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Beyond the spike: how stakeholder response patterns predict 

retail crises and the impact of retailer reactions 

Abstract 

Retail brands increasingly face a barrage of negative incidents—ranging from service 

failures to legal actions—that unfold in real time across news and social media. While most 

incidents fade, some escalate into full-blown crises with reputational and financial consequences. 

This study takes an empirics-first approach to crisis detection and prediction. We identify 510 

retail incidents and track their trajectories across traditional media sentiment, social media buzz, 

and consumer mindset metrics. Rather than assume any one event structure or communication 

channel, our approach is agnostic to topic, platform, and sentiment valence. Using dynamic time 

warping (DTW) and decision-tree models, we uncover recurring stakeholder response patterns 

that predict whether an incident impacts retailer firm value. This framework helps retailers 

distinguish routine negativity from high-risk events. It enables early intervention based on 

empirical trajectory patterns, reducing reactive missteps. Our findings provide a holistic, data-

driven method for interpreting crisis evolution and improving decision-making in fast-moving 

environments. 

Keywords: brand crisis, retail, dynamic time warping, time series clustering, abnormal 
returns, brand metrics 
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 One of the biggest challenges facing retailers today is navigating the growing stream of 

negative events covered in the media—some of which may escalate into full-blown brand crises. 

The rise of social media has increased the visibility and complexity of these situations, making it 

harder for retailers to anticipate how incident-related buzz will evolve before they respond. 

Social media, alongside traditional media, forms an 'echoverse'—a communication environment 

where customers, stakeholders, and (citizen) journalists interact and amplify reactions in real 

time (Hewett et al. 2016). As a result, negative incidents in traditional media can spill over into 

social media and vice versa (Hennig-Thurau, Hofacker, & Bloching 2013). For example, Target 

was widely criticized in 2013 after a cyberattack compromised over 40 million customer 

accounts (McCoy 2017). A decade later, controversy over its Pride Month display triggered a 

boycott and its first sales decline in six years (Meyersohn 2023). 

Yet tracking crisis dynamics is not straightforward. Information can spread rapidly, often 

without editorial gatekeepers (Conway et al. 2007). Retailers may issue press releases or stay 

silent, while consumers, activists, or influencers seize public discourse through social media 

(McQuarrie, Miller, & Phillips 2013). These forces interact unpredictably, making it hard for 

retailers to anticipate how events unfold. Negative incidents often spark chain reactions, where 

one stakeholder group's behavior influences others. This interplay across sentiment metrics, 

attention spikes, and platform dynamics adds noise and makes it harder to distinguish routine 

negativity from crises. Many incidents do not lead to brand harm, and tracked metrics obscure 

rather than clarify trajectories (Pauwels 2014). Conversations with senior retail managers 

indicated that the key differentiator between noise and crisis is the potential for negative impact 

on performance. This raises a critical question: how can retailers distinguish between a 

publicized incident that will fade and one that will escalate into a full-blown crisis? 

Marketing Science Institute Working Paper Series



 3 

Extant research does not yet answer these questions given its selection of incidents 

already established as brand crises and focus on the emergence and impact of crises in either 

traditional (e.g., Liu & Shankar 2015; Cleeren, van Heerde, & Dekimpe 2013) or social media 

environments (e.g., Hansen, Kupfer, & Hennig-Thurau 2018; Borah & Tellis 2016; Hsu & 

Lawrence 2016; Kübler, Langmaack, Albers, & Hoyer 2020). We take a holistic view of the 

interplay among components of the communications echoverse, considering the roles of 

traditional and social media as well as changes in brand-related sentiment surrounding negative 

incidents. In doing so, we aim to unbundle the chain of reactions across stakeholder groups and 

understand the dynamics among them and their potential impact on firm performance. 

Brand crises rarely emerge fully formed; instead, they develop through sequences of 

shifts in attention, sentiment, and buzz that escalate, stabilize, or dissipate over time (McCombs 

& Reynolds 2009; Trilling & Schoenbach 2015). Understanding these dynamics requires 

tracking how stakeholder reactions evolve across channels, not just the presence of content. We 

identify incidents through media coverage and examine changes in consumer sentiment and 

social media activity over time. Unlike prior studies focused on known crises or specific media, 

we take an agnostic approach, allowing any incident to reveal meaningful patterns. We then 

assess whether these patterns predict firm performance. Specifically, we address these questions:  

1) Based on which metrics reflecting the reactions of different stakeholder groups can 

retailers anticipate the likely trajectory of a negative incident? 

2) Do different incident types matter more than others in terms of the reactions of 

different stakeholder groups?  

3) Can we predict the impact of negative incidents on firm performance based on the 

dynamic reaction patterns of other stakeholder groups?  

Marketing Science Institute Working Paper Series



 4 

In addressing these questions, our study makes several contributions. First, it illuminates 

different retail crisis patterns reflected in changes to traditional media, social media, and 

consumer sentiment throughout the incident window, helping managers interpret noisy 

stakeholder metrics by showing how patterns, rather than spikes, can be early signals of impact. 

While social listening tools (Kübler, Colicev, & Pauwels 2017) can be helpful, they often induce 

false alarms. Our approach offers a structure to identify meaningful, recurring patterns that serve 

as indicators of market outcomes. In doing so, we help managers focus on the right signals rather 

than reacting to anecdotal noise (McGovern et al. 2012; Pauwels & Joshi 2016). 

Second, we introduce to the marketing literature DTW as a method of time series 

clustering, given the temporal dependencies and fluctuations exhibited in our data. The evolution 

and configuration of consumer responses to an incident may also be influenced by prior periods' 

consumer reactions. DTW allows us to group time series that share similarities in shape and 

timing. By doing so, we are among the first studies to identify archetypes of reaction patterns. 

Finally, we assess the impact of the different trajectories identified using DTW on firm 

performance. In doing so we produce a decision tree distinguishing the forks in the road, and 

how the performance impact depends both on the firm’s actions (such as the number of press 

releases) and the reaction patterns of multiple stakeholder groups. As a consequence managers 

can better foresee how patterns observable from common social media listening tools or 

marketing dashboards evolve into a crisis or if an incident does not impact firm value.  

Review of relevant literature 

In Table 1, we present a summary of prior empirical research investigating the reactions 

of consumers, traditional media, social media, and the market surrounding negative brand- or 

firm-related incidents. We highlight whether each paper identifies a negative incident as a key 
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focus, the sources used, and the focal industry(ies) examined. We also summarize each study’s 

key findings. While we read widely across disciplines to identify relevant findings and gaps, we 

restrict our summary to empirical studies with field data published in Marketing journals within 

the last 10 years. Where relevant, we discuss other studies to showcase our contributions. 

No prior studies, to our knowledge, have begun with a range of incidents that could 

become crises to predict which ones do. Instead, most focus on a few crises identified after the 

fact, often from a single firm or industry, limiting their relevance to the environments retail 

managers face. We start from a base of more than 500 incidents across multiple firms, allowing 

us to examine incident trajectories as they unfold rather than selecting them in hindsight. By 

taking an empirically grounded approach we reflect the complexity of the environment—marked 

by uncertainty, noise, and overlapping events. This lens helps overcome selection bias, support 

generalizable insights, and surface patterns obscured in studies focused on isolated cases. 

Second, much of the research on negative brand incidents has focused on the reactions of 

one or a few sources mentioned above. For example, studies examining the reactions of a single 

stakeholder group include those focusing on investors (Chen, Ganesan, & Liu 2009; Eilert et al. 

2017; Gao et al. 2015; Kang, Germann, & Grewal 2016; Liu, Shankar, & Yun 2017; Rasoulian et 

al. 2017; Shiu & Yang 2017; Thirumalai & Sinha 2011; Wiles et al. 2010). Other studies focus 

exclusively on the reactions of consumers (Gijsenberg, van Heerde, & Verhoef 2015; Lin et al. 

