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#BuyNothingDay: investigating consumer 
restraint using hybrid content analysis of 
Twitter data  
 
 
Abstract 
 

Purpose:  

This study aims to investigate motivations and human values of everyday 

consumers who participate in the annual day of consumption restraint 

known as Buy Nothing Day (BND). In addition, this study demonstrates a 

hybrid content analysis method in which artificial intelligence and human 

contributions are used in the data analysis.  

 

Design/methodology/approach:  

This research uses a hybrid method of content analysis of a large Twitter 

data set spanning three years.  

 

Findings:  

Consumer motivations are categorized as relating to consumerism, 

personal welfare, wastefulness, environment, inequality, anti-capitalism, 

financial responsibility, financial necessity, health, ethics and resistance 

to American culture. Of these, consumerism and personal welfare are the 

most common. Moreover, human values related to “openness to change” 

and “self-transcendence” were prominent in the BND tweets.  

  

Research limitations/implications:  

This research demonstrates the effectiveness of a hybrid content analysis 

methodology and uncovers the motivations and human values that 

average consumers (as opposed to consumer activists) have to restrain 

their consumption. This research also provides insight for firms wishing 

to better understand and respond to consumption restraint.  

 

Practical implications: 

This research provides insight for firms wishing to better understand and 

respond to consumption restraint.  
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Originality/value:  

The question of why everyday consumers engage in consumption 

restraint has received little attention in the scholarly discourse; this 

research provides insight into “everyday” consumer motivations for 

engaging in restraint using a hybrid content analysis of a large data set 

spanning over three years.  

 

Keywords:  

Content analysis, Anti-consumption, Consumerism, BlackFriday, 

BuyNothingDay, Consumer restraint, Hybrid method, Twitter data  

 

Paper type:  

Research paper 
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Introduction 
 
Consumers today show record levels of spending: the ratio of household 

debt to disposable income reached almost 128 per cent in 2017 (OECD, 

2019). In light of this spending boom, it is not surprising that consumer 

research focuses on how and why consumers satisfy needs and wants 

through market offerings. Yet, consumption restraint – the purposeful 

practice of restricting consumption – is an increasingly popular 

movement among consumers and has received increasing attention in 

academic literature as a result (Balderjahn et al., 2018; Cronin et al., 

2015; Galvagno, 2011; Lee et al., 2011; Odou and de Pechpeyrou, 2011; 

Pentina and Amos, 2011).  

Until recently, experiences and efforts around consumption restraint 

were largely shared among like-minded people, such as anti-consumption 

groups, and have been explored by researchers with specific focus on 

these populations. As a result, the existing literature has studied 

consumption restraint with self-identified anti-consumers or activists 

(Black and Cherrier, 2010; Cherrier et al., 2011; Garcia-Bardidia et al., 

2011; Pentina and Amos, 2011). Yet, consumption restraint is growing in 

popularity among typical consumers as well, bolstered by cultural, 

environmental and economic shifts such as increasing concerns about the 

natural environment and climate change (Black and Cherrier, 2010; 

Dobscha, 1998). For example, following the global economic crises in 

2008 and 2009, there has been a renewed interest in the notions of 

austerity and frugality as opportunities for achieving sustainable 

consumption (Evans, 2011). Yet, little is currently known about 

motivations of the broader, general population who may not identify as 

anti-consumers but who engage in consumption restraint, nevertheless. 

As such, existing literature portrays an incomplete (Locke and Golden-

Biddle, 1997) picture of the consumers who engage in this practice.  

As typical consumers become more aware of issues related to 

materialism, minimalism and the environmental impact of their 

consumption, understanding the motivations and behavior of the broader 

consumer is a necessary and timely undertaking. Specifically, an 

enhanced understanding of the motivations for consumption restraint is 

important for practitioners and scholars. First, for practitioners, it 

provides insight into consumer motivations that managers can use to 

craft strategies and appropriate responses to typical consumers who wish 
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to practice some level of restraint. Second, for scholars, it is relevant as 

it adds depth to the growing literature on consumption restraint by 

providing understanding of mainstream restraint. Research is needed 

to understand how a typical consumer (as opposed to how consumers 

whose self-identities and lifestyles rely heavily on non-consumption 

practices) restrains his/her consumption.  

In addition to the growing popularity of the consumption restraint 

phenomena, the rise of social media brings the narratives of typical 

consumers to the fore, with the potential to increase their reach and 

impact. For instance, communications on social media sites have been 

credited for mobilizing significant social events such as the “Arab 

Spring” (Brown et al., 2012) or the Stanley Cup Riots in Canada in 

2011 (Stueck, 2018). Moreover, content shared on Twitter has been 

found to impact audience opinions and attitudes toward organizations 

and brands (Burch et al., 2015; Jin and Pua, 2014; Qin, 2015). These 

phenomena suggest that it is worthwhile and important for firms to 

gain a broader understanding of the “how” and “why” of consumption 

restraint behavior from social media communications. In addition, 

social media content is spontaneous, easily accessible, live (Tirunillai 

and Tellis, 2014) and based on a large number of contributions from 

many individuals. Thus, communications on social media sites offer 

valuable opportunities for marketers to create knowledge about the 

creators of these data, including about their motivations, wants, needs, 

values and behaviors.  

In this paper, we explore consumption restraint through 

exploration of tweets about “Buy Nothing Day” (BND). In BND, 

consumers commit to buying nothing on the most popular shopping 

holiday of the year: “Black Friday”. We explore consumption restraint 

through BND participation via content analysis of user-generated 

comments over three years on Twitter. Our study uses a hybrid 

content analysis, combining computerized analysis via an artificial 

intelligence (AI) application and human coding. In the extant 

literature, hybrid content analysis has been discussed as an effective 

approach to generate insights from unstructured text data (Lewis et 

al., 2013; Su et al., 2017; Zamith and Lewis, 2015). Our study 

demonstrates such a hybrid content analysis method.  
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The research questions that our paper aims to answer are:  

RQ1. What motivation(s) does the general consumer population have to 

participate in consumption restraint through BND?  

RQ2. How can different content analysis methods–manual and 

automated using AI– be used to extract insights from user-generated 

data?  

In answering these questions, this research makes two key 

contributions to literature. First, this research contributes to our current 

understanding of consumption restraint in consumers through an 

analysis of consumer tweets related to BND. More specifically, this study 

extends the previous literature on consumption restraint by identifying 

new motivations for why consumers partake in consumption restraint. 

Second, this research contributes to an understanding of the 

methodological approaches that can be used to gain market intelligence 

from unstructured data using human and AI methods. This latter point 

has been identified as an area under-represented in the current literature 

and requiring further scholarly attention (Balducci and Marinova, 2018; 

Duan et al., 2019; Gupta et al., 2018; Jarrahi, 2018; Kaplan and Haenlein, 

2019; Singh et al., 2019). In what follows, we review the literature on 

consumption restraint and provide a background on BND, followed by a 

literature review on content analysis methods. Subsequently, we describe 

our research methodology and the results of our hybrid content analysis 

in detail. We conclude our article with a summary of contributions, 

limitations and suggestions for future research.  

 

 

 

Literature review 
 
Consumption restraint, consumer resistance and anti-
consumption  
 

Consumption restraint refers to consumer resistance against the culture 

of consumption (Penaloza and Price, 1993) and includes anti-

consumption and consumer resistance. In this section, we explain these 

constructs, including the differences and relationships between them. 

Specifically, using the framework suggested by Füller (2010), we describe 
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the primary actor(s) (the who?), the specific activities (the how?) and the 

object (the what?) for each, anti- consumption and consumer resistance, 

thus providing a comprehensive understanding of the constructs that 

guide our research (Table I).  

