1.00 
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2.D2. Correlations of variables in regressions on changes in purchase value 

a. Part 1 

Variable 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Change in purchase value 
1.00                             

Type  -0.01 1.00                           

Mileage (loyalty points) -0.003 0.01 1.00                         

Promotion codes -0.01 0.00 -0.08 1.00                       

Giftcard, voucher, ecoupon or 

credit 0.01 0.03 -0.01 -0.28 1.00                     

Cash or refund -0.002 -0.03 -0.01 0.08 -0.08 1.00                   

Service at airport  0.01 0.06 0.02 -0.02 0.01 -0.09 1.00                 

Service onboard 0.004 0.002 0.04 0.10 0.00 -0.15 -0.13 1.00               

Delays -0.03 -0.01 -0.01 -0.03 0.22 -0.05 -0.12 -0.29 1.00             

Other experience issues 0.01 -0.01 0.09 -0.09 -0.04 -0.06 -0.10 -0.13 -0.25 1.00           

Missing bags 0.01 0.00 -0.02 0.07 -0.07 -0.05 -0.05 -0.06 -0.12 -0.05 1.00         

Damaged bags 0.003 -0.01 -0.02 0.02 -0.07 0.10 -0.05 -0.06 -0.12 -0.04 -0.02 1.00       

Shipped equipment issues -0.004 -0.01 -0.01 -0.02 -0.03 0.03 -0.03 -0.03 -0.06 0.05 -0.01 -0.01 1.00     

Other bag issues 0.01 -0.01 -0.05 -0.01 -0.09 0.26 -0.07 -0.14 -0.28 -0.11 -0.06 -0.05 0.13 1.00   

Refund requests 0.01 -0.02 -0.02 0.15 -0.06 0.25 -0.08 -0.11 -0.26 -0.06 -0.05 -0.05 -0.03 -0.02 1.00 

Call center and customer support 
0.01 0.00 -0.05 -0.07 -0.11 0.22 -0.13 -0.16 -0.21 -0.12 -0.06 -0.06 -0.03 0.68 -0.12 

Number of people affected -0.01 0.00 0.01 0.01 0.07 0.08 -0.01 -0.03 0.10 0.01 -0.04 -0.04 -0.02 -0.07 0.04 

Disability-related -0.01 0.02 0.00 -0.02 0.06 -0.01 0.07 0.00 -0.02 0.00 -0.01 -0.01 0.03 0.00 -0.01 

Enumeration of complaints over 

the same flight 0.03 0.01 -0.03 -0.08 0.01 0.01 -0.04 -0.08 0.01 -0.06 0.00 0.00 -0.01 0.05 -0.01 

Count of complaints of the same 

flight from the same consumer 0.03 0.01 -0.03 -0.07 0.00 -0.01 -0.04 -0.08 -0.01 -0.06 0.05 0.01 -0.01 0.04 0.01 

Duplicate complaints  0.01 0.01 -0.03 -0.14 -0.11 -0.11 -0.03 -0.06 -0.19 -0.08 0.12 0.01 0.02 -0.09 0.00 

Lower mid-tier -0.02 0.01 -0.02 0.01 0.00 0.04 -0.02 -0.02 -0.01 -0.01 0.01 0.01 0.00 0.02 0.03 

Upper mid-tier 0.04 0.00 0.00 0.01 0.00 -0.01 0.01 0.02 -0.01 0.00 0.02 -0.01 -0.01 0.00 -0.02 

Top tier 0.10 0.00 0.10 -0.05 0.04 -0.05 0.03 0.09 -0.02 0.05 -0.01 -0.03 -0.01 -0.03 -0.08 

Temperature of the destination 

location 0.00 0.00 -0.01 -0.04 0.06 0.05 -0.02 -0.02 -0.02 -0.04 0.06 -0.01 -0.01 0.08 0.01 
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Variable 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Precipitation rate of the 

destination location 0.004 
-

0.002 
0.002 0.01 

-
0.001 

-
0.001 

-
0.001 

-
0.001 

0.002 0.001 0.002 0.01 0.003 0.01 -0.004 

Temperature of the departure 

location 0.00 0.00 -0.01 0.00 0.08 0.03 -0.01 0.00 0.00 -0.06 0.06 0.04 0.00 0.04 0.01 

Precipitation rate of the 

departure location 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.01 -0.01 -0.01 0.00 -0.01 0.00 

Month of the complaint -0.07 -0.01 0.01 -0.05 0.04 0.00 -0.03 -0.01 -0.05 -0.06 0.02 0.00 -0.02 0.03 0.01 