2011; Puzakova, Kwak, & Rocereto 2013; Srinivasan & Sarial-Abi 2021; Swait, Erdem, &Peters 

2014). Finally, studies focusing on a single source also examine the reactions of traditional 

media (Lungeanu, Paruchuri, & Tsai 2017; Zavyalova et al. 2012). 
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Table 1: Review of empirical investigations of investor, consumer, and media reactions surrounding negative events 

Cite Relevant Issues Examined  Industries 
Examined 

Reactions by: 
Event types Approach to Identifying 

Events Market Consumers Traditional 
media 

Social 
media 

Firms/ 
Retailers 

This study 
what metrics allow retailers to 
anticipate the trajectory of a 
negative incident and itspotential 
impact on firm performance 

Retailing X X X X X multiple negative 
events 

proactive identification of all 
retailer days with abnormal 
negative news volume 

Mosley, Schweidel & 
Zhang (2024) 

how consumer–brand relationship 
and crisis type moderate the impact 
of language on social media 

multiple 
industries  X X X  multiple negative 

events 
reactive identification of known 
crises 

Yu, Huang, Qing, & 
Chen (2022) 

how humor reduces negative 
feedback’s impact on social media 

search engine, 
shoes  X  X X multiple negative 

events 
reactive identification of known 
negative events; product reviews 

Kübler, Langmaack, 
Albers, & Hoyer (2020) 

difference in impact of corporate 
unethical behaviour and product 
harm crisis on consumer outrage  

banking, 
automotive, 
electronics 

 X  X  

corportate 
unethical 

behavior and 
product recalls 

reactive identification of known 
product harm crises 

Stäbler & Fischer 
(2020) 

drivers of media coverage of 
corporate social irresponsibility 
events 

multiple 
industries X  X X  

corporate social 
irresponsibility 

events 

reactive identification of known 
CSI events 

Hansen, Kupfer, & 
Hennig-Thurau (2018) 

negative effects of firestorms on 
brand perceptions  

multiple 
industries  X X X  social media 

firestorms 
reactive identification of known 
social media firestorms 

Eilert, Jayachandran, 
Kalignanam, & Swartz 
(2017) 

impact of time to recall on stock 
market returns automotive X     product recalls reactive identification of known 

safety investigations 

Liu, Shankar & Yun 
(2017) 

effect of recall volume and crisis 
management strategies for firm 
value 

automotive X    X product recalls reactive identification of known 
product recalls 

Rasoulian, Grégoire, 
Legoux & Sénécal 
(2017) 

impact of recovery efforts on firm 
performance after service failure service industries X    X service failures reactive identification of known 

information breach events 

Borah & Tellis (2016) effect of product recalls on online 
chatter  automotive X   X  product recalls reactive identification of known 

product recall events 

Hsu & Lawrence (2016) impact of social media on 
shareholder value  

multiple 
industries X   X X product recalls reactive identification of known 

produce recall events 

Kang, Germann & 
Grewal (2016) 

CSR as a penance for corporate 
social irresponsibility  

multiple 
industries X     

corporate social 
irresponsibility 

events 

reactive identification of concerns 
regarding social issues 

Gao, Xie, Wang & 
Wilbur (2015) 

adjusting pre-recall ad spending 
can moderate financial damage dairy X    X product recalls reactive identification of known 

product recalls 
Gijsenberg, van Heerde, 
& Verhoef (2015) 

how service crises affect perceived 
service quality  railway  X    service failures reactive identification of known 

service failures  
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We found far fewer studies examining two or more elements of a firm’s communications 

echoverse, which is surprising given the likelihood that multiple sources react to negative 

incidents. A second limitation of prior studies is the type of negative incidents examined, with 

many focusing on a single type. For example, product recalls account for a large share of prior 

research (Borah & Tellis 2016; Chen, Ganesan, & Liu 2009; Eilert et al. 2017; Gao et al. 2015; 

Hsu & Lawrence 2016; Liu, Shankar, & Yun 2017; Swait, Erdem, & Peters 2014; Thirumalai & 

Sinha 2011). Other studies focus specifically on service failures (Gijsenberg, van Heerde, & 

Verhoef 2015; Rasoulian et al. 2017), product wrongdoing or harm crises (Kübler, Langmaach, 

Albers, & Hoyer 2020; Lin et al. 2011; Puzakova, Kwak, & Rocereto 2013), corporate social 

irresponsibility (Kang, Germann, & Grewal 2016; Kübler et al. 2020; Stäbler & Fischer 2020), or 

misconduct related to financial reporting (Lungeanu, Paruchuri, & Tsai 2017) or misleading 

advertising (Wiles et al. 2010). Studies examining a wider range of incident types tend to focus 

narrowly on investor reactions (Shiu & Yang 2017), traditional media only (Zavyalova et al. 

2012), investors and traditional media only (Wei, Ouyang, & Chen 2017), or omit investor 

reactions entirely (Hansen, Kupfer, & Hennig-Thurau 2018; Mosley, Schweidel, & Zhang 2024; 

Yu, Huang, Qing, & Chen 2022). 

A final observation from our review of relevant literature is the lack of studies examining 

negative incidents in the retail sector specifically. This is surprising given that global retail sales 

will reach $32.4 trillion in 2025 (Oberlo 2024)—and the increasing prevalence of incidents such 

as data breaches that capture attention in both traditional and social media. The Target examples 

are among many that have garnered significant attention over the past decade. On average, data 

breaches alone cost U.S. retailers $4.45 million. Moreover, retail crises span many types, 

including supply chain incidents (e.g., Chipotle’s decision to stop serving carnitas), human 

Marketing Science Institute Working Paper Series



 8 

resources incidents (e.g., McDonald’s’ CEO being ousted after admitting to an intimate 

relationship with an employee), and legal incidents (e.g., lawsuits over retail pharmacies’ roles in 

the opioid epidemic)1. 

While prior research often focuses on a single brand crisis or high-profile incident (e.g., 

product recalls, social irresponsibility), this narrow lens risks reinforcing what we term strategic 

myopia: a managerial overreliance on known, visible, or viral events at the expense of 

understanding the broader pattern of incident emergence and escalation. In today’s retail 

environment, however, crises do not arise in isolation. They occur against a backdrop of 

simultaneous events, stakeholder responses, and rapidly evolving digital narratives. Retailers 

who monitor only large spikes or familiar incident types may overreact to noise or fail to detect 

early warnings embedded in subtler patterns. As Pauwels (2014) warns, overinterpreting noisy 

metrics or momentary fluctuations can lead to costly missteps. Thus, our approach captures the 

broader ecosystem of incidents, recognizing the dynamic interplay among multiple signals and 

stakeholders over time. By analyzing trajectories rather than isolated snapshots, we help retail 

managers react appropriately, and demonstrate the benefits in our simulations. 

Conceptualizing a crisis echoverse 

While we approach this study in an exploratory fashion, consistent with an “empirics 

first” approach (Golder et al. 2022), we nonetheless conceptualize a crisis echoverse in order to 

capture the complex, real-time interplay of stakeholder reactions across traditional media, social 

media, and consumers. We define a retail incident as a sharp, abnormal spike in negative 

traditional media coverage, identified using a statistical threshold. A crisis, in our 

operationalization, is not predefined but inferred—when stakeholder response trajectories align 

 
1 https://www.nytimes.com/2022/11/15/health/walmart-opioids-settlement.html  
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with performance degradation (e.g., negative Cumulative Abnormal Returns on the stock 

market), the incident is considered to have escalated into a crisis. This outcome-based definition 

avoids assumptions about content or sentiment and focuses on empirical stakeholder patterns.  

While consumers, media, and social platforms amplify incident dynamics, retailers 

themselves are not passive observers. In fact, our analysis shows that their responses—especially 

in the form of press releases—can significantly shape how other stakeholders react. 

Notably, excessive retailer response may unintentionally escalate the situation, reinforcing 

negative sentiment and amplifying buzz, a finding that aligns with Coombs' (2007) Situational 

Crisis Communication Theory, which suggests that over-communicating in certain crisis types 

can intensify stakeholder attributions of responsibility, thereby worsening reputational harm. We 

therefore conceptualize retailer reactions as integral parts of stakeholder trajectory patterns, 

capable of either mitigating or compounding the impact of an incident.  

Crises can be characterized by their strength and length (e.g., Hansen et al. 2018), both of 

which impact the extent to which crisis information is processed by consumers and investors and 

has potential to impact brand sentiment, and subsequently the firm’s bottom line. Figure 1 

presents a framework for understanding how retailers navigate overlapping and potentially 

compounding stakeholder responses. Unlike prior crisis models, this framework emphasizes 

pattern recognition across incidents, helping firms detect structural rather than episodic signals of 

risk. We argue that an event will triggor reactions by traditional media, social media, and in 

terms of consumers’ brand perceptions. All of these sources may influence each-other, and 

retailers may also react and influence the reactions in social or traditional media or by 

consumers. We then investigate the impact of these reactions’ trajectories on firm performance.  

Stakeholder response dynamics  

Marketing Science Institute Working Paper Series



 10 

In the wake of negative retail incidents, multiple stakeholder groups—including 

traditional media, social media users, consumers, and retailers themselves—contribute to a 

dynamic communication environment. Traditional media often initiate the framing of the event 

(Zavyalova et al. 2012), while social media can amplify, contest, or reshape the public discourse 

in real time (Pfeffer et al. 2014). Consumers respond with evolving sentiment and word of 

mouth, influenced by emotional arousal, peer diffusion, and issue salience (Berger & Milkman 

2012; Berger & Iyengar 2013). In turn, firms may react with official statements or silence, 

influencing the evolving trajectory of stakeholder responses rather than narrating a cohesive 

brand story (Hewett et al. 2016). 

Figure 1: Conceptual Framework 

 

This dynamic interplay creates what we refer to as a crisis echoverse—a feedback-rich 

environment in which stakeholder reactions are temporally interdependent. Unlike prior studies 

that isolate one channel or stakeholder group, we examine how these reactions evolve over time 

and influence each other. Research in crisis communication and word-of-mouth diffusion has 

Incident

Traditional
Media

Social 
Media

Consumer
Brand

Perceptions

Retailer Reactions

Retailer 
Performance

(Press Release vs. Silence)

(CAR)
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shown that social media often facilitates faster, more emotionally intense, but also shorter-lived 

reactions compared to traditional media (Hansen et al. 2018; Arvidsson & Caliandro 2016). 