 
Table I Key terms within consumption restraint: anti- consumption and consumer 

resistance 

 

Key Term 
Actors (the 
who?) 

Behavior (the how?)  
Object (the what?)  

Anti-
consumption 

Individuals Any or all of:  

• Rejecting: intentionally 
excluding offerings from 
consumption (Lee et al., 
2011). 

• Restricting: reducing or 

limiting consumption of 
offerings, often for a specific 
period of time (Eagle and 
Dahl, 2015; Lee et al., 2011). 

• Reclaiming: shifting the 
acquisition, use and dis-

possession of offerings (Lee 
et al., 2011) 

Process of consumption, 
i.e. the acquisition, use 
and disposition of 
commodified goods, 
including ideas, services, 

products, brands and 
experiences (Cherrier et 
al., 2011; Lee et al., 2011) 

Consumer 
resistance 

Individuals Resisting power influences 
attempted by firms or other 
consumers over an individual 

(Lee et al., 2011; Roux, 2007) 

Perceived dominant force 
exerted by certain actors, 
behaviors, and devices 

(Cherrier, 2009; Cherrier 
et al., 2011; Roux, 2007)  

 

Anti-consumption encompasses individuals’ behaviors that are in 

opposition to the process of consumption (Cherrier et al., 2011; Lee et 

al., 2011, 2009; Zavestoski, 2002). For example, anti-consumption 

can involve avoidance of consumption or resentment toward 

consumption of any commodified offering, including products, 

services, brands or ideas (Zavestoski, 2002). In the extant literature, 

anti-consumption is broadly classified into a phenomenon 

encompassing three, non-exclusive behaviors: reject, restrict and 

reclaim (Lee et al., 2011). Reject behavior includes individuals 

intentionally excluding particular offerings from their consumption 

behavior. In the process of restricting, individuals abstain from, 

reduce or limit consumption of certain products, often for a specific 

period of time (Eagle and Dahl, 2015; Lee et al., 2011). Limiting 

consumption is often linked to political or social movements aimed at 

temperance of consumption. Reclaim behavior represents an 

ideological shift regarding the behaviors of acquisition, use and dis-

possession of offerings (Lee et al., 2011). For instance, voluntary 
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simplifiers opt to consume only in a matter that will improve their 

happiness, and thereby do not consume otherwise (Craig-Lees and Hill, 

2002). In this regard, voluntary simplifiers’ behavior reflects their 

ideological stance (Lee et al., 2011), for example when deciding to grow 

their own vegetables rather than acquiring them through businesses.  

Consumer resistance focuses on individuals opposing a leading force 

exerted by certain actors, such as businesses or other consumers, 

behaviors or devices (Cherrier, 2009; Lee et al., 2011; Roux, 2007). 

Specifically, as firms attempt to influence consumers’ behaviors, for 

example via advertising or selling tactics, they aim to exert power over 

consumers. Consumers can resist these influences, for example by 

expressing discontent in various forms. As an illustration, consumers can 

resist firms’ selling tactics for reasons of autonomy or ethics. This 

behavior can be directed toward specific brands (Hogg et al., 2009), 

corporate greed or the dominant system of capitalism in general. 

Complaining behavior, boycotts and “culture jamming” are all 

expressions of discontent, whereby the latter encompasses behavior 

intended to combat consumerism through disrupting mainstream 

consumption or corporate advertising (Kozinets and Handelman, 2004). 

Some consumers also choose to avoid companies as an exchange partner 

in consumption, instead favoring alternative channels, such as consumer-

to-consumer exchanges, sharing or second-hand markets (Lee et al., 

2011).  

The above discussion highlights that anti-consumption and consumer 

resistance are distinct, but not mutually exclusive concepts, and that they 

both fall under the larger umbrella of research on consumption restraint. 

In some cases, consumer resistance is manifest by anti-consumption 

behavior, for example through boycotts, or the rejection of certain 

products, brands or firms (Lee et al., 2011). 

However, consumer resistance may also be expressed through certain 

consumption behaviors, for example, through buying used or sharing 

access to offerings (Albinsson et al., 2010). In the same way, not all facets 

of anti- consumption behavior need to necessarily involve consumer 

resistance against attempted influences by businesses or other economic 

actors. This suggests that anti-consumption and consumer resistance, 

while different, overlap in parts (Figure 1).  

To summarize, anti-consumption behavior is concerned with the 

behaviors of rejecting, restricting and reclaiming of commodified 

offerings, while consumer resistance focuses on consumers opposing 
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offerings associated with a structure of dominance. “Anti-

consumption is concerned with consumption issues while consumer 

resistance is concerned with power issues” (Lee et al., 2011). The 

research presented in this paper is positioned at the intersection of the 

domains, as illustrated in Figure 1 below.  

 
Figure 1 Delineating BND participation within the domains of consumption restraint 

(anti- consumption and consumer resistance)  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Consumption restraint, internal motivations and values  
 

Recent work has posited that in any form, consumption restraint 

practices are rooted in consumer subjectivity (Cherrier et al., 2011). Thus, 

a practical view of consumption restraint adopts a micro-perspective in 

which consumption restraint behavior is related to and impacted by an 

individual’s self-identity: “[...] anti-consumption, like consumption 

practices, enable consumers to express their values, ideas, beliefs and 

overall identities” (Cherrier et al., 2011, p. 1,758). This micro-perspective 

is echoed by other scholars who suggest that consumption restraint 

practices are affected by psychological factors (Pepper et al., 2009), such 

as the self-consciousness, self-actualization and assertiveness of the 

individual (Iyer and Muncy, 2009; Lee et al., 2011). As such, personal 

narratives, values, culture, experience and perception inform an 

individual’s decision to restrain their consumption.  
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The extant literature offers various perspectives on the root causes for 

consumption restraint behaviors within the micro-perspective and one’s 

self-identity. Iyer and Muncy (2009), for instance, classify anti-

consumption behavior based on two dimensions. The first dimension is 

the purpose of anti-consumption, which the authors categorize as either 

for personal or social purposes. The second dimension is the degree of 

specificity regarding the object of anti-consumption which is divided into 

specific products, brands or offerings on the one hand, and general 

consumption resistance on the other hand. The typology suggested by 

Iyer and Muncy (2009) with four types of anti-consumers has been useful 

in characterizing certain forms of consumption temperance in a number 

of scholarly studies (Galvagno, 2011; Odou and De Pechpeyrou, 2011; 

Pentina and Amos, 2011; Rindell et al., 2014).  

Another study within the micro-perspective explores self-identity with 

two consumer restraint groups – culture jammers and voluntary 

simplifiers (Cherrier, 2009). The results from in-depth interviews in this 

study suggest that individuals self-identify either as a hero (whose goal is 

to change the world) or as someone who is a project resistor (whose goal 

is to change themselves). Cherrier et al. (2011), using in-depth interviews, 

found that non- consumption was typically associated with two themes: 

first, a desire to be unlike a typical consumer or “consumer resistance 

against ‘them’ (other careless consumers)” (Cherrier et al., 2011, p. 1,764). 

The second theme is the adoption of mundane, everyday practices that 

support sustainability within the context of consumers’ distinct self-

concepts, individualities and everyday circumstances (Cherrier et al., 

2011). Research on consumption restraint, including anti-consumption 

and consumer resistance, reveals that just as what we buy says something 

about us, so too can our non-consumption convey aspects of our identity 

(Cherrier and Murray, 2007).  