Year of the complaint 0.18 0.00 -0.03 -0.06 0.08 0.10 0.03 -0.06 -0.13 -0.07 0.12 0.07 0.00 0.16 0.09 

Female ratio of the traveling 

group -0.03 0.00 -0.04 0.02 0.00 0.04 0.01 -0.01 -0.02 -0.03 0.00 0.02 0.00 0.02 0.04 

Ratio of unidentified gender of 

the traveling group 0.001 0.001 
-

0.003 
0.01 -0.01 0.00 -0.01 

-

0.002 

-

0.002 

-

0.005 
0.01 0.01 0.00 0.01 0.00 

Complainer being of unidentified 

gender  0.003 -0.01 -0.01 0.002 0.002 0.02 -0.01 -0.02 0.00 -0.01 0.02 0.01 0.00 0.02 0.02 

Daily journey duration in the last 

three years -0.09 0.00 0.09 -0.04 0.02 -0.07 0.01 0.06 0.04 0.05 -0.04 -0.03 -0.01 -0.07 -0.10 

Duration of the journey related to 

the complaint -0.01 0.00 0.00 -0.04 0.02 0.00 -0.02 -0.03 0.03 0.02 0.02 0.01 -0.01 0.01 -0.05 

Minimum age among passengers 

traveling in the group 
-0.04 0.00 0.03 -0.03 -0.01 -0.07 0.03 0.05 0.00 0.05 -0.02 -0.04 -0.04 -0.07 -0.03 

Ticket costs  0.03 0.00 0.03 -0.02 0.01 0.01 -0.01 0.06 -0.06 0.03 0.04 0.00 0.01 0.02 -0.05 

Number of tickets -0.01 0.01 -0.01 -0.02 0.05 0.07 -0.02 -0.07 0.06 -0.01 -0.01 -0.01 0.01 -0.01 0.00 

Case duration 0.01 0.01 -0.02 0.04 0.13 0.05 -0.02 -0.07 0.07 -0.05 0.08 -0.02 -0.01 0.03 0.01 

Number of days affected by 

COVID 0.05 -0.01 -0.02 -0.04 -0.01 -0.03 0.01 -0.04 -0.14 0.06 0.01 0.02 -0.01 0.04 0.07 
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b. Part 2 

Variable 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 

Call center and 

customer support 

1.00                               

Number of people 

affected 

-0.08 1.00                             

Disability-related 
-0.02 0.02 1.00                           

Enumeration of 

complaints over the 

same flight 

0.06 0.08 0.00 1.00                         

Count of complaints 

of the same flight 

from the same 

consumer 

0.06 0.03 0.03 0.64 1.00                       

Duplicate complaints  
0.06 0.00 0.00 0.25 0.26 1.00                     

Lower mid-tier 
0.01 0.05 0.00 0.01 0.01 0.01 1.00                   

Upper mid-tier 
0.01 -0.02 -0.02 0.00 0.00 0.01 -0.22 1.00                 

Top tier 
-0.02 -0.04 -0.02 -0.05 -0.05 -0.03 -0.21 -0.25 1.00               

Temperature of the 

destination location 

0.08 0.03 -0.01 0.08 0.09 0.04 0.01 0.01 -0.03 1.00             

Precipitation rate of 

the destination 

location 

-0.003 0.002 0.000 -0.01 -0.01 -0.01 0.00 -0.01 0.00 -0.01 1.00           

Temperature of the 

departure location 

-0.01 0.03 0.004 0.09 0.08 0.03 0.02 0.01 -0.02 0.27 0.00 1.00       

Precipitation rate of 

the departure location 

0.00 0.01 -

0.005 

-

0.003 

0.000 0.004 -0.01 0.00 0.00 0.01 0.00 -0.01 1.00       

Month of the 

complaint 

-0.01 -0.03 0.00 0.07 0.04 0.02 0.00 0.02 0.01 0.23 -0.02 0.21 -0.01 1.00     

Year of the complaint 
0.10 0.03 -0.02 0.18 0.19 0.07 0.05 0.05 -0.05 0.16 0.00 0.16 0.00 0.01 1.00   

Female ratio of the 

traveling group 

0.01 0.07 0.03 0.04 0.03 0.02 0.02 -0.04 -0.19 0.04 0.00 0.03 0.00 -0.01 0.04 1.00 
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Variable 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 

Ratio of unidentified 

gender of the 

traveling group 

0.00 0.00 0.00 0.00 0.00 -0.01 -0.01 -0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.01 -0.02 

Complainer being of 

unidentified gender  
0.01 0.01 0.00 0.01 0.01 0.01 0.01 -0.04 -0.05 0.02 0.01 0.02 -0.01 0.00 0.05 0.01 