Rather than assuming fixed narrative structures, we empirically analyze the temporal 

patterns of stakeholder response metrics using DTW. This approach allows us to detect recurring 

trajectory shapes across incidents, providing actionable insight into how crises escalate, stabilize, 

or fade—and when retailers should intervene. 

Trajectory of a crisis 

Crises rarely erupt instantaneously; rather, they unfold through identifiable sequences of 

stakeholder reactions. Prior research in crisis communication has assumed that crises follow a 

typical arc—an initial spike in attention, a peak in visibility or controversy, and a gradual return 

to baseline (Coombs 1999; Howell & Miller 2006). Crisis management strategies have 

traditionally aimed to shorten and flatten this arc, minimizing reputational and financial damage 

by quickly resolving the issue or shifting attention (Gonzalez-Herrero & Pratt 1995). 

However, in today’s multichannel communication environment, these temporal patterns 

can vary widely depending on the interplay of media sentiment, social media activity, and 

consumer responses. While traditional models posit a rise-and-fall trajectory (Coombs 1999; 

Howell & Miller 2006), empirical evidence suggests that some incidents trigger sustained or 

delayed stakeholder responses, while others dissipate quickly without lasting impact (Hansen et 

al. 2018; Arvidsson & Caliandro 2016). Our findings further reinforce this point, showing that 

crises can follow diverse trajectory patterns—such as oscillating sentiment (Rollercoaster) or 

late-onset attention (Too Late)—that diverge from linear or predictable arcs. 

We move beyond theoretical assumptions by directly measuring and clustering 

stakeholder metrics’ empirical trajectories. Using DTW, we detect recurring temporal patterns—
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such as short dips, escalators, or rollercoasters—that describe how media sentiment, consumer 

mindset, and online buzz evolve in response to incidents. These trajectory archetypes allow us to 

identify meaningful differences in stakeholder reactions across incident types and time, offering 

retailers a more nuanced understanding of when, how, and why an incident becomes a crisis.  

Reactions to retailer crisis-related stories 

 In this section we discuss the reactions to retailer crisis-related stories by consumers and 

the market, both of which are key stakeholders in the trajectory of a crisis. We furthermore 

consider the role of retailers themselves as they respond to negative incidents. 

Consumers 

Brand-related crises can influence consumers’ brand perceptions, potentially leading to 

undesirable outcomes such as negative WOM and reduced brand purchase likelihood. Research 

has shown not only short-term impacts of crises on consumer perceptions but also longer-term 

impacts that can damage a brand (Gijsenberg, Van Heerde, & Verhoef 2015). Others view 

brands as signals to consumers regarding their ability to deliver on the brand’s promise, and 

suggest that crisis-related information can serve as a “shock” to consumers’ brand perceptions 

and consideration (Swait, Erdem, & Peters 2014). Information regarding crises can raise doubts 

about the brand's ability to deliver its promised benefits (Dawar & Pillutla, 2000). However, it 

may also increase the retailer's salience without hurting consumer consideration, for instance 

because consumers may not care about the incident type or scope. Thus, consumers’ retailer 

perceptions are influenced by information flows across traditional and social media, with crisis-

related events acting as shocks that disrupt and reshape the trajectory of stakeholder responses. 

Retailers 
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A key question for retailers is whether their actions can help prevent a negative incident 

from becoming a full-blown crisis. While classic economics theory holds that people react based 

on expected utility, researchers have shown that anticipated regret engenders action bias (Patt & 

Zeckhauser 2000)—as observed in elite soccer coaches and goalkeepers (Zeelenberg et al. 2002; 

Bar-Eli et al. 2007). When faced with ambiguous and risky situations, people often feel they 

must act, regardless of whether doing so is wise. In our manager interviews, we heard evidence 

that firms feel compelled to respond to protect both their brand and customer relationships. 

Research shows that managers react to brand crises in several ways, such as adding to incident-

related dialog in social media (Hsu & Lawrence 2016), interacting with customers through 

compensation or process improvements (Rasoulian et al. 2017), or issuing press releases (Hewett 

et al. 2016). Because the norm is to act (Kahneman & Miller 1986), we expect retail managers to 

exhibit action bias, and thus capture their reactions by examining the volume of press releases 

issued surrounding a negative incident. 

Data 

We describe next our approach for gathering our data, identifying negative incidents and 

selecting the variables on which to focus in understanding the trajectory of negative incidents. 

Sample and variable selection 

We constructed our prediction model by analyzing crisis incidents within two prominent 

retail sectors: fashion and food service. First, we include fashion retailers due the overall size of 

the fashion industry, which is estimated at $1.7 trillion as of 2023,2 and its importance to the 

global economy.3 In addition, the fashion industry has a significant social media presence and 

 
2 https://www.oberlo.com/statistics/apparel-industry-statistics 
3 https://thealexcrowley.medium.com/the-role-of-fashion-in-the-global-economy-manufacturing-retail-and-luxury-brands-
6a6f8c96f891  
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continues to see growth in e-commerce sales.4 Next, the food service industry is also among the 

largest retail sectors, expected to reach $1,467.04 billion by 2028,5 and the quick service food 

sectors in particular continue to outpace the rate of growth of other food service options such as 

fine dining. Furthermore, we expected that the types of negative incidents appearing in the media 

would differ across these industries given sensitivities about what we wear versus what we eat. 

In each of these sectors, we considered a selection of major and mid-sized retailers that 

operate across all U.S. states, some globally, and have a substantial number of publicly reported 

negative incidents. We selected three of the top ten fast food retailers based on sales revenue 

(McDonalds, Burger King, and Dunkin’ Donuts), all with a global presence (Food & Wine 

2023), and selected one U.S.-only quick service food chain with a greater volume of dine-in 

versus takeout sales (Kona Grill)6. In the fashion industry, our focus was on three retailers: 

Abercrombie and Fitch and Aeropostale, both of which have a U.S. and global presence and 

offer fashion for both male and female consumers, and Jos. A. Bank, a retailer serving mainly 

male consumers and with a U.S. and online presence only.  

Identifying negative incidents 

We isolated negative incidents by first identifying spikes in negative news volume using 

Ravenpack. In particular, we use Ravenpack’s abnormal news volume variable to capture extra 

media coverage on a given day. This variable depicts how different the actual news volume over 

the past 24 hours is when compared to the normal (over the past 365 days) news volume for a 

retailer. A value of zero means the volume is the same as normal; a positive number represents 

the number of standard deviations the volume is above normal; and negative numbers represent 

 
4 https://www.bigcommerce.com/blog/2022-fashion-apparel-report/#  
5 https://www.fortunebusinessinsights.com/fast-food-market-106482  
6 https://www.restaurantbusinessonline.com/financing/kona-grills-parent-finds-customers-are-ready-dine-out-again  
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the number of standard deviations the volume is below normal. Once we identified dates on 

which news volume is above normal, we downloaded all news stories appearing on those dates 

using Factiva. We then trained four graduate assistants to read all of the news articles appearing 

on those days and classify the topic of each article using a coding scheme developed by two 

graduate assistants based on one year worth of articles across all of the retailers in our sample. 

(For more information on the incident codes see Appendix A and Appendix B.). Using this 

procedure, we identified 510 incidents across the five retailers, from January 2010 to December 

2015. We further rely on managerial input to aggregate the incidents into six major categories: 

legal and financial, marketing, supply chain and operations, or human resources. 

Social media data 

Word of mouth (WOM) has been demonstrated to significantly influence consumers' 

perceptions of a company (Hewett et al., 2016). To capture online WOM, we use social media 

data. Specifically, we leverage Twitter's Academic API to extract all Tweets referencing any 

company within our sample during the period between January 1st 2010, and December 31st, 

2015. Twitter (now X) is especially suited for our research, as it is commonly known to be 

among the primary complaint channels for users and customers (Ma, Sun, & Kekre 2015). 

Twitter furthermore brings the advantage that content posted on the platform was not hidden 

behind privacy curtains, so that data censorship or truncation does not create issues. For each 

brand represented in our sample we extracted all tweets that were either mentioning the brand or 

referring to a brand specific hashtag. We specifically examine the volume of social media 

mentions of each of the retailers during the time period of our study.  

Consumer brand perceptions 
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Our choice of variables is driven by the consumer decision-making funnel and the 

corresponding mindset metrics (e.g. Srinivasan et al. 2010). That is, we make use of YouGov's 

mindset metrics, which are updated daily and are therefore highly effective in monitoring the 

immediate and dynamic impact of incidents on consumer’s evaluations throughout the decision-

making process, particularly for short-term incidents spanning limited time periods (i.e., 5-7 

days). These measures reflect how the public—not just social media users—perceive the brand 

before, during, and after incidents. YouGov's metrics are well established in marketing research 

and have been shown to accurately capture consumers' perceptions of firms (Hewett et al., 2016) 

and their reactions to firms' marketing actions (Colicev et al., 2018).  