In addition, a substantial body of research has related an individual’s 

value system to the internal motivations for and the behavioral 

manifestation of consumption restraint practices. Human values, defined 

as enduring beliefs that pertain to desirable end states or behaviors that 

transcend specific situations, guide a person’s behavior and the 

evaluation thereof (Schwartz and Bilsky, 1987). Extant studies have 

examined the relationship between human values and various forms of 

consumption restraint behavior (Jägel et al., 2012; Pepper et al., 2009), 

and among the most widely used and validated models is Schwartz’ value 

framework. Schwartz’ (1992, 2012) model specifies ten motivational 
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values and four higher-order value orientations that are organized 

along two bi-polar dimensions: self-enhancement vs self- 

transcendence (Dimension 1) and openness to change vs conservation 

(Dimension 2). The first value orientation, “self-enhancement,” 

includes power and achievement values, thereby highlighting self-

interest, while, the second, “self-transcendence,” emphasizes concern 

for others. The third value orientation, “openness to change” 

highlights independent action and thought, whereas, fourth, 

“conservation” is characterized by self-restriction and resistance to 

change (Schwartz, 1992, 2012).  

Schwartz’ value framework has provided valuable contributions to 

the literature on various forms of consumption restraint. Pepper et al. 

(2009), for instance, examine the relationship between Schwartz’ 

values and consumption behavior among self-identified frugal 

consumers. The results from mail-questionnaires suggest that frugal 

purchasing behavior is positively related to the values “conformity” 

and “tradition” and thus positively related to the value dimension 

“conservation” (Pepper et al., 2009). In addition, the results suggest 

that “power” and “hedonism” which are both values within the 

dimension of “self- enhancement” are negatively correlated to frugal 

behavior. Shaw et al. (2005) explore the prominence of Schwartz’ 

values pertinent to ethical consumption decisions with self- perceived 

ethical consumers using focus groups. Jägel et al. (2012) study 

consumption behavior among ethical clothing consumers and how 

these are linked back to one’s values, while Gilg et al. (2005) use 

Schwartz’ value model to provide insight into environmentally friendly 

consumption practices. Thus, in the literature, human values are 

discussed as an important construct that relate to and may impact 

consumption restraint practices.  

The body of literature on consumption restraint has generally 

focused on understanding the motivations and behavior of self-

identified resistors and consumer activists (Black and Cherrier, 2010; 

Cherrier et al., 2011; Garcia-Bardidia et al., 2011; Pentina and Amos, 

2011). However, consumers who self-identify as members of groups 

that restrict consumption are atypical and represent a small fraction of 

the market. Less light has been shed on the more typical consumer – 

specifically those consumers who do not self-identify as culture 

jammers, voluntarily restrainers or as members of other specific 

groups which postulate restrictive consumption norms and practices. 
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As a result, the existing literature on consumption restraint portrays an 

incomplete picture of consumers (Locke and Golden- Biddle, 1997) who 

engage in this practice.  

Moreover, the understanding of one’s motivations and values as it 

relates to consumption restraint practices has primarily been derived in 

studies using surveys, in-depth interviews or focus groups. While these 

studies have provided valuable contributions to the body of knowledge, 

there are methodological limitations related to the use of questionnaires. 

One such limitation relates to self-awareness: individuals may not know 

what their motivations or values are (Cheng et al., 2012). In addition, the 

use of questionnaires raises concerns of self- report biases and socially 

desired responses. Moreover, to assess human values, Schwartz’ value 

model is operationalized by a battery of 56 or 57 individual values 

contained in the Schwartz value survey (Pepper et al., 2009) which can be 

cumbersome for respondents to complete. Because of these limitations, it 

is problematic to rely entirely on questionnaires when studying 

consumption restraint. As such, there are benefits to examining an 

existing corpus of data on consumption restraint, generated by 

consumers themselves.  

The aim of this research is to explore individuals’ motivations and 

values that lie at the core of consumption restraint among typical 

consumers, as opposed to self-identified sub-groups. This area of the 

consumption restraint phenomenon has previously been under-

represented in the literature. Addressing this gap is important for both 

research and practice. For researchers, it extends the body of knowledge 

on consumption restraint, and specifically with respect to consumers’ 

self-identity, motivations and values. For managers, it provides insight 

into the motivations of consumer behavior, specifically why typical 

consumers engage in consumption restraint behavior. Knowledge about 

consumer motivations is an important form of market knowledge (Kohli 

and Jaworski, 1990) that is critical for managers in designing and 

executing effective marketing strategies and tactics. In addition, and as 

previously outlined, user- generated communications on social media can 

affect other individuals’ opinions and behaviors. In addition, within the 

body of research on consumption restraint, to the best of our knowledge, 

there are no studies that examine consumer motivations specifically 

related to BND. We explain BND in more detail in the following section.  
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Buy Nothing Day and Black Friday 
 

“Black Friday” is the day after the American celebration of Thanksgiving 

in which stores have some of their biggest sales promotions of the year. In 

2005, the Monday after Thanksgiving was coined as “Cyber Monday” in 

an attempt to encourage shoppers to engage in online shopping. Black 

Friday is currently the most popular day to shop in America across all age 

groups. In 2015, 154 million Americans went shopping in stores over the 

Black Friday weekend, and 122 million Americans engaged in online 

shopping on Cyber Monday (Reynolds and Smith, 2016). Despite the fact 

that Black Friday originated in the USA, the shopping holiday has 

expanded around the world (Black Friday’s travels around the world, 

2015).  

In stark contrast to the spending and shopping that occurs on 

Black Friday, BND participants pledge to buy nothing for 24 h rather 

than partake in the consumption frenzy (Britannica Academic, 2020). 

Thus, BND is an annual day of consumer resistance which coincides 

with “Black Friday”. As Black Friday has expanded internationally, so 

has the BND movement, which now has participants in North 

America, Asia, Europe, South America and Australia.  

 

 

Content analysis  
 

In the age of big data, consumers produce an enormous volume of data – 

2.5 quintillion bytes every day in 2018 (Marr, 2018), and the data volume 

has been growing at an exponential pace driven by the rise of the Internet 

of Things (Robson et al., 2016) and the increasing use of social media 

platforms (Kietzmann et al., 2011). On Facebook, for example, every 60 s, 

users post 510,000 comments and update 293,000 statuses; on Twitter, 

users share close to 475,000 tweets a minute (Domo, 2018). This user-

generated content created in real-time can provide valuable insights into 

people’s motivations, wants, values and day-to- day activities.  

Content analysis, a technique to organize and make sense of the 

words, phrases and language as reflected in the narrative texts (Short 

et al., 2018) has long been used as a methodology in marketing and a 

range of other scientific fields (Kassarjian, 1977). Traditionally, 

content analysis has been performed manually by trained researchers. 
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Today, methods of interpreting and extracting meaning from written text 

via computerized content analysis are becoming increasingly 

sophisticated (Karpf, 2012; Lewis et al., 2013) and are considered to be a 

reliable and highly efficient methods of data analysis (Lacy et al., 2015; 

Short et al., 2009, 2018). Computerized content analysis has provided 

valuable insight into understanding user-generated textual data (Dabirian 

et al., 2017; Lewis et al., 2013; Paschen et al., 2017; Pitt et al., 2017; Su et 

al., 2017), firm-generated communication (Pitt et al., 2018a, 2018b) and 

content generated by third-party organizations, such as media outlets 

(Paschen, 2019) or corporate referents (Short and Palmer, 2003). 

Computerized content analysis is touted as a highly valuable 

methodological approach within consumer research in general 

(Humphreys and Wang, 2017). In addition, computerized content 

analysis has been used to investigate consumer restraint (Hoffmann, 

2011).  