Daily journey 

duration in the last 

three years 

-0.03 -0.07 -0.02 -0.07 -0.07 -0.04 -0.12 0.01 0.46 -0.08 -0.01 -0.08 0.00 -0.01 -0.34 -0.18 

Duration of the 

journey related to the 

complaint 

0.04 0.01 -0.02 0.04 0.05 0.00 -0.02 0.00 0.05 0.02 0.00 0.01 0.00 -0.03 -0.08 -0.01 

Minimum age among 

passengers traveling 

in the group 

-0.06 -0.15 0.05 -0.08 -0.07 -0.03 -0.03 0.05 0.08 -0.04 0.00 -0.05 0.00 0.03 -0.13 -0.04 

Ticket costs  
0.03 0.13 -0.01 0.06 0.02 0.01 -0.01 0.06 0.13 0.08 -0.01 0.07 -0.01 0.03 0.00 0.01 

Number of tickets 
0.00 0.30 0.00 0.16 0.11 0.02 0.03 -0.01 -0.03 0.05 0.00 0.03 0.00 -0.03 0.05 0.07 

Case duration 
0.02 0.04 0.00 0.04 0.05 -0.01 0.03 0.01 -0.09 0.07 0.00 0.07 0.00 0.05 0.14 0.03 

Number of days 

affected by COVID 

-0.01 -0.01 -0.01 0.00 0.02 0.00 0.02 0.01 -0.01 -0.03 0.02 -0.04 0.02 0.06 0.28 0.01 
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c. Part 3 

 

Variable 32 33 34 35 36 37 38 39 40 

Ratio of unidentified gender of 

the traveling group 
1.00                 

Complainer being of 

unidentified gender  
0.09 1.00               

Daily journey duration in the 

last three years 
-0.01 -0.06 1.00             

Duration of the journey related 

to the complaint 
-0.01 -0.01 0.24 1.00           

Minimum age among 

passengers traveling in the 

group 
-0.01 -0.07 0.12 0.05 1.00         

Ticket costs  -0.01 -0.02 0.08 0.28 -0.02 1.00       

Number of tickets -0.01 -0.01 0.00 0.29 -0.18 0.29 1.00     

Case duration 0.01 0.02 -0.10 0.00 -0.05 0.00 0.04 1.00   

Number of days affected by 

COVID 
0.00 0.01 -0.09 -0.02 -0.03 -0.04 0.01 -0.01 1.00 
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Appendix E: 2.E. Linear regression before and after propensity matched scoring on 

change in redemption frequency 

  
Before correction After correction 

Variables 
β t value β t value 

Type  
-0.88 -2.13* -0.84 -2.17* 

Mileage (loyalty points) 
-0.91 -2.20* -0.62 -1.49 

Promotion codes 
-0.05 -0.33 0.04 0.25 

Giftcard, voucher, ecoupon or credit 
-0.43 -2.57* -0.30 -1.77 . 

Cash or refund 
-0.32 -2.90** -0.31 -2.61* 

Service at airport  
-0.14 -0.45 -0.40 -1.28 

Service onboard 
-0.22 -0.70 -0.50 -1.43 

Delays 
-0.01 -0.02 -0.23 -0.83 

Other experience issues 
0.33 0.96 0.10 0.30 

Missing bags 
-1.40 -3.29** -1.00 -1.81 . 

Damaged bags 
-0.83 -2.30* -0.53 -1.65 

Shipped equipment issues 
-1.01 -1.35 -1.14 -1.32 

Other bag issues 
-0.45 -1.38 -1.50 -2.91* 

Refund requests 
-0.001 -0.002 -0.05 -0.14 

Call center and customer support 
-0.29 -0.91 -0.21 -0.70 

Number of people affected 
-0.33 -3.11** -0.31 -2.99** 

Disability-related 
0.55 0.59 0.13 0.15 

Enumeration of complaints over the same flight 0.11 1.09 0.03 0.26 

Count of complaints of the same flight from the same consumer 0.13 1.87 . 0.15 2.03* 

Duplicate complaints  
-0.36 -1.01 -0.42 -1.14 

Top tier 
9.03 42.06*** 8.32 36.51*** 

Upper mid-tier 
3.73 20.87*** 3.47 18.09*** 

Lower mid-tier 
0.88 4.40*** 0.75 3.57*** 

Temperature of the destination location -0.01 -2.59** -0.01 -1.77 . 