We illustrate the upper funnel and a consumer's awareness of the retailer with YouGov's 

buzz volume and buzz valence metrics. The buzz volume metric indicates the frequency of 

individuals who have recently heard of or discussed the respective company. On the other hand, 

the buzz valence metric gauges the favorability or unfavorability with which the retailer is 

portrayed in these discussions. Moreover, for assessing the middle and lower sections of the 

decision-making funnel, we depend on YouGov's company reputation score to measure how 

consumers generally perceive the retailer's actions in a positive or negative light. 

Traditional media sentiment 

Recognizing that consumers' perception of a retailer and a negative incident is also 

influenced by how the incident is covered in the traditional media (Stäbler & Fischer, 2020), we 

incorporate media coverage into our model. We use the abnormal news sentiment variable  

provided by Ravenpack, which captures the average sentiment strength over the previous 24 

hours for a given retailer. The variable’s values range from -1 (highly negative) to +1 (highly 
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positive) where a value of 0 is neutral. An empty value means that there was no news events and 

therefore no sentiment associated with the company over the past 24 hours. 

Retailer press releases 

 Understanding the role retailers’ responses play in the trajectory of negative incidents, we 

also include data on the volume of firms’ press releases. Because firms use various media 

platforms, including online social media (e.g., Facebook, Twitter), newspapers, television, and 

company websites, to publish press releases7, we account for the overall volume of press releases 

issued by a retailer over the past 24 hours as reported by Ravenpack. This variable’s values 

represent a count of retailer-issued press releases during the past 24 hours.  

Firm performance 

We assess firm performance based on financial market reactions. The market reacts to the 

trajectory of a crises by signaling investor support for or skepticism of the discourse from 

traditional or social media, or the retailer itself, in their investment decisions (Eilert et al. 2017; 

Flammer 2013; Liu, Shankar & Yun 2017). Studies examining the impact of crises on firm value 

assume that an incident reveals new information, which leads investors to adjust their company 

valuation perceptions. Negative incidents can signal that a retailer failed to protect customers, in 

cases such as the Target data breach, or in some other way let customers down, which can lead to 

customer churn (Eilert et al. 2017) and sales loss, as illustrated in the Target Pride Month boycott 

(Meyersohn 2023). Alternatively, investors may disregard the incident as a 'storm in a glass of 

water', or even buy more of the retailer's stock as its salience increases without hurting long-term 

prospects. Thus, investors respond to the retailer-related narratives, and their reactions may not 

necessarily be negative, but instead could be neutral or even positive.  

 
7 https://oer.pressbooks.pub/mediacommunication/chapter/public-relations-basics/ 
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Method 

 We first use dynamic time warping (DTW), a specific form of time series cluster analysis 

to uncover patterns of trajectories of negative incidents across the retailers in our sample using 

five metrics: media sentiment, buzz volume, Twitter volume, buzz valence, and retailer 

reputation. Next, based on these patterns, we identify 11 incident trajectory types across the five 

metrics. Finally, we explore the association between these trajectory types and CAR to offer 

valuable implications for retail managers in responding to different metrics and early patterns.  

Dynamic time warping for negative incidents 

For every negative incident we identified, we construct time series for each of our 

variables. These time series encompass a seven-day window centered around the incident, 

encompassing three days of observations before the incident and three days of observations after 

the incident. This window length is similar to those of event studies in finance (e.g. Abbassi et al, 

2022) and marketing (Kleine, Friederich & Paul 2023), and is selected, after assessing all 

incidents in the sample, to avoid interference from concurrent incidents and other confounding or 

omission biases (Sorescu et al 2017). Likewise, including several days before the incident's 

media coverage allows for leakage, i.e. market players acting with a priori knowledge (ibid).  

To discern the recurring patterns in how consumers and the media engage with, evaluate, 

and report over time on corporate incidents, we employ a cluster analysis approach. Among the 

approaches to time series cluster analysis, DTW has emerged as the most adaptable and suitable 

approach for analyzing time series data (Paparrizos & Gravano 2017). This flexibility is 

especially pertinent when dealing with time series data that may encompass time shifts, such as 

those induced by the occurrence of an incident, and scaling effects, which can be attributed to the 

varying degrees of a firm's popularity or diverging levels of publicity associated with an incident. 
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Moreover, DTW excels in the clustering of time series that may manifest disparities in 

their speed or alignment (Sardá-Espinosa 2017). These differences may stem from incident type 

heterogeneity or other external factors, including seasonality, timing, and idiosyncratic company 

or incident factors. Importantly, DTW is capable of generating more interpretable clusters by 

grouping time series that share similarities in both shape and timing. Additionally, it provides the 

centroid shape for each cluster, which represents the archetypal or average trajectory. This 

feature can prove invaluable in fostering a comprehensive understanding of the temporal 

development of each metric throughout the course of an incident (see Wang et al. 2018). 

Like any cluster analysis, a preliminary step involves determining the number of clusters 

to be identified by the algorithm. We adhere to established procedures in time-series cluster 

analysis and employ the two main methods for ascertaining the cluster count in each of our 

cluster analyses. For each variable, we utilize R's dtwclust package (Sardá-Espinosa & Sardá 

2018) to estimate hierarchical cluster solutions, allowing for the exploration of up to ten potential 

clusters. Next, we scrutinize the resulting dendrograms for each cluster solution, offering insights 

into the separation points of clusters, cluster sizes, and their composition. 

To decide on the number of clusters for each variable, we rely on cluster validation 

indices, as furnished by the CVI function within the dtwclust package (Arbelaitz et al. 2013). 

Table 2 provides descriptive statistics for the resulting clusters for each variable. For each 

variable, while the share of legal and financial incidents is greatest across all variables, there is 

significant variation among other types of incidents for different clusters. For media sentiment, 

the clusters with largest number of incidents (A2, or short hype with 250 and A1, or short dip, 

with 124), have marketing incidents as one of the most common and for the cluster with the 
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smallest number of incidents (A4, or escalator, with 20) human resources incidents are the most 

common and marketing incidents are much less common.  

Impact of crisis trajectories on market reactions 

We aim to provide managers with actionable insights on when and which combination of 

media and consumer reaction trajectories leads to more positive or more negative market 

reactions. To this end, we estimate a regression tree model, which has four key advantages 

(Kübler, Wieringa, & Pauwels 2016), described below. 

Table 2: Cluster Descriptives for Each Variable 

Variable Number of Incidents and Percent of Each Incident Type per Cluster 
Media Sentiment Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 

Total incidents: 124 250 24 20 57 
Human resources 12.93 13.65 5.88 20.69 10.00 
Legal and financial 41.38 40.95 47.06 41.38 41.67 
Marketing 24.13 20.95 20.59 13.79 30.00 
Supply chain/operations 21.55 44.44 26.47 24.14 18.33 
      
Buzz Volume      

Total incidents: 238 101 75 70 -- 
Human resources 14.67 10.17 12.50 12.35 N/A 
Legal and financial 43.63 39.83 39.58 39.51 N/A 
Marketing 18.92 24.58 27.09 28.46 N/A 
Supply chain/operations 22.78 25.42 20.83 24.13 N/A 
      
Twitter Volume      

Total incidents: 155 282 21 14 -- 
Human resources 12.28 13.45 8.33 17.65 N/A 
Legal and financial 39.18 41.81 54.17 41.18 N/A 
Marketing 22.22 21.34 25.00 35.29 N/A 
Supply chain/operations 26.31 23.39 12.50 5.88 N/A 
      
Buzz Valence      

Total incidents: 196 85 151 47 -- 
Human resources 13.54 13.54 11.63 13.73 N/A 
Legal and financial 41.05 46.88 40.70 35.29 N/A 
Marketing 19.65 18.76 26.16 27.45 N/A 
Supply chain/operations 25.77 20.84 21.50 23.53 N/A 
      
Reputation      

Total incidents: 111 42 115 183 33 
Human resources 12.30 5.71 13.39 13.79 15.79 
Legal and financial 40.98 42.86 44.09 40.52 39.47 
Marketing 19.67 28.57 22.84 23.28 15.79 
Supply chain/operations 27.05 22.85 19.69 21.41 28.95 
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First, we can use the regression tree model to test the predictive power of the trajectories, 

while naturally accounting for non-linear relationships (see e.g. De'ath & Fabricius 2000) 

between independent variables (trajectories of consumer reactions and media coverage) and our 

dependent variable (CAR). Second, contrary to the basic Ordinary Least Squares regression 

model, a regression tree model automatically selects the most important variables and 

interactions by splitting the tree nodes based on their predictive power. We can thus account for 

the relationships across our variables and interactions between them, without having to make 

apriori assumptions (Loh 2011). Third, as our analysis involves heterogeneous incident types for 

retailers from different industries, each incident's effect on market reactions may vary due to 

differing circumstances. Regression trees excel at handling such heterogeneity because they 

partition the data into subsets based on incident characteristics, effectively creating different 

models for different incident types (c.f., Green & Kern 2012). Finally, the regression tree model 

output allows us to deliver actionable insights for managers (Yildirim & Kübler, pp. 246-248). 

The decision tree structure allows for a straightforward interpretation of the model's predictions 

and to deliver a roadmap, when the occurrence of a combination of trajectories across our 

investigated variables will lead to more negative or more positive shareholder reactions.  