Content analysis can be used to investigate data from a wide range of 

sources. In particular, social media offers a wealth of readily accessible 

data for consumer behavior research, such as consumer attitudes, 

opinions and experiences (Kietzmann et al.,2011; Van Laer et al., 2018). 

Unsurprisingly, many have turned to social media to obtain large 

amounts of data for content analysis (Avery et al., 2010; Lai and To, 2015; 

Su et al., 2017).  

In particular, many researchers have used Twitter as the source of 

their data (Humphreys et al., 2014; Qin, 2015; Su et al., 2017). Asur and 

Huberman (2010) used Twitter data to uncover information regarding 

consumer demand which could be used to forecast movie earnings. In 

addition, Twitter data has been used in research with applications in 

forecasting online book sales, as well as fluctuations in the stock market 

(Da et al., 2011; Goel et al., 2010; Gruhl et al., 2005). Indeed, Twitter is 

thought to be a source of highly valuable data for two key reasons. First, 

the default privacy setting on Twitter is “public,” which means that all 

tweets from users who have not specifically changed their account 

settings to “private” are searchable on Twitter, on Google, and are 

archived in the Library of Congress (Humphreys et al., 2014; Raymond, 

2010). Research has also found that default privacy settings on social 

media are highly influential as most users do not change these settings 

because they either do not know how or do not know that it is possible 

(Shah and Kesan, 2003). More recently, Moore (2009) found that in 

2009 less than 8 per cent of new Twitter users change the default privacy 
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setting. Second, the use of hashtags on Twitter is a highly useful way of 

searching for relevant data. Not only do hashtags in tweets allow 

individuals from different networks to connect on similar topics, but 

they also allow researchers to identify connections between these 

different individuals and that hashtag (Humphreys et al., 2014).  

Despite the clear value of using computerized content analysis as a 

methodology, a number of researchers have noted limitations and 

issues with automated content analysis, such as issues related to 

validity (Grimmer and Stewart, 2013) and to extracting nuanced or 

subtle meanings from complex language (Conway, 2006; Lewis et al., 

2013). These issues can be overcome with traditional, manual content 

analysis – yet manual content analysis brings its own limitations – 

notably that it is generally more costly than automated content 

analysis (Lacy et al., 2015) and that humans are limited in their ability 

to analyze large databases in a timely fashion (Su et al., 2017). The 

trade-offs between automated and manual content analysis are clear, 

leading many to suggest that when possible, a hybrid approach is 

preferable (Lewis et al., 2013; Su et al., 2017; Zamith and Lewis, 2015) 

and with Conway (2006) going as far as to suggest that it is the “gold 

standard” for research using content analysis.  

In this research, we use a Twitter data set spanning over three 

years to understand consumer restraint on BND. This data set is 

analyzed using the hybrid method, which involved a computerized 

content analysis using the AI application IBM Watson as well as 

manual classification and coding by trained researchers. The following 

section details the methods of our hybrid content analysis of Twitter 

data.  

 

 

 

Method  
 

In this study, we investigate the motivations for participating in 

BND and the values toward BND as expressed in user-generated tweets 

about this event. In this section, we present the methods of our 

research.  
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Sample  
 

To assess the general public’s motivations for participating in BND, 

Twitter data was obtained during the Black Friday shopping seasons in 

2016, 2017 and 2018. The data set for each year included all tweets 

containing the term “Buy Nothing Day” or the hashtag 

“#BuyNothingDay” within a 10-day time period surrounding “Buy 

Nothing Day” (November 24th in 2016; 23rd in 2017 and 22nd in 2018). 

A 10-day time period was chosen to include the related shopping holiday 

Cyber Monday and any pre-BND anticipation and post- BND reflection. 

Although the time period covered the span of 10 days, each year roughly 

70 per cent of the tweets were sent on BND itself.  

The full data set of tweets containing the term “Buy Nothing Day” or 

#BuyNothingDay was cleaned to remove duplicate tweets (i.e. retweets). 

In addition, as this study focuses on individuals’ motivations, all tweets 

originating from a corporate account, a brand or an organization were 

eliminated. Finally, we removed all non-English tweets because of the 

language limitations of the authors. Ultimately, this led to a final data set 

of 5,603 tweets across three years. In what follows, we describe our 

hybrid content analysis of these tweets, which involved manual 

classification and coding as well as automated content analysis using the 

AI application IBM Watson.  

 

 

 

Manual classification and coding 
 

Prior to analyzing the Twitter data, we conducted an extensive literature 

review on consumer behavior related to consumption restraint to help 

inform our analysis. From this review, a list of initial categories was 

created to capture the potential motivations of consumers participating in 

BND. In particular, we began with Iyer and Muncy’s (2009) work that 

categorized the purpose of anti-consumption behavior as either societal 

or personal. To add further specificity, we continued to read the wider 

literature to better understand possible personal or societal reasons.  

We modeled our manual content analysis methodology based on that 

of Robson et al. (2015) which encompassed three steps. In the first step, 

two researchers independently read 150 randomly selected tweets and 



 16 

coded these tweets into the categories of motivations for participating 

in BND developed from the literature review. In Step 2, the 

researchers reviewed each tweet together and deliberated each coding 

decision until consensus was reached. In the third step, the 

researchers discussed and compared the coding categories that were 

identified and extracted commonalities between them. From these 

commonalities the list of initial coding categories was revised, and 

associated definitions and examples were developed for each coding 

category of motivation. All of the remaining tweets were then coded 

using the coding categories developed in Step 3. This procedure was 

repeated for each year’s data set. In 2017 and 2018, new categories of 

consumer motivations emerged and were added to the coding 

categories. A random selection of 150 tweets from the previous years’ 

tweets was re-evaluated to determine if these new codes had been 

present (but overlooked) in coding. No such evidence was found. 

Across all three years, tweets could display more than one motivation 

and were therefore coded as such.  

 

 

 

Motivations for Buy Nothing Day participation  
 

From the coding procedure described in the previous section, 11 

categories of motivations emerged from the manual content analysis: 

consumerism, personal welfare, wastefulness, environmental, inequality, 

anti-capitalism, financial responsibility, financial necessity, health, ethics 

and resistance to American culture. In addition to these categories, tweets 

were coded as “no-motivation” if they contained no apparent motivation. 

To refine understanding of these “no-motivation tweets,” the valence of 

each tweet was recorded based on whether the sentiment toward BND 

was positive, negative or neutral. As such, these tweets were coded as 

either no motivation-positive, no motivation-negative or no motivation-

neutral. Thus, across the three years, we uncovered 11 major 

classifications of motivations and 3 classifications for tweets revealing no 

motivations at all. These categories are described below.  
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Consumerism. Consumerism is a preoccupation with and an inclination 

toward the buying of goods and services in ever increasing amounts and 

is often associated as a social force that is dominant in today’s culture 

(James and Szeman, 2010). Thus, the consumerism category 

encompasses the madness of Black Friday (shopping frenzy, fighting over 

deals, overcrowded and chaotic shopping malls), materialism (fighting 

the urge to consume more, the pressure or desire to seek happiness 

through purchases and mindless consumption) and commercializing the 

holidays. The tweet “#blackfriday epitomises all that’s wrong with of our 

consumerist lifestyles #buynothingday #boycottblackfriday” is an 

example of a tweet expressing motivation related to consumerism.  