Precipitation rate of the destination location 0.03 0.37 0.05 0.66 

Temperature of the departure location -0.02 -4.25*** -0.02 -3.98*** 

Precipitation rate of the departure location 0.17 2.14* -0.01 -0.16 

Month of the complaint -0.41 -18.49*** -0.39 -16.70*** 

Year of the complaint 1.74 31.71*** 1.70 29.66*** 

Female ratio of the traveling group -0.54 -3.24*** -0.56 -3.19** 

Ratio of unidentified gender of the traveling group -1.33 -0.36 -0.64 -0.17 

Complainer being of unidentified gender  0.14 0.28 0.10 0.19 

Daily journey duration in the last three years -0.09 -27.18*** -0.08 -25.76*** 

Duration of the journey related to the complaint 0.0002 6.09*** 0.00 4.68*** 

Minimum age among passengers traveling in the group -0.03 -7.47*** -0.03 -7.11*** 

Ticket costs  0.0002 6.00*** 0.0002 5.25*** 

Number of tickets -0.16 -6.51*** -0.15 -5.29*** 
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Before correction After correction 

Variables 
β t value β t value 

Case duration 0.0004 0.28 -0.0001 -0.07 

Number of days affected by COVID 0.001 1.36 0.001 1.08 

Intercept  -3516.35 -31.66*** -3419.09 -29.61*** 

Adjusted R squared 0.06799 0.068 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



131 

 

Appendix F: Standardized mean differences after propensity score matching 

 To measure the balance of the covariates between the vigilant and conciliatory 

groups before and after propensity score matching, we use the standardized mean 

difference (SMD), which is the mean difference between the treatment (i.e. the vigilant 

group) and the control (i.e. the conciliatory groups) divided by the pooled standard 

deviation Zhang et al., 2019), with the often used threshold of .1 to determine whether 

there is balance in a covariate. The table below  shows the SMD of each covariate before 

and after correction. Among the covariates before correction, 6 out of 32 variables have 

SMD > .1, while only one covariate after correction (service at the airport) has SMD >.1. 

Furthermore, the SMD of service at the airport after correction is .27, lower than that 

before correction .34. In other words, propensity score matching helps the covariates to 

achieve decent balance. 

 

2.F. Standardized mean differences of the covariates between vigilant and 

conciliatory groups before and after correction 

Covariate Standardized mean 

differerence before 

correction 

Standardized mean 

difference after correction 

Service at airport  0.34 0.269 

Service onboard 0.101 0.01 

Delays 0.077 0.064 

Other experience issues 0.044 0.052 

Missing bags 0.091 0.014 

Damaged bags 0.309 0.049 

Shipped equipment issues 0.072 0.056 

Other bag issues 0.138 0.072 

Refund requests 0.224 0.093 

Call center and customer support 0.027 0.017 

Number of people affected 0.063 0.021 

Disability-related 0.091 0.077 

Enumeration of complaints over the 

same flight 
0.073 

0.053 
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Count of complaints of the same flight 

from the same consumer 
0.077 

0.062 

Duplicate complaints  0.073 0.046 

Top tier 0.034 0.021 

Upper mid-tier 0.04 0.007 

Lower mid-tier 0.045 0.033 

Temperature of the destination 

location 
0.021 

0.003 

Precipitation rate of the destination 

location 
0.003 

0.012 

Temperature of the departure location 0.035 0.014 

Precipitation rate of the departure 

location 
0.012 

0.007 

Month of the complaint 0.034 0.035 

Year of the complaint 0.101 0.025 

Female ratio of the traveling group 0.002 0.012 

Ratio of unidentified gender of the 

traveling group 
0.009 

0.006 

Complainer being of unidentified 

gender (vs other genders) 
0.035 

0.034 

Daily journey duration in the last 

three years 
0.034 

0.006 

Duration of the journey related to the 

complaint 
0.034 

0.016 

Minimum age among passengers 

traveling in groups 
0.015 

0.015 

Ticket costs  0.022 0.002 

Number of tickets 0.022 0.033 

 

 

 

 

 

 

 

 

 



Conclusion 

The two research areas charity advocacy and service failures and recovery are 

both mature with rich literature behind them. With rapid changes in the marketplace and 

in society, they both need out-of-the-box thinkings to make further important 

contributions to the fields. This requires the use of more sophisticated methods, the 

consideration for complex relationship dynamics and a long-term vision. In both essays, 

textual analysis through deep learning plays a central role in the development of new 

constructs. Both pay attention to intricate relationships through time. And both are 

motivated by social well-being.  

Deep learning in the identification of new constructs 

While textual analysis is becoming more and more popular in marketing, deep 

learning for textual analysis is relatively new and mostly found in methodological papers. 