To allow for heterogeneity in trajectories and caused by the different types of incidents, 

we estimate the regression tree model depicted in equation (1) with the help of R’s rpart package.  

(1) CARi = β₀ + β₁ * Media_Sentiment_Clusteri + β₂ * Buzz_Volume_Clusteri  +  

β3 * Twitter_Volume_Clusteri  + β4 * Buzz_Valence_Clusteri +  

β5 * Reputation_Clusteri + β6 * Finance_and_Legal_Incidenti +  

β	7	*	Marketing_Incidenti	+	β8	*	Channels_and_Operations_Incidenti	+		

β	9	*	Human_Resources_Incidenti	+	β10	*	Number_Press_Releasesi	+	εi	
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The tree predicts CAR for incident i with the help of the incident specific patterns of the 

YouGov metrics and the volume of Tweets, a set of incident type dummies, and the total number 

of press releases per incident released by the company. Because each cluster condenses the 

variable’s 7-day trajectory into a single incident-level pattern, the tree is specified purely cross-

sectionally—explaining variation across incidents rather than within incidents over time—and 

therefore contains no time subscript t. 

Results 

 We first report on our results from the DTW analysis, describing different incident 

trajectories based on five different metrics: (media sentiment, buzz volume, Twitter volume, 

buzz valencc, and retailer reputation) We then provide our findings from the decision tree 

analysis regarding investor reactions based on the different trajectories. 

Crisis trajectories 

Table 3 provides the associated cluster outcomes for each of our variables along with the 

number of observations contained within each cluster and a description of each cluster (See 

Table 3). Across the brand metrics, five trajectories emerge for media sentiment, buzz valence, 

and retailer reputation, while four trajectories emerge for buzz volume and Twitter volume. First, 

media sentiment is characterized by the Short-Dip (1), the Short-Hype (2), the Long-Dip (3), the 

Escalator (4), and the Too Late (5). Concerning consumer sentiment (Buzz Valence), our 

analysis reveals five distinct trajectories: (1) the Late Short Dip, (2) Trough, (3) the 

Rollercoaster, (4) and the Hero. As to retailer reputation, the five trajectories are (1) the 

Rollercoaster, (2) the Too late, (3) Trough, (4) the Escalator, and (5) the Star. Finally, both the 

Buzz Volume and Twitter Volume metrics follow the trajectories of (1) the Short-Hype, (2) the 

Escalator, (3) the Pre-Hype, or (4) the Rollercoaster.  
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Table 3: Crisis Trajectory Characteristics 

Metric Trajectory    
 (# of incidents) Trajectory Characteristics Prominent 

Incident Types 
Average 
CARs Shape 

A. Media 
Sentiment 

A1. Short Dip  
(124) 

• Brief decline in sentiment on incident 
day, followed by an immediate return 
to the average pre-incident level.  

• Media pays only fleeting attention to 
the incident, portraying it negatively.  

• Legal/financial  
• Marketing  
• Supply chain   

Negative 
 

A2. Short Hype 
(250) 

• Media coverage exhibits abnormally 
positive sentiments on the day of the 
incident, only to revert to the initial 
average the following day.  

• Legal/financial  
• Marketing  
• Supply chain   

Positive 
 

A3. Long Dip 
(24) 

• Decline in media sentiment starting 
on second day and reaching its lowest 
point on the day after the incident.  

• Initial and critical news coverage 
intensifies on incident day, 
normalizing shortly thereafter. 

• Legal/financial 
• Marketing 
• Supply chain 

Negative 

 

A4. Escalator 
(20) 

• Consistent negative media coverage 
turning markedly positive on day 7.  

• Sustained negative company coverage 
becomes positive by day 7, possibly 
due to corrective actions. 

• Human resources 
• Supply chain 

Modest, 
positive 

 

A5. Too late 
(57) 

• Consistently positive throughout 7 
days, then a sharp decrease on day 7.  

• Media appears hesitant to cover 
related incidents negatively, adopting 
a highly critical and negative stance. 

• Finance 
• Marketing Positive 

 

B. Buzz 
Volume 

B1. Short Hype 
(238) 

• Attention gradually increases until 
incident day, then a gradual decline to 
pre-incident level on day 7.  

• Legal/financial 
• Marketing 
• Supply chain 

Negative 

 

B2. Escalator 
(101) 

• Pattern of building hype, with public 
attention steadily increasing, then 
exponentially growing after incident 
day, reaching a peak by day 7.  

• Legal/financial 
• Marketing  
• Supply chain 

Marginal, 
positive 

 

B3. Pre-Hype 
(75) 

• Buzz starts at its highest level, 
declines to the lowest point on 
incident day, then gradually recovers 
by day 7.  

• Legal/financial 
• Marketing 
• Supply chain 

Negative 

 

B4. Rollercoaster 
(70) 

• Buzz fluctuates - rising until day 2, 
falling to lowest point on incident 
day; then peaking on day 4 before 
falling to pre-incident level.  

• Legal/financial 
• Marketing  
• Supply chain 

Slightly 
negative 

 

C. Twitter 
Volume 

C1. Escalator 
(155) 

• Pattern of building hype, with UGC 
volume fiercely growing until event 
day, then (slower) growth until peak 
on day 7.  

• Legal/financial 
• Marketing 
• Supply chain 

Slightly 
positive 

 

C2. Short Hype 
(282) 

• UGC volume quickly increases 
shortly before the event day and then 
immediately declines  to pre-incident 
level.	

• Legal/financial 
• Marketing 
• Supply chain 
• Human resources 

Negative 
 

C3. Pre-Hype 
(21) 

• UGC volume high prior to event but 
substantially decreases until event 
day and remains afterwards on a low 
level.	

• Legal/financial Marginal, 
negative 

 

C4. Late short dip 
(14) 

• UGC volume remains at a high level 
until event day, then takes a dip and 
recovers post-incident quickly to pre-
event level.	

• Legal/financial 
• Marketing  Negative 
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Table 3: Crisis Trajectory Characteristics, continued  
Metric Trajectory    

 (# of incidents) Trajectory Characteristics Prominent 
Incident Types 

Average 
CARs Shape 

D. Buzz 
Valence 

D1. Late short dip 
(196) 

• Consumer buzz starts positive, then 
declines to lowest point on incident 
day, recovering to initial level 
thereafter.  

• Suggests intense meandering debate 
involving brand enthusiasts and 
critics. 

• Legal/financial 
• Marketing 
• Supply chain 
• Human resources 

Marginal, 
negative 

 

D2. Trough 
(85) 

• Steady decline over entire 7 days.  
• Consumers appear to drive the debate, 

initiating incidents by alerting the 
company and other users to an issue. 

• Legal/financial 
• Marketing 
• Supply chain 
• Human resources 

Negative 
 

D3. Rollercoaster 
(151) 

• Initial increase in positive sentiment, 
then rapid decrease in the 3 days post-
incident.  

• Consumers appear to develop 
expectations toward the brand that are 
unmet, leading to a decline. 

• Legal/financial 
• Supply chain 
• Marketing	

Negative 
 

D4. Hero 
(47) 

• Ascends early on to peak, remaining 
there throughout the observed 7 days.  

• Legal/financial 
• Marketing 

Marginal, 
average 

 

E. Retailer 
Reputation 

E1. Rollercoaster 
(111) 

• Initiates with a brief decrease, 
recovers towards the mid of the 
observation window, experiences a 
second dip followed by a recovery, 
and concludes with a shorter dip. 

• Legal/financial 
• Supply chain Positive 

 

E2. Too late 
(42) 

• Prolonged positive perception that 
declines towards the end of the 
observation period, hitting rock 
bottom on day 7.  

• Legal/financial 
• Marketing Positive 

 

E3. Trough 
(115) 

• Swift and sustained downfall 
continuing throughout the 7 days, 
with no subsequent recovery. 

• Legal/financial 
• Marketing 
• Supply chain 
• Human resources 

Negative 

 

E4. Escalator 
(183) 

• Short increase in reputation, that 
declines sharply on incident day and 
then quickly recovers to reach a peak 
towards day 7.  

• Legal/financial 
• Marketing 
• Supply chain 
• Human resources 

Marginal, 
negative 

 

E5. Star 
(33) 

• Climb up from the beginning while 
remaining high throughout the 7 days.  

• Legal/financial 
• Supply chain Negative 
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Figure 2: Regression tree with prediction of shareholder reactions 
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Market reactions 

Figure 2 displays the results of the regression tree model. We test the predictive power of 

our tree with the help of a holdout validation approach, setting aside 20% of our sample as test 

data (see Kübler, Wieringa, & Pauwels 2017). The resulting Root Mean Square Error (RMSE) of 

.0755 indicates a good fit. The resulting tree first splits at media sentiment, indicating that 

incidents that are covered by a short dip in media sentiment (trajectory A1) lead to more negative 

investor reactions than the other trajectories. This A1 trajectory covers 26% of incidents in our 

sample, yielding on average a negative CAR (-.035). Within this group, only one path leads to 

positive investor reactions: when retailer reputation follows a too late trajectory (A5), we find 

that investor react on average more positively (CAR .035). As detailed in Table 3, media 

sentiment remains positive throughout the first 7 days of the incident, plausible given journalistic 

reluctance to criticize the retailer, and only dips after a week. In these cases, media appears to 

favor the retailer, and only substantial pressure from other stakeholders seems to force it to 

something negative after a week. However, this path is reserved to only 2% of our observations. 