Personal welfare. Many consumers see Black Friday as a distraction 

from the more important things in life. Thus, the personal welfare 

category was created to classify tweets pertaining to shopping less and 

living more, opting to go outside, to spend more time with friends and 

loved ones, or to engage in other activities or experiences not related to 

shopping. This is reflected in the following tweet: “Make something, see 

something, talk to someone, sit, think, read, listen to music, go for a 

walk, [. . .]#buynothingday”. In addition, the personal welfare category 

included religious considerations, such as consumption temperance 

because of observance of the Sabbath which is exhibited in the following 

tweet: “As for #buynothingday, you know I had one of these weekly for 

several years? Didn’t even carry money. It was part of my Sabbath 

observance”.  

Wastefulness. “Wastefulness” included themes associated with 

wasting things, buying “crap” and questioning whether consumers 

actually need the items that they purchase. As such, tweets that 

mentioned making purchases count, and avoiding buying things that are 

not needed and would likely be thrown out were categorized as wasteful. 

For example, the following tweet reveals a motivation related to the 

perceived wastefulness of Black Friday and exemplifies this classification: 

“Think twice before you buy something! Today’s trends are tomorrow’s 

trash #BlackFriday is #BuyNothingDay”.  

Environmental concerns. Tweets that referenced issues related to 

pollution, climate change, limited natural resources, mother earth and 

other impacts on the planet were categorized as indicative of motivations 

pertaining to environmental concerns. For example, the following tweet 

was coded as displaying the environmental motivation: “I’m committed to 
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#BuyNothingDay today, as a way to think about my impact on the 

planet and in society as a consumer”.  

Inequality. The category of inequality included tweets that 

referenced the growing income gap and class division in society. 

Mentions of consumption leading to the “rich getting richer,” and 

other societal ill-effects were counted in this category. An example of a 

tweet revealing this motivation is: “The Rich Get Richer and The Poor 

Get Poorer Only IF We Remain Apathetic! Stop Being Mindless 

#Consumers! #BuyNothingDay Not #BlackFriday”.  

Anti-capitalism. Tweets referencing any form of corporate domination, 

big business, greed, excessive profits or Black Friday as a scam created by 

marketers to sell more stuff were coded as exhibiting an anti-capitalism 

motivation. In addition, tweets disparaging or criticizing a specific brand 

(Walmart and Target) were included in this category. For example, the 

following tweets were classified as showcasing an anti- capitalism 

motivation: “On this day let’s encourage each other not to buy things on 

this repulsive capitalist holiday. #BlackFriday #buynothingday,” and 

“I’m counting my blessings on #buynothingday! No need to feed the 

capitalist monster”.  

Financial responsibility. Tweets in the category of financial 

responsibility referenced saving big by not spending at all, avoiding 

the regret of overspending and reminders to not spend money that you 

do not have. The following tweets sum up this sentiment: “Pay ya bills 

first! #buynothingday” and: “#BuyNothingDay #BlackFriday 

#spending If you have to charge it, you don’t have it. Every year 

people go into debt trying to please other people buying things that 

they can’t afford. Love is free. Make wise choices.”  

Financial necessity. A separate category of financial motivations 

was needed to capture tweets that indicated consumers could not 

participate in BND for financial reasons. Mentions that every day was 

BND because they were broke, or they could not afford to buy 

anything on Black Friday fell under this category. For example, the 

following tweet illustrates the financial necessity motivation: “It’s so 

easy to celebrate #BuyNothingDay when it coincides with 

HaveNothingToSpendDay”.  

Health. Tweets in the category of health revealed that participation 

in BND was for personal health, such as avoiding stress, fatigue, 

general unhappiness or physical injury because of aggressive 

shoppers. For example, the tweets “#BlackFriday really stresses me 
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out. I’m opting for #BuyNothingDay!” and “A much healthier alternative 

to #BlackFriday [...] #BuyNothingDay” both exemplify this motivation. 

In addition, the following tweet reveals a motivation regarding physical 

health: “It’s not worth fighting the crowds. And I may get trampled to 

death #buynothingday”.  

Ethics. The category of ethics included tweets that brought up themes 

about the well-being of those retail employees who were working on BND, 

ethical divesting and charitable giving, and the benefits of buying local. 

An example of a tweet revealing this motivation is: “It should be illegal 

for #retail stores to make their employees work on Thanksgiving and 

other holidays! Only doctors and that kind of necessary thing. 

#BuyNothingDay #BlackFriday”. Other examples which highlight BND 

as an opportunity to engage in ethical giving include: “Use your 

#BuyNothingDay to #GiveAway and help others today. #Halifax 

#extremecold” and “#BuyNothingDay AND give something away”.  

Resistance to American culture. Some tweets identified Black Friday 

as a part of American culture and indicated that this American tradition 

had no place in other parts of the world. These tweets thus revealed a 

motivation to participate in BND to resist the “Americanisation” of their 

own culture. For instance, the tweets “#BuyNothingDay A day for 

avoiding the shops and ignoring the dreadful consumerist US import of 

“black Friday” and “#BuyNothingDay - Send Black Friday back to the 

stupid Americans where it belongs” reveal that some consumers 

participate in BND as a form of resistance toward what they perceive to 

be an unappealing American tradition.  

No-motivation: positive. Tweets regarding BND that did not express a 

consumer’s specific motivation for participation, but which did reveal 

consumer support for the event, were classified as no-motivation positive. 

For example, the tweet “Happy #BuyNothingDay” does not imply a 

specific motivation for participation but indicate support or a positive 

impression of BND. Similarly, the following tweets exemplify the no- 

motivation positive category: “I didn’t know it was a thing but I guess I’m 

in! #BuyNothingDay” and “I’m so excited to buy absolutely nothing 

today #BuyNothingDay”.  

No-motivation: negative. Tweets that revealed no motivation for 

participation in and a negative sentiment toward BND were classified as 

no-motivation negative. For example, “Don’t you tell me when to shop or 

if I needed or not #buynothingday” was classified as no-motivation 

negative. Similarly, the following tweet reveals a negative sentiment 
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toward BND and was coded as such: “#BuyNothingDay Up yours 

#BuyswhatIwantwhenIwant”.  

No-motivation: neutral. The no-motivation neutral code was used for 

tweets that satisfied two criteria: first, the tweet did not express a specific 

motivation for participating in BND, and second, the sentiment toward 

the event, as expressed in the tweet, was indiscernible. Most of the no-

motivation neutral tweets were short tweets that simply mentioned BND 

without expressing a sentiment toward the event or indicating whether 

the individual was participating in it or not. For example, “Remember. 

#BlackFriday #BuyNothingDay,” “Are you celebrating #BlackFriday or 

#BuyNothingDay?” or simply “#BuyNothingDay” were tweets that meet 

these two criteria and were thus coded as “no- motivation neutral” tweets.  

 

 

 

Automated content analysis  
 

The automated content analysis used analysis techniques from the extant 

literature. The AI application Watson was deemed appropriate as it had 

been used in other studies to extract insights from user-generated data 

(Pitt et al., 2018a, 2018b). Moreover, the Watson application is 

particularly well suited to analyze Twitter data (Biondi et al., 2017) as its 

algorithms were trained on a large data sets of text data from social 

networking sites. The latter is important as the language in user-

generated content on social networking sites often lacks proper structure 

and uses informal language (Cvijikj and Michahelles, 2011; Yassine and 

Haij, 2010) which adds to the complexity in using automated content 

analysis techniques. Watson is therefore well suited to analyze large data 

sets (Cvijikj and Michahelles, 2011; Yassine and Haij, 2010). In the 

present study, the entire Twitter data set was subjected to content 

analysis, instead of only a sample of each year’s data set.  