Meanwhile, mainstream approaches for text face limitations, most notably being 

unfeasible for big data (e.g. quantitative content analysis) or lower levels of accuracy 

(e.g. lexicon-based approaches like LIWC). By combining deep learning for textual 

analysis with advanced quantitative approaches, we uncover diverse aspects of field data 

and make novel theoretical contributions to two different areas in marketing, while also 

ensuring the robustness of our findings.  

In essay one, we classified charity-related messages, along with mission-related 

messages and non-mission-related messages, making comparisons of their impacts 

possible.  Charity messages have positive total effects on sales in both short and long terms. 

So do mission messages. However, non-mission messages have significant direct effects 

on sales in the short and long terms, though in opposite directions. That is, the short-term 
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direct effect of non-mission signaling on sales is positive, but its long-term direct effect is 

negative. We explain this surprising result by arguing that the authenticity of non-mission 

related signals may decrease with repetition, which is the opposite for charity signaling.  

 Furthermore, by studying charity-advocating artists, we contribute to the 

understanding of the actors in the non-profit-related network by examining the role of an 

additional intermediary (i.e., supporting artists). The exploration of a finer-grained 

conceptualization of the different actors involved in charity donation is important as non-

profit research keeps growing as a field. 

In the second essay, textual analysis helped us to identify and thus, be able to 

contrast vigilant complaints with conciliatory complaints at different stages of the service 

failure and recovery journey. We examine the antecedents leading customers to become 

vigilantes or conciliators. This allows us to validate the two complaint types and prevent 

the occurrence of vigilante complaints in the future. Also, by identifying their 

consequence – purchase value, we also linked two complaint types to an objective 

measure with real financial impacts:  

Different perspectives of time 

Furthermore, working with big data allows us to study complex theoretical 

aspects. Specifically, we are interested in different aspects of time, i.e., the intermittent 

versus continuous nature of activities (essay 1) and the episodic fluctuations in consumer 

perceptions and experience (essay 2).  

In essay one, we examined short and long-term mediation effects of charity-

related messages and other types of messages on sales through social media engagement, 

using multilevel mediation. By analyzing simultaneously short- and long-term effects in 
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essay one, we provide new insights into reconciling previous conflicting results. Indeed, 

we find that among musicians, charity signaling has a positive indirect effect on sales 

through social media engagement in the short and long terms. The indirect effect of 

charity signaling on sales (through engagement) is lower than the impacts of other types 

of signaling in the short term. Yet, in the long term, it is higher than other types of 

signaling, including mission signaling, despite the latter’s focus on artists’ core business.  

In essay two, by studying the antecedents and consequences of vigilant and 

conciliatory complaints, we detect complex dynamics between constructs at different 

stages of the customer experience. Some variables (e.g. duration of the journey related to 

the complaint) are positively associated with the likelihood of vigilant complaints but at 

the later stages with an increase in purchase value. Or vice versa, some are negatively 

associated with the likelihood of vigilant complaints (e.g. missing bags) but at the later 

stage with a decrease in purchase value. This indicates the diverse routes of different 

variables at each stage of service failure and recovery journey. 

Social well-being 

Also, despite belonging to different contexts, both essays aim to contribute to 

different aspects of well-being. As an important part of sustainability, well-being issues 

are becoming more important than ever, in the aftermath of the COVID epidemic and 

with complex global environmental and social challenges around us. Our research helps 

brands and firms to achieve their financial goals while also making social good an 

important part of their strategies. 

The first essay, with its focus on charity advocacy among human brands, supports 

efforts for community well-being. Previous literature examined the role of celebrities for 



136 

 

advocacy mainly through their usefulness for the causes. However, to make this 

relationship long-lasting, it is important to consider their interests. As musicians might 

hesitate to support social causes, our research encourages them not only to do this openly 

but also do this on a regular basis. By linking charity advocacy with musicians’ long-term 

financial performance, we propose a win-win situation for musicians and non-profits. In 

other words, we build a case for transformative prosocial actions to ensure sustainable 

social improvements.  

The second essay, by using resource literature, instead, examines the role of 

consumer resources, including their mental health resources, in their decisions. 

Individuals, depending on failure types and existing relationships with the firm, perceive 

the loss of resources differently. These perceptions could also change at different stages 

of the customer journey. The essay also brings attention to vulnerable people, who get 

more affected in case of service failures, due to their possession of fewer resources. This 

perspective, which is distinct from the familiar justice perspective in service failure 

literature, allows firms to develop strategies with well-being at the center, and thereby 

indirectly contributing to a happy community. 

Thus, by going beyond the disciplinary boundaries and relying on methodological 

advances and society-based motivations, both essays have theoretical and managerial 

contributions for their respective areas with new constructs, dynamics and perspectives.    

 