The magnitude of negative investor reactions depends largely on how the retailer handles 

the case. Our tree model indicates that especially increasing public attention by sending out five 

or more press releases during our observation window results in more negative CAR (-.093) on 

average. Thus, while retailers may attempt to protect their brands using their own narratives 

(Mills & Robson 2019), our results suggest that they may be best served by tempering these 

efforts. Meanwhile, when retailers address the issue publicly but rely only on a few press 

releases (fewer than five) we find that investor reactions again depend on the trajectories of 

retailer reputation as well as how public attention (YouGov Buzz) develops. More negative 

reactions (-.05 and -.051) result from a combination of reputation following a rollercoaster (E1) 
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or a Star trajectory (E5), with buzz valence following either the late short dip (D1) or hero (D4) 

trajectory. Milder, but still negative investor reactions, require buzz valence to follow a trough 

(D2), rollercoaster (D3) or escalator (D5) trajectory which results in average CAR around -.023.  

 In the 74% of cases in which media is covering an incident by not following the short dip 

trajectory (A1), investor reactions are on average positive but rather weak (+.006). Our tree 

model suggest that investors largely focus on how retailer reputation changes throughout the 

incident period. In case reputation follows the downfall (E2), escalator (E4), and star (E5) 

trajectories, we find investor reactions to be on average negative (-.001). Again this negative 

effect can get amplified. Our tree indicates that when retailers communicate too often by sending 

out more than four press releases surrounding an incident and media actively covers the incident 

(with trajectories A3 – long dip, A4 – escalator, and A5 – too late), investor investor reactions 

become by average negative (-.059). Our tree model indicates only one exception for this branch: 

In case of marketing incidents, we find that investors tend to react positively (+.014). If retailers 

communicate less frequently through press releases, we find on average weak but positive 

investor reactions (+.001). However the same branch also indicates another incident type specific 

finding: In case of human resources related incidents, with strong public attention (Twitter 

Volume trajectories C2 - short hype and C4 –rollercoaster) incidents culminate on average in 

mild negative abnormal returns (-.003).  

When media does not negatively cover an incident and where company reputation 

follows a rollercoaster (E1) or trough (E3) pattern, we find weakly negative CARs in the case of 

marketing related incidents (-.001). In the case of non-marketing related incidents, we find that 

short peaks in public attention (trajectory C2 – short hype) commonly lead to more positive 

investor reactions (+.019). Hereby avoiding large changes in buzz valence (D3 – rollercoaster as 
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well as D2 - trough) leads to even higher CARs (.043). Finally, when a non-marketing incident 

receives only short awareness on social media, but follows a rollercoaster (D3) buzz valence 

trajectory, abnormal returns culminate on average at a mildly positive levels (.033), but 

otherwise turn culminate in a mildly negative level (-.001). 

In synthesizing the key findings of our study, it becomes apparent that the timing and 

nature of a retailer’s public communication, particularly in response to negative press, 

significantly influence investors’ reactions. A delayed negative press reaction appears to be 

advantageous for CAR, suggesting that retailers who strategically manage their brand narrative, 

even in the face of criticism, can mitigate potential damage. This finding underscores the 

importance of elements within the retailer's control, such as the frequency of press releases, as 

we demonstrate further below in an illustration using two retailers in our sample - Dunkin' and 

McDonald's. While our analysis is predictive and intended to guide retailer decision-making 

based on observable patterns, it raises intriguing questions regarding the underlying mechanisms, 

which we propose be examined in future research that delves deeper into these processes. Next, 

we summarize our findings and discuss important implications for theory and for retailers.  

Discussion 

Our findings offer strong evidence that retailers’ abilities to detect and contribute to the 

narrative related to different types of negative incidents in the media can impact firm 

performance. In this section, we discuss managerial implications of our findings and the 

contributions of our paper to marketing theory. Before discussing implications, however, we 

summarize our main findings in terms of our research questions and then provide a brief 

illustration using two of the retailers in our sample – Dunkin’ and McDonald’s.  

Summary of findings 
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RQ1) Based on which metrics reflecting the reactions of different stakeholder groups can 

retailers anticipate the likely trajectory of a negative incident? Our findings suggest that certain 

metrics are more important than others in influencing investor reactions to negative retail 

incidents. Monitoring media sentiment is critical, and if it follows any trajectory other than a 

short dip (A1), there is a greater chance of a positive reaction by investors (14 out of 23 possible 

outcomes result in positive CAR), with the greatest likihood of positive CAR occurring if the 

retailer’s reputation score then follows a rollercoaster or trough (E1 or E3, respectively) 

trajectory. In those cases, the only negative CAR we observed resulted when both Twitter 

volume and buzz volume follow any other trajectory than a short hype (C2 and B1, respectively). 

While buzz volume and buzz valence are also important in determining investor reactions, their 

influence appears to depend on the trajectories of other metrics including media sentiment and 

Twitter volume as well as incident type. Thus, the trajectory of a retail crisis appears to be 

heavily influenced by the narratives in both traditional and social media. 

RQ2) Do different incident types matter more than others in terms of the reactions of 

different stakeholder groups? Incident types indeed matter, though less than the trajectories we 

identified. This finding highlights that the dynamic configuration of stakeholder reactions plays a 

larger role in crisis escalation than the incident category itself. We find that marketing- and 

human resources-related incidents appear as factors determining the split in the regression tree in 

various places. Marketing incidents emerge as important branches in the regression tree in two 

cases. The first case occurs when media sentiment follows any other trajectory than a short dip 

(i.e., follows A2-5) and retailer reputation follows either a rollercoaster (E1) or trough (E3) 

trajectory, both of which occur when reputation is already somewhat or very positive, again 

suggesting an important role for retailer reputation in reducing investor skepticism regarding the 
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brand’s narrative in the wake of negative media sentiment. The second case is if the retailer 

issues four or more press releases and retailer sentiment experiences a short hype (A2), which 

may combine to help control the brand-related narrative and combat any negative sentiment 

regarding marketing-related incidents. In this latter case, CAR is positive only for marketing 

incidents, suggesting that media coverage of the retailer’s own voice can indeed boost investors’ 

positive perceptions of marketing incidents. 

When media sentiment follows any trajectory other than a short dip, human resources 

incidents also appear as an important branch in the regression tree if retailer reputation follows 

either an E2, E4, or E5 trajectory, characterized by a positive reputation that either gradually 

trends negative (E2 or E5) or dips on the incident day but eventually trends positive (E4). 

Interestingly, the volume of press releases also matters in this case, with fewer press releases 

leading to human resources incidents emerging as important in determining investor reactions. 

For human resources incidents, if Twitter volume follows an escalator or pre-hype (C1 or C3) 

trajectory, investors respond positively, suggesting that social media can support a positive brand 

narrative if volume follows more of a steady pattern as opposed to experiencing both ups and 

downs, as with a C2 or C4 trajectory (short hype or late short dip, respectively). Finally, if media 

sentiment follows a short dip (A1) trajectory, incident type appears to have no significant role in 

determining the influence on CAR. 

RQ3) Can we predict the impact of negative incidents on firm performance based on the 

dynamic reaction patterns of other stakeholder groups? Our findings shown in the regression 

tree offer evidence that retail managers may be able predict market reactions to incidents based 

on how other stakeholders react. We find considerable differences in the impact on CAR based 

on different trajectories in stakeholder reactions. For example, after media sentiment is observed 
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following any trajectory other than a short dip (following A2-5), investors are likely to react 

positively if retailer reputation is following either an E1 or E3 trajectory, characterized by a 

moderate to highly positive reputation that dips relatively early in the event window. Such 

investor signaling their support for the brand’s narrative, is especially likely if the incident is 

related to issues other than marketing (customer facing), i.e. HR, financial/legal or supply 

chain/operations issues. If media sentiment does exhibit a short dip, retailer reputation again 

becomes an important factor in determining investor reactions if the retailer issues a smaller 

number of press releases. Thus, not only can retailers influence the trajectory of a crisis with 

their own press releases, retailer reputation appears to reduce investors’ potential skepticism 

regarding the brand’s narrative in the wake of negative media sentiment.  

An illustrative example 
 

To illustrate the results shown in Figure 2 and highlight implications for retailers, we 

contrast Dunkin and McDonald’s in their reaction to negative marketing incidents. Marketing 

incidents could pertain to advertising campaigns, new products, sales promotions, price changes, 

or customer experience issues (see Appendix A and Appendix B for details). We choose to 

examine Dunkin’ and McDonald’s due to their significant differences in press release volume 

surrounding incidents—Dunkin’ averages 4.82 press releases per incident, whereas McDonald's 

averages 1.05. Both companies are in the food service industry. 