Watson can process large volumes of data in short periods of time, 

making it a sophisticated and efficient method for content analysis of 

unstructured data, such as text (Balducci and Marinova, 2018; Duan et 

al., 2019; Gupta et al., 2018; Syam and Sharma, 2018). Two key 

components of the Watson application are its “natural language 

understanding” and “machine learning”. The latter encompasses 

computational methods that enable AI systems to “learn from 

experience”; that is, to progressively improve their performance with 



 21 

increasing amounts of data and analysis (Paschen et al., 2019; Russell, 

1997; Russell and Norvig, 2016; Tecuci, 2012). Natural language 

understanding, on the other hand, involves assigning meaning to text, 

(i.e. creating a semantic representation of the text) (High, 2012; Paschen 

et al., 2019; Zhu et al., 2014). Inherent to assigning meaning involves AI 

systems analyzing the syntax (i.e. the structure of sentences), semantics 

(i.e. the relationships between words, phrases and symbols) and 

pragmatics, (i.e. the context in which the words or phrases are used) (Gill, 

2017).  

In addition to extracting semantic themes, keywords or entities from 

text, Watson can provide insights into the human values. This is 

accomplished by extracting the four value orientations explained earlier 

based on Schwartz’s (2012) value model: self-enhancement, self- 

transcendence, openness to change and conservation. Watson returns the 

scores for each value orientation as percentiles ranging from 0 to 1; a 

score above 0.5 indicate a greater than average tendency for a specific 

value orientation to be portrayed in the text while scores at 0.75 or above 

indicate readily discernible aspects of a specific value orientation (IBM, 

2018).  

 

 

 

Results  
 
Manual coding results  

 
Of the final data set, 2,188 tweets revealed at least one motivation for 

participation in BND. The frequency distribution (per cent) for the 

motivations is presented in Table II. A total of 3,347 tweets did not reveal 

a motivation and were classified based on valence as no- motivation 

positive, negative or neutral (Table III).  
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Table II. Manual coding results of motivation for participation in BND (2016-2018)  

 

Frequency of motivation 
(%) 

 

Personal welfare  30 

Consumerism 26 

Wastefulness 15 

Environmental concerns 13 

Anti-capitalism   8 

Financial responsibility   6 

Ethics   6 

Financial necessity   5 

Inequality   3 

Health   2 

Resistance to American culture   2 

 

 
Table III. Manual coding results of attitude toward BND in tweets without motivations 

(2016-2018)  

  
Valence toward BND 
 

(%) 

Personal welfare  65 

Consumerism 28 

Wastefulness 7 

 

 

Artificial intelligence results 
 
The Twitter data was input into the AI application Watson to derive the 

four value dimensions using Schwartz’ (1992, 2012) value model (Table 

IV). The results suggest that the value dimensions “conservation” and 

“self- enhancement” have a lower than average representation in the BND 

tweets (percentile scores of 0.23 and 0.30, respectively), while the value 

dimensions “self-transcendence” and “openness to change” are readily 

discernible in the BND tweets (percentile scores of 0.51 and 0.62), 

respectively.  

 
Table IV. AI results of value dimensions using Schwartz’ (1992, 2012) value model in 

BND tweets (2016-2018)  

 
Value dimension 
 

Percentile 

Conservation   0.23 

Openness to change 0.62 

Self-enhancement 0.30 

Self-transcendence 0.51 



 23 

Discussion and contributions  
 
Contributions to the literature on consumption restraint  
 
Our research investigated the motivations and values toward 

consumption restraint expressed in tweets about a major consumption 

restraint event. Overall, our manual analysis revealed that most 

consumers who tweeted about BND had a positive attitude toward it, and 

nearly all of the tweets that revealed the consumer’s motivation were in 

support of BND, and the majority of tweets without clear motivations 

were also inferred as positive.  

The motivations identified from the manual content analysis are 

supported by findings from previous research. Specifically, consumerism 

and personal welfare were by far the most common motivators identified 

in our analysis. This finding is well aligned with current research 

indicating that excessive consumption, as in the context of Black Friday, 

may have negative psychological impacts (Zavestoski, 2002). In the face 

of these negative impacts, many consumers tweeted about spending their 

time engaging in an enjoyable personal activity instead of shopping. In 

addition, while our analysis is specific to BND, the prevalence of these 

two factors may reveal overall trends in consumer behavior. That is, it is 

possible that these motivations are reflective of larger trends toward a 

desire to consume less and experience more or simply to be more mindful 

when making purchase decisions (Sheth et al., 2011). Indeed, mindful 

consumption (Sheth et al., 2011) involves both the consumer mindset and 

their behavior (e.g. consumption temperance) and is characterized by a 

sense of caring for the self, community and nature. These three aspects of 

mindful consumption are well aligned with the motivations found for 

participation in BND. As such, our results resonate with those of Sheth et 

al. (2011) in which mindful consumption is conceptualized as a central 

point of sustainable marketing. Other research suggests that millennials 

may lead a larger trend away from consumers’ focusing on consumption 

toward a focus on well-being (Brown and Vergragt, 2016) which also 

aligns with our results.  

The finding that a negative attitude toward consumerism was 

consistently a top motivator for participation in BND expressed via 

Twitter is not surprising, as BND originated from the anti-consumerist 

organization Adbusters and many of Adbusters’ messages about the event 
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carry warnings about over-consumption in today’s society. Thus, the 

prominent sentiment regarding consumerism may reflect effective 

positioning of BND by its creators. Beyond this, many consumers, 

regardless of their affinity to participate in a consumption temperance 

movement or of their awareness of the origin of the BND movement, 

are likely aware of Black Friday’s reputation for being a frenzied 

shopping environment and find it unappealing. As the hype and scale 

of Black Friday intensifies, some consumers are likely to respond by 

opting to avoid this experience all together.  

The theme related to physical and psychological health is also well 

aligned with existing research which indicates that excessive 

consumption can lead to feelings of stress, disillusionment, 

unhappiness or fatigue (Zavestoski, 2002). Furthermore, in recent 

years, Black Friday shopping events have received negative media 

attention because of images of shoppers trampling over each other and 

crashing through doors at midnight to access the hottest deals. In 

some cases, Black Friday sales have been linked to consumer deaths 

because of trampling or other violence, and there is a website 

dedicated to tallying yearly fatalities linked to Black Friday 

(blackfridaydeathcount.com). The finding that participants of BND 

referenced their physical safety concerns is indeed justified, as 

research that shows scarcity promotions such as those common in 

Black Friday sales increase aggression among shoppers (Kristofferson 

et al., 2016). As these unintended consequences from scarcity 

promotions receive more and more press coverage, consumers may 

increasingly bring these up as motivators for avoiding Black Friday.  

Outside of the specific event of Black Friday, BND is also intended 

to give consumers pause to reflect broadly on their consumption 

behaviors throughout the year. It is no surprise then that wastefulness 

and the environmental impact of consumption were cited by Twitter 

users supporting BND. For many green consumers, non-consumption 

is a critical component of sustainability, as it is a form of conservation 

(Black and Cherrier, 2010). Given that consumption restraint is 

known to stem from an individual’s values and beliefs, tweeting a 

message about the environment on BND could be a way of expressing 

one’s self- identity. Indeed, because environmental concerns are 

known to be important to consumers, one surprising finding was that 

environmentalism was not a more prevalent motivating factor in 

consumer tweets regarding participation in BND. The fact that more 
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tweets did not reveal this motivation suggests that a typical consumer 

who does not consider him or herself to be an activist, may be less 

concerned with or aware of the environmental implications of their 

consumption choices.  

Financial necessity and financial responsibility are two motivations 

found in this research that have not been revealed in the current 

literature regarding consumer activists or anti-consumers, but rather only 

in research focusing on non-voluntary restraint (Beninger and Robson, 

2015; Leipämaa-Leskinen et al., 2016). Thus, our research reveals that to 

a typical consumer, restraint can be associated with their financial 

position – either the consumer restrains from consumption because they 

do not have the disposable income or because they view restraint as the 

most responsible financial decision. These motivations set typical 

consumers apart from consumer activists.  

The AI analysis of human values also provides a number of 

contributions to the literature on consumption restraint. The results show 

that the value dimension “conservation” has a lower than average 

representation in the BND tweets. This finding is supported by previous 

research with self-identified socially conscious consumers (Pepper et al., 

2009). The conservation dimension relates to the values of security (i.e. 

the desire for harmony and stability of one’s relationships with others and 

with self), conformity (i.e. self- restraint in everyday interactions with 

others) and tradition (i.e. respect and acceptance of the customs and 

ideas provided by society) (Schwartz, 2012). As the majority of tweets 

were in support of BND, one would expect participants to have a lower 

than average representation on values that emphasize tradition, 

conformity and security. As revealed in the motivations from our manual 

analysis, a negative attitude toward the common societal practices of 

consumerism was among the most frequently discerned motivations in 

the tweets.  

The results from the AI analysis also reveal a lower than average score 

on the value dimension “self-enhancement,” which includes values 

related to achievement (i.e. personal success), power (i.e. social status, 

prestige, dominance over others or over resources) and hedonism (i.e. 

gratification for oneself). This finding aligns with other research with self- 

identified consumers practicing consumption restraint (Pepper et al., 

2009). This finding is not surprising, as the BND movement calls into 

question existing dominance efforts by firms or consumer dominance 
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over limited resources, as expressed in the motivations related to 

consumerism, environmental or ethical concerns.  

With respect to the remaining two value dimensions, the findings 

suggest that “self- transcendence” and “openness-to-change” are 

represented more frequently than average in the BND tweets, albeit 

only slightly for self-transcendence. “Self-transcendence” consists of 

universalism (i.e. concern for the welfare of all people and for nature) 

and benevolence (i.e. preserving and enhancing the welfare of close 

relationships) while “openness to change” entails self-direction (i.e. 

independent thought and action) and stimulation (i.e. novelty and 

challenge in life). With respect to self-transcendence, the result may 

be surprising at first glance as consumption restraint behavior is often 

motivated by social concerns, such as concerns about the environment 

or material inequality (Iyer and Muncy, 2009). Thus, one may expect a 

higher score for the self-transcendence value-dimension. One possible 

explanation for the only slightly higher score in our study is that 

“benevolence” (a value type included in self-transcendence) requires 

positive interaction and affiliation with close relationships (Shaw et 

al., 2005) which may not be intended by BND participants. On the 

contrary, the prevalence of a negative attitude toward consumerism as 

one of the main motivations expressed in BND tweets may be an 

indication for consumers trying to distance themselves from the 

consumption frenzy of other consumers, including their close 

relationships. Lastly, the higher than average score on “openness to 

change” is well aligned with the existing literature on consumption 

restraint where independent thought and action and challenge in life 

may be an expression of resistance against power forces exhibited by 

firms or other consumers.  

 

 

Contributions to the literature on content analysis  
 
This interpretation of the data also reiterates the utility of combining 

manual and automated content analysis techniques into a hybrid method. 

Specifically, the research in this paper suggests that machine capabilities 

can be enhanced by humans, specifically when it comes to interpreting 

the results of automated content analysis. While automated tools, such as 

AI applications, extract information from large volumes of text data, 

human skills are needed to turn this information into knowledge, such as 
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the implications for managerial decision- making. In this regard, AI can 

do the “heavy lifting” by processing large data sets, for instance via its 

natural language understanding and its machine-learning components. 

Thus, the value that AI can bring is primarily of analytical nature (i.e. 

data analysis and processing). The value-add contributions from humans 

lie primarily in interpreting the AI- generated information and deriving 

insights and implications for marketing decision- making. In addition, 

humans explaining the automated results are critical, particularly when 

the results are counter-intuitive or even contradictory, as is the case in 

our discussion of the seemingly contrary findings regarding the “self-

transcendence” value dimension expressed in tweets.  

Thus, AI as one specific automated content analysis application can 

both complement and augment human capabilities (Jarrahi, 2018), an 

approach that has recently been termed “collaborative intelligence” 

(Wilson and Daugherty, 2018). Indeed, the use of AI may be particularly 

useful when it comes to extracting information about consumers’ 

underlying psychological attributes or processes, such as values from 

large volumes of data. AI algorithms, with their ability to analyze large 

volumes of text, can derive information more efficiently than humans 

would. In addition, by analyzing content voluntarily created by 

consumers themselves, marketers may obtain insight that otherwise 

would be difficult to gain with more traditional consumer research 

approaches, such as interviews or surveys, where consumers may be 

reluctant or incapable to offer the required information. Thus, AI has the 

potential to enhance the effectiveness and efficiency of human 

approaches to deriving consumer insights (Jarrahi, 2018; Paschen et al., 

2020). Lastly, our research provides a methodological contribution by 

demonstrating a robust and impactful method of understanding human 

values whereby the limitations of response bias, lacking self- awareness, 

socially desired responses and the time and effort required from 

consumers completing a value survey can be minimized.  

 

 

Implications for practice  
 
For marketing managers, our study provides a more nuanced 

understanding of the motivations and values that a broad population has 

toward consumption restraint. Mining user-generated content and 

listening in, particularly on social media, is known to be an effective 
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approach for marketing communications managers who wish to 

understand consumers’ responses to their messages (Balducci and 

Marinova, 2018). Thus, managers may derive value from our insights 

both for their long-term as well as short-term communication strategies 

and tactics. In the short term, marketing managers, particularly in retail, 

may use the insights derived from our study to inform their 

communication tactics for holiday advertising and promotions. For 

example, it is possible that given the overall positive sentiment toward 

BND, choosing to close shop on BND may actually serve as a 

differentiating factor for an organization. Several retailers already do this; 

REI, for example, has closed their doors on Black Friday since 2015, and 

promoted an anti-Black Friday campaign called #OptOutside in which 

they encouraged consumers to do what they loved in the outdoors 

(Coffee, 2016). In the past, Patagonia has also chosen to close their doors 

and in years when they have remained open, they have often donated 100 

per cent of their sales to non-profit environmental organizations 

(Monllos, 2016). These business actions could be considered forms of 

conscious capitalism (O’Toole and Vogel, 2011) and may be appealing to 

many consumers who are conflicted about participating in Black Friday 

consumption.  

In the long term, marketers can use the findings from this research 

to consider themes to embed into their future promotional campaigns. 

In addition, managers are well-advised to monitor user-generated 

communication on social media as these communications can 

influence buyer and customer preferences and behaviors (Berger et 

al., 2019; Frow and Payne, 2011; Kohli and Jaworski, 1990). This 

information is valuable for marketing managers as it can inform their 

longer-term marketing communication strategies, such as to how they 

position their brand or offerings. Moreover, our analysis derived 11 

distinct motivations for participating in consumption restraint, which 

managers can use as a basis for market segmentation or to inform 

their targeting and positioning strategies. Finally, the hybrid content 

analysis approach used in this paper can serve as a template for 

managers and future scholarly research alike, particularly when it 

comes to analyzing unstructured text data from social media 

communications. AI, with its natural language understanding and 

machine-learning elements, is particularly well-suited to analyze text 

data that may use conversational language or be incorrectly spelled. 
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This provides managers with the opportunities to gain valuable 

knowledge about their market effectively and efficiently.  