If both Dunkin’ and McDonald's experience a short dip in media sentiment (A1), the next 

step is to decide on the number of press releases to issue. According to our data, Dunkin’ would 

issue approximately five press releases, while McDonald's would issue one, suggesting that 

Dunkin’ may favor a more active role in crafting its brand narrative while McDonald’s favors a 

more passive role at least in terms of the volume of press releases. Following the regression tree 
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in Figure 1, Dunkin’ would move to the left branch, resulting in a net decrease in CAR of -.093. 

To avoid this fate, we would advise Dunkin’ to issue fewer press releases. 

For McDonald's, issuing only one press release would then lead to the need to monitor its 

reputation score. If the score follows a too late trajectory (E2), McDonald's can expect a CAR 

increase of .35 during the seven-day window surrounding the incident. However, if the 

reputation score follows other trajectories (E1, E3, E4, or E5), the CAR for McDonald's could 

decrease, ranging from -.012 to -.093. 

These examples underscore the importance of monitoring media sentiment and the 

critical role of retailer reputation in effectively managing negative incidents. Importantly, 

managing their ongoing reputation appears to be one way in which retailers can help establish a 

foundation for telling their own stories in the wake of negative incidents. In addition, the 

significant role of press release volume, a critical tool retailers can use in crafting their stories, in 

determining the course of investor reactions becomes clear. Next, we offer managerial guidance 

based on these illustrations and our findings.  

Managerial implications 

 Our findings equip retail managers with tools to better prioritize response strategies based 

on evolving stakeholder dynamics rather than isolated incident attributes. Importantly, our 

findings suggest that retailers need not panic at the first sign of a crisis. Indeed, in seven out of 

18 possible outcomes, CAR is positive. As we will highlight below, in addition to the need to 

monitor key metrics such as media sentiment and retailer reputation, our results highlight the 

important role retailers themselves play in determining investors’ reactions based on their own 

contributions to the narratives surrounding their brands. We thus highlight the importance of 
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proactive crisis monitoring and strategic communication responses by retailers in the face of 

negative incidents.  

Proactive crisis monitoring: Our findings reveal that when media sentiment follows non-

linear trajectories (e.g., A2, A3, A4, or A5), particularly in cases where sentiment either starts 

low or takes longer to dip, the outcome for the brand can vary significantly depending on the 

subsequent actions taken. Managers should invest in advanced sentiment analysis tools that can 

detect these complex trajectories early. For instance, if media sentiment around a brand dips 

slowly or oscillates (as in the rollercoaster trajectory E1), managers should be prepared to act 

swiftly to stabilize sentiment before it worsens. Tools like DTW can identify early warning 

signals by analyzing these patterns. Recognizing trajectories such as the short dip or rollercoaster 

enables managers to anticipate a crisis’s course and devise effective responses. By recognizing 

distinct trajectories such as the short dip or rollercoaster, managers can anticipate the likely 

course of a crisis, which can allow them to devise and implement an effective response, 

contributing to the narrative before it escalates and negatively impacts firm performance. 

Strategic communication responses: Our results show that the volume of press releases 

following a marketing incident is critical in shaping investor reactions. Specifically, issuing a 

high number of press releases (four or more) in response to a marketing incident when media 

sentiment follows an A2 trajectory can lead to more negative CAR. One implication of this is 

that managers should focus on quality over quantity in their communications, especially press 

releases. While doing so would essentially reduce the volume of firms’ own voices among others 

in the narrative of negative incidents, there is evidence from prior research that the content of 

firms’ messages may be an important factor in their effectiveness in weathering crises. For 

example, Kübler and Albers (2010) show that companies strategically adapt the content of 
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product recall related press releases, contingent of the type of product issues and the targeted 

customer grou. Furthermore, while Hewett et al. (2016) find that a greater volume of press 

releases can be useful, these authors similarly find that their effectiveness depends on their 

content, with more neutral or positive tone having a positive effect on firm performance.  

Aside from the tone of firms’ messages, there is also evidence that emphasizing particular 

content in their own brand narratives can help buffer the potential impact of such negative 

incidents in the media. For instance, prior research suggests that firms with a strong history of 

CSR activities are perceived more favorably by stakeholders during a crisis, which can mitigate 

negative reactions (Coombs and Holladay 2006; Dutta and Pullig 2011). To understand potential 

receptiveness of customers to different messages, we encourage retailers to implement effective 

stakeholder engagement practices and leverage customer insights to understand their priorities. 

According to Fombrun and van Riel (2004), maintaining open lines of communication with key 

stakeholders can foster a supportive network that helps the firm navigate through crises more 

effectively. Engaging stakeholders through transparent communication can build trust and reduce 

the likelihood of negative sentiment escalating. This approach is supported by the findings of 

Luo (2007), who demonstrated that timely and sincere communication during crises can 

significantly improve a firm's reputation and mitigate financial losses. 

Leveraging retailer reputation: Our research highlights the importance of retailer 

reputation in crisis outcomes. For instance, when a retailer's reputation is already somewhat or 

very positive (following a rollercoaster E1 or trough E3 trajectory), the impact of subsequent 

press releases on CAR can be influenced by the type of incident and the trajectory of media 

sentiment. Retailers with a strong reputation should leverage this asset by ensuring that any 

public communication reinforces their established brand values (Chun, Da Silva, Davies & 
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Roper 2005). Managers should also be aware that a positive reputation can act as a buffer, 

allowing for a more measured response to crises. However, this reputation should be actively 

managed, as it can quickly deteriorate if not properly maintained during a crisis. 

Avoiding strategic myopia. A key managerial implication of our findings is that decision-

making based on isolated incidents or reactive spikes in media attention may result in poor 

outcomes. Managers who treat each incident as unique may overlook emerging patterns or divert 

resources toward events with little long-term impact. This risk is especially acute in retail, where 

brand exposure is frequent, public-facing, and highly scrutinized—conditions that foster 

faster action bias in crisis response. The urgency to act quickly can lead to overreaction, 

particularly when managers rely on volume-based indicators without understanding trajectory 

patterns. Our results show that the shape and evolution of stakeholder responses—rather than 

their volume alone—are more predictive of performance outcomes. Monitoring these aggregate 

trajectories and cross-metric dynamics may help managers better prioritize response efforts, 

avoid overreach, and support more strategic, evidence-based crisis decisions.  

Theoretical implications 

Our findings contribute to research on crisis communication, stakeholder dynamics, and 

market signaling by introducing an empirically grounded framework for understanding how 

stakeholder reactions unfold. Unlike prior studies relying on one-off crisis events or content 

interpretations, we identify recurring temporal trajectory patterns across media sentiment, 

consumer mindset, and social media buzz—each reflecting how crises evolve and escalate 

(Hansen et al. 2018; Pfeffer et al. 2014; Zavyalova et al. 2012). This approach extends prior 

work on information flows (Berger and Milkman 2012), multichannel brand communication 

(Hewett et al. 2016), and digital discourse dynamics (Arvidsson & Caliandro 2016) by 
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emphasizing timing, interaction, and signal integration as key explanatory dimensions. In doing 

so, we provide a dynamic, multi-stakeholder lens for understanding brand crises. 

Our theoretical contribution centers on the concept of strategic myopia, extending the 

foundational logic of marketing myopia (Levitt 1960) into crisis detection and response. While 

traditional models emphasize what firms say during a crisis, we emphasize when and how 

stakeholders respond—and show that trajectory patterns in sentiment, attention, and consumer 

mindset predict outcomes. Managers who focus solely on isolated spikes or high-visibility events 

may misallocate attention and resources. Recognizing structured patterns across stakeholder 

groups offers a way to interpret ambiguous signals, reduce uncertainty, and prevent overreaction 

(Pauwels 2014; Hewett et al. 2016). Our findings enrich theory on managerial decision-making 

under uncertainty, offering a temporal, multi-source corrective to reactive crisis management. 

More broadly, our approach invites future theory to account for trajectory-based 

dynamics in stakeholder communication and organizational response. While prior work has 

theorized about the roles of individual channels (e.g., social media, traditional press) or specific 

stakeholder voices (e.g., customers, investors), our model emphasizes their interdependence over 

time. Introducing trajectory-based crisis patterns and clustering stakeholder reactions over time, 

our findings extend prior work on dynamic stakeholder behavior (Hewett et al. 2016; Zavyalova 

et al. 2012) and digital media dynamics (Berger & Milkman 2012; Hansen et al. 2018; Pfeffer et 

al. 2014), offering a multichannel framework that advances theory on organizational resilience, 

crisis evolution, and decision-making under uncertainty. 

Limitations and future research directions 

Our study is not without limitations. First, we have focused on a limited set of industries 

and firms, specifically within the retail sector. While this provides a concentrated view of crisis 
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management in this particular context, it may limit the generalizability of our findings to other 

industries. Future research could expand the scope to include a broader range of industries, such 

as technology, healthcare, or finance, to examine whether the identified patterns and managerial 

implications hold across different sectors. 

Second, our analysis focuses on U.S. retailers during the 2010–2015 period, and future 

work should validate the generalizability of trajectory patterns across other retail categories, 

geographic markets, and time periods. In particular, the social media landscape has evolved 

significantly, and replicating this analysis on newer platforms (e.g., TikTok or Instagram) could 

further test the robustness of stakeholder dynamics identified here. 

Third, our analysis primarily adopts an external view, concentrating on media sentiment, 

social media buzz, and consumer perceptions without delving into internal actions firms take 

beyond press release volume. Changes in advertising spend, internal communications, and 

operational adjustments are crucial factors influencing the trajectory and impact of a crisis. 

Future studies should incorporate a broader set of internal firm responses to better understand 

their role in mitigating negative incidents. For example, prior research has examined firms’ use 

of empathy (Herhausen et al. 2023), private versus monolog responses (Argyris et al. 2021), and 

tailored responses based on arousal levels (Herhausen et al. 2019) in social media, as well as 

service interventions (Sun, Gao, and Rui 2021). While retailers can act on the "what" in 

managing brand narratives based on knowledge that strategic communication timing yields 

benefits, future research is needed to better understand the "why" behind our observations. 

Fourth, the time period examined in this study may not capture the evolving dynamics of 

social media use and its impact on crisis management. Future research should consider 
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longitudinal studies that track these dynamics over a longer period, incorporating more recent 

data to account for the latest trends and platform developments. 

Additionally, while our study employs DTW to identify patterns in media sentiment and 

consumer reactions, this method has its limitations. DTW is effective for time series clustering, 

but it may not fully capture the complexity and nuances of crisis narratives. Future research 

could explore the use of advanced machine learning techniques and natural language processing 

to analyze the sentiment and content of media and social media posts more granularly. 

Furthermore, our study does not account for potential moderating effects of firm-specific 

characteristics, such as retailer size, market position, and prior reputation. These factors could 

significantly influence how a crisis is managed and perceived. Future research should examine 

these variables to provide a more nuanced understanding of retailers’ crisis management 

strategies. We encourage research to assess the role of firm-related boundary conditions on 

investor reactions to negative incidents. For example, we found support for the critical role of 

retailer reputation trajectories in investors’ reactions. Future studies should examine whether the 

impact of such trajectories depends on the retailer’s reputation prior to the incident. 

Finally, there is a need for further investigation into the long-term effects of crisis 

management strategies on firm performance. While our study focuses on the immediate 

aftermath of negative incidents, understanding the sustained impact on brand reputation and 

financial performance is crucial for developing effective crisis management frameworks. Future 

research should examine longer-term impacts of negative incidents on retailer or brand 

reputation. Similarly, a longer-term view of retailer responses, such as press releases, would help 

inform retailers’ strategies for detecting and mitigating the impact of negative incidents.  
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Appendix 
 
Appendix A: Full set of codes for news events with key words 
 
 

Company Performance (PERF) 
• Declaration of distributions 
• New account awarded 
• Growth 
• Financial results, dividends 
• Stock repurchase or performance 
• Sales/profit report 
• Quarterly report 
• 8K – current report, other events 
• 8K – regulation fd 
• 8K – operations/financial cond. 
• 10K report 
• Conference call/meeting 
• Stock split/reverse split 
• Earnings report 
• Market share 
• Cost cutting program 

  
 Executive/Board Member Issues (EXEC)  
• Board member 
• Appointment, new leader 
• Resignation, retired 
• Retirement 
• Compensation 
• Benefits 
• Executive performance 
• Executive scandal 
• Executive/board non-work activities 
• Executive stock 

disposition/acquisition 
• Executive change in interest 
• Executive transactions 
• Promotion 
• Founder 
• Company scandal 
• Director’s dealings 

 

 

Personnel Issues (PERS)  
• Non-executive 
• Personnel 
• Employee benefit/program 
• New hires 
• Talent 
• Compensation 
• Benefits 
• Lay-offs, job cuts 
• Labor strike 
• Labor union issues 
• Labor contract negotiations 
• Overtime 
• Contract labor 
• Agents 
• Staffing decisions 
• Personnel scandal 
• Pension deficit 

 

Analyst/Economist Reports (ECON) 
• Recession 
• Trading  
• Economic growth 
• Analyst forecast/opinion of 

performance 
• Buy rating 
• International relations 
• Political issues, election 
• Government committees 

 

 

Award/Recognition (RECO)  
• Presentation 
• Industry meeting 
• Ranking 
• Top U.S. 
• Certifications 
• Conference 
• Ring stock market opening/closing 

bell 

 

Customer Service – (CSVC)  
• Customer experiences 
• Customer reviews 
• Bad customer service 
• Good customer service 
• Decrease in rating 
• Increase in rating 
• Customer accommodations 
• Customer convenience 

 

Mergers/Acquisitions/Partnerships 
(MERG)  
• Agreement 
• Partnership 
• Joint venture 
• Licensing agreement 
• Strategic relationship 
• Collaboration 
• Restructuring 
• Company buy-out 
• Alliance 
• Franchise sale 
• Management statement 
• Divestment/divestiture 

 

 

Supplier Issues (SUPP) 
• Supply chain management software 

provider 
• Transportation software provider 
• Raw material supplier 
• Packaging supplier 
• Outsourcing 
• Supplier quality control 
• Manufacturer 
• Parts supplier 
• Equipment maintenance service 
• Supplier bid/contract 
• Consulting firm 
• Service contract 
• Enterprise resource planning 

provider 
• Mobile commerce provider 

 

Philanthropic Activities – (PHIL)  
• Community involvement 
• Disaster relief 
• Charitable donation 
• University partnerships (non-

affinity) 
• Donate 
• Disabled veterans 
• Grant 
• Art 
• Exhibition 
• Museum 
• Victims 
• Contributions 
• Match donations 
• Scholarship 
• Humanitarian efforts 
 

Marketing Science Institute Working Paper Series



 49 

Appendix A: Full set of codes for news events with key words, continued 
 

Legal (LEGL)  
• Investigation 
• Prosecution 
• Obligations 
• Settlement 
• Testimony 
• Testified 
• Labor violation 
• Intellectual property 

infringement 
• Class-action lawsuit 
• Regulation 
• Ban 
• Petition 
• Patents 
• Trademarks 
• Intellectual property 

 

Product/Service Issues (PROD)  
• New product feature/technology 
• Customer experience enhancement 
• Patents 
• Educational resources 
• New or increased security measures 
• Simplification 
• Buyers express product appreciation 
• Savings program 
• Customer benefits 
• Competitive benefits 
• New product/service/offerings 
• Recalls, product safety issues 
• Discontinuation of product/service 
• Product functionality issues 
• Previews 
• Product/service quality 
• Service capacity increase 
• Product/service feature 
• Ambiance/atmosphere 

 

 

Advertising/Promotion Campaign 
(ADVS)  
• Ads 
• Branding 
• Logo 
• Promotion announcement 
• Agency change 
• Television commercial 
• Campaign 
• Limited time offer 
• Agency 
• Celebrity endorsements 
• Holiday sale 
• Advertising platforms 
• Rewards card 
• Loyalty program 
 

 

Environmental Factors (ENVI) 
• Hurricane 
• Superstorm 
• Flood 
• Earthquake 
• Tsunami 
• Fire 
• Explosion 
• Carbon footprint 
• Sustainability 
• Land, waste cleanup 
• Composting 
• Recycle 
• Resource conservation 

 

Crime (CRIM)  
• Crime scene 
• Death 
• Arrest 
• Assault 
• Theft 
• Robbery 
• Hold-up 
• Brawl, fight 
• Car wreck 
• Litter 
• Drunk driving 
• Attack, shooting 
• Terrorist attack 

 

 

Sponsorship (SPON)  
• Non-philanthropic cultural and 

sport events 
• Marathon 
• Championship 
• Golf 
• Tournament 
• PGA tour 
• NASCAR 
• Festivities 
• Baseball 

 

Changes in Physical Channel/Global 
Market (GMKT)  
• Add/open stores 
• Reduce/close stores 
• Grand openings 
• Expansion into new markets 
• Existing products for sale in 

global markets 
• Building permit 
• Increase/decrease traffic region 
• Increase/decrease global network 
• Extension permit 
• Building lease/rent 
• List of locations 

 

Changes in Virtual/E-Channel (VIRT) 
• Expansion of online/mobile channels 

(not branches/stores) 
• Elimination of online/mobile 

channels (not branches/stores) 
• Omnichannel 
• Adding online sales option 
• New app release 
• 8K – other events 
• Mobile platform 

 
 

 

Price change (higher/lower) (PRIC)  
• Terms of accounts being changed 
• Price increase for products 
• Price decrease for products 

 

Other/Miscellaneous (MISC)  
• Weather closures/Holiday hours 
• Building repair  
• Building renovation 
• Fictitious story 
• Company name is street name 
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Appendix B: Collapsed incident categories 
 
Codes from Appendix A that constitute each grouping are provided in parentheses 

• Finance and Legal (ECON, PERF, LEGL, CRIM, MERG) 
• Marketing (ADVS, PRIC, PROD, SPON, CSVS, PHIL, RECO)	
• Supply Chain and Operations (GMKT, SUPP, VIRT, ENVI, MISC)	
• Human Resources (EXEC, PERS)	
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