 

 

Limitations and future research  
 
Although the BND movement has gained popularity, much is left to be 

understood about how the typical consumer exercises restraint in their 

consumption. We discuss some of these avenues for further research 

below, as well as some of the limitations of our work. Future research 

would benefit from exploration of the managerial approaches to dealing 

with consumers who practice consumption restraint. That is, examination 

of the business or retailer response to either temperance on Black Friday 

or more specifically the BND movement, would be insightful. 

Investigating how consumers perceive brands that encourage some form 

of consumption restraint could be informative.  

Consumer reactions to such actions, as well as their links to the 

personal and environmental motivations uncovered in this research, are 

aspects that we encourage researchers to investigate in the future. For 

example, future research could explore the themes identified in tweets 

and whether these themes are linked with the likelihood of retweets, likes 

or other reactions. In addition, future research could explore whether the 

personality information of each user (i.e. the information provided in 

Twitter profiles) sheds additional light on consumer participation in 

BND.  

Future research would also benefit from work that adds depth to the 

current study. For example, future qualitative research could explore the 

typical consumer’s motivations for acts of consumer resistance through 

in-depth qualitative exploration such as interviews. More detailed 

conversations with consumers could help to answer important questions, 

including: Are events such as BND effective at restraining an individual’s 

consumption or do they merely shift the time-period in which they 

consume? Do consumers share their participation in BND because of 

what it says about them?  

Like all research studies, this work has a number of limitations that 

must be acknowledged. Our inclusion criteria were designed to identify 

and include all tweets regarding BND; however, there are a number of 

reasons why our tweet sample is unlikely to be comprehensive. 

Specifically, some consumers are likely to have restrained from Black 
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Friday and not tweeted about it, and others likely participated and 

tweeted about this restraint, but without the use of the BND term or 

hashtag. In addition, it is possible that a number of consumers either 

misspelled the term or hashtag which would have resulted in the tweet 

being excluded from our data set. Because of language restrictions of 

the researchers, all tweets included in the analysis in this work were 

written in English. However, BND occurs in 65 countries around the 

world, many of which do not have English as their first language. As a 

result, it is possible that the sample of tweets analyzed in this work 

reflects a particular subset of consumers who tweeted about BND in 

English, which might differ from consumers who tweeted in other 

languages. Future research could assess cultural differences in 

consumer motivations for participation in BND or other consumption 

restraint events. Finally, although our goal was to understand 

motivations of typical consumers, it is possible that some of those who 

tweeted about their participation in BND were individuals who self- 

identify as culture jammers, voluntary simplifiers or other types of 

activists.  

 

 

 

Conclusion  
 
This article investigated the motivations and values that a general sample 

of consumers has to participate in consumption restraint behavior. We 

explored this topic by conducting a hybrid content analysis of tweets 

referencing BND during the 2016, 2017 and 2018 Black Friday shopping 

seasons. Several themes emerged from the content analysis to suggest 

that consumers have multiple reasons for engaging in this practice. In 

addition, the content analysis suggested that specific human values are 

prominent among BND participants. Our study offers contributions to 

both the academic literature and to practice. For academics, to the best of 

our knowledge, this is the first study investigating the consumption 

restraint motivations of “typical” consumers on a broad scale. Previous 

studies have primarily focused on self-identified consumer resistance 

groups with small samples. Our investigation analyzes the motivations to 

participate in consumption restraint using a large, public data set. We 

thereby add to a more robust understanding of consumption restraint 
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behavior and our work identifies two new motivations previously not 

discussed in the literature. In addition, this research adds to the body of 

literature that suggests hybrid methods of content analysis are an 

effective approach to extracting valid and reliable insights from text- 

based data. Our study also has implications for practice. Our findings 

provide insights into why the general public may engage in consumption 

restraint behavior which can be valuable for organizational decision-

making, for example to craft appropriate strategies in response to 

consumption restraint.  
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Leipämaa-Leskinen, H., Syrjälä, H. and Laaksonen, P. (2016), “Conceptualizing non-

voluntary anti- consumption: a practice-based study on market resistance in poor 

circumstances”, Journal of Consumer Culture, Vol. 16 No. 1, pp. 255-278.  

Lewis, S.C., Zamith, R. and Hermida, A. (2013), “Content analysis in an era of big data: 

a hybrid approach to computational and manual methods”, Journal of Broadcasting and 

Electronic Media, Vol. 57 No. 1, pp. 34-52.  

Locke, K. and Golden-Biddle, K. (1997), “Constructing opportunities for contribution: 

structuring intertextual coherence and ‘problematizing’ in organizational studies”, Academy 

of Management Journal, Vol. 40 No. 5, pp. 1023-1062.  

Marr, B. (2018), “How much data do we create every day? The mind-blowing stats 

everyone should read”, Forbes, 21 May, available at: 

www.forbes.com/sites/bernardmarr/2018/05/21/how-much- data-do-we-create-every-day-

the-mind-blowing-stats-everyone-should-read/#38ec8fd660ba  

Monllos, K. (2016), “Patagonia will donate 100% of its Black Friday sales to helping the 

environment”, 21 November, available at: www.adweek.com/brand-marketing/patagonia-

will-donate-100-its- black-friday-sales-helping-environment-174751/ (accessed 25 March 

2017).  

Moore, R.J. (2009), “Twitter data analysis: an investor’s perspective”, TechCrunch, 5 

October, available at: www.washingtonpost.com/wp-

dyn/content/article/2009/10/05/AR2009100504023.html  



 36 

Odou, P. and De Pechpeyrou, P. (2011), “Consumer cynicism: from resistance to 

anti-consumption in a disenchanted world?”, European Journal of Marketing, Vol. 45 

Nos 11/12, pp. 1799-1808.  

OECD (2019), “Household debt (indicator)”, available at: 

https://data.oecd.org/hha/household-debt.htm (accessed 30 April 2019).  

O’Toole, J. and Vogel, D. (2011), “Two and a half cheers for conscious capitalism”, 

California Management Review, Vol. 53 No. 3, pp. 60-76.  

Paschen, J. (2019), “Investigating the emotional appeal of fake news versus real 

news using artificial intelligence”, Journal of Product and Brand Management, doi: 

10.1108/JPBM-12-2018-2179.  

Paschen, J., Kietzmann, J. and Kietzmann, T. (2019), “Artificial intelligence (AI) and 

its implications for market knowledge in B2B marketing”, Journal of Business and 

Industrial Marketing.  

Paschen, J., Wilson, M. and Ferreira, J. (2020), “Collaborative intelligence – how 

human and artificial intelligence (AI) create value along the B2B sales funnel”, Business 

Horizons,  

Paschen, J., Pitt, L., Kietzmann, J., Dabirian, A. and Farshid, M. (2017), “The Brand 

personalities of brand communities: an analysis of online communication”, Online 

Information Review, Vol. 41 No. 7, pp. 1064-1075.  

Penaloza, L. and Price, L.L. (1993), “Consumer resistance: a conceptual overview”, 

NA-Advances in Consumer Research Volume 20, available at: 

www.acrwebsite.org/search/view-conference- proceedings.aspx?Id=7423 (accessed 25 

March 2017).  

Pentina, I. and Amos, C. (2011), “The Freegan phenomenon: anti-consumption or 

consumer resistance?”, European Journal of Marketing, Vol. 45 Nos 11/12, pp. 1768-

1778.  

Pepper, M., Jackson, T. and Uzzell, D. (2009), “An examination of the values that 

motivate socially conscious and frugal consumer behaviours”, International Journal of 

Consumer Studies, Vol. 33 No. 2, pp. 126-136.  

Pitt, C., Kietzmann, J., Botha, E. and Wallström, Å. (2018a), “Emotions and 
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