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Abstract 

The exponential growth of big data, driven by AI and 

machine learning technologies, underscores the need 

for an ethical and sustainable approach to data 

utilization. Using problematization methodology, we 

consider the assumptions underpinning Big Data and AI 

and reconsider them from a sensemaking perspective. 

Big data represents an enactment rather than an 

objective reality, and organizations play an active role 

in its adoption and use. Strategizing is driven by 

plausibility rather than accuracy, and big data 

generates a retrospection of the past rather than a 

prediction of the future. A sensemaking perspective 

serves as reality check for managers, emphasizing the 

necessity of long-term sustainability and societal well-

being. By cultivating experiments for learning 

communities and incubating innovation, organizations 

can effectively leverage big data in marketing, fostering 

transparent, collaborative, ethical, and sustainable data 

practices. 

Keywords: big data, AI, sensemaking, ethical, 

sustainable 

1.Introduction 

“The technology that connects us also divides 

us, manipulates us, polarize us, distract us, 

monetize us and controls us.”  

(Social Dilemma, 2020)2  

Recent years have seen the rapid advancement of 

artificial intelligence (AI) and the proliferation of big 

data, transforming various industries, including 

marketing. Big data and AI exist in a reciprocal 

relationship. Generative AI models, such as those 

developed by OpenAI, illustrate a core principle in AI 

development: the more data, the better the model’s 

 
1 This paper is partly based on a forthcoming book chapter by 

Wang, Berthon, and Su, titled A Sensemaking Perspective on the 
Use of Big Data in Marketing Strategizing.  

performance, and the better the performance the more 

data is generated. OpenAI’s progression from GPT-2 to 

GPT-3 highlights this, with GPT-2 using a 40 GB 

dataset, and GPT-3, on which ChatGPT is based, being 

trained on a significantly larger 570 GB of data 

(OpenAI.com). This progression demonstrates how 

critical big data is for generative AI.  

However, the adoption of AI and big data in 

marketing presents significant challenges. First, the 

paradox of connectivity, as highlighted in the Netflix 

documentary The Social Dilemma (2020), reveals a 

complex landscape where technology’s power to unite 

is matched by its potential to divide, manipulate, 

polarize, and control. Second, this insatiable data 

appetite presents compliance challenges, particularly 

under stringent data protection frameworks like those in 

the European Union. Experts argue that aligning with 

such regulations is particularly tough due to the broad 

data collection methods employed, which involve 

aggregating massive amounts of online content, 

potentially conflicting with privacy norms and 

regulations (Singh, 2024).  

Despite the ethical concerns over datafication and 

surveillance (e.g., Zuboff, 2015, 2019), the big data 

market continues to grow exponentially, driven by the 

increasing adoption of AI and machine learning (Big 

Data Market, 2024). However, we argue that the 

endorsement of ‘dataism’ bears problematic 

assumptions, promoting a perspective that is both 

strategically shortsighted and ethically deficient. 

Dataism, a perspective that views data as the 

fundamental entity in the universe capable of solving all 

questions and problems, promotes the idea that data-

driven decision-making is superior to other forms of 

decision-making (c.f. Kitchin, 2021). Therefore, it is 

imperative to seek an alternative approach to AI and big 

data utilization, prioritizing human values and dignity to 

ensure that technological advancements contribute 

positively to society. 

2 https://www.thesocialdilemma.com/ 
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Sensemaking involves organizing stimuli within a 

framework to comprehend, understand, explain, 

attribute, extrapolate, and predict outcomes, directly 

influencing decision-making (Weick, 1995). It enables 

organizations to interpret complex situations, recognize 

patterns, and anticipate future trends, providing valuable 

insights for decision-makers to address business 

challenges and capitalize on opportunities. Therefore, in 

this paper, we propose a sensemaking perspective to 

reconsider the utilization of AI and big data in 

marketing, particularly in strategic decision-making 

concerning consumer insights and market analysis. We 

challenge assumptions embedded in the current framing 

of big data, using the problematization-based method 

(Alvesson and Sandberg, 2011), and highlight the 

importance of sensemaking in leveraging AI and big 

data for marketing success. Finally, we offer 

recommendations for marketers aiming to adopt a 

sensemaking approach to AI and big data in their 

marketing strategies. 

2. Problematization of big data discourse  

        Problematization is a methodological approach that 

reframes our understanding of phenomena by 

questioning established knowledge and examining 

underlying assumptions (Alvesson and Sandberg, 

2011). According to Nicholson et al. (2018), this 

approach involves a deliberate rhetorical act of 

articulating and challenging existing assumptions with 

novel ideas. It is essential to critically examine the 

foundational beliefs related to big data and AI, 

underscoring the need to scrutinize the assumptions 

driving both their celebration and critique.  

        In this paper, we utilize problematization to 

achieve two primary objectives: first, to critically 

question prevailing ideas within the field, and second, to 

develop revelatory insights that offer new perspectives. 

Figure 1 illustrates how problematization aids in 

rethinking the role of AI and big data in marketing 

decision-making. Subsequently, we turn our focus to the 

foundational characteristics of the marketing decision-

making process, specifically through a sensemaking 

perspective. We reinterpret the role of AI and big data 

from this viewpoint. Figure 2 depicts the relationships 

among key concepts such as AI, big data, decision-

making, and sensemaking. Together, these diagrams 

demonstrate how the sensemaking perspective 

challenges underpinning assumptions and highlights the 

necessity for a more nuanced understanding of data’s 

role in shaping organizational strategies. 

 Over the past decade, big data has drawn 

significant attention from both practitioners and 

scholars, igniting a debate between its potential benefits 

and ethical concerns. Proponents like Chen et al. (2012) 

and Davenport et al. (2012) champion big data as a 

transformative force, purportedly reshaping lifestyles 

and business paradigms by harnessing vast datasets to 

predict and influence environmental trends. This 

perspective heralds an era where empirical data, devoid 

of theoretical underpinnings, asserts truths 

autonomously, as underscored by Anderson (2008) and 

Prensky (2009), who posit the redundancy of the 

scientific method in the face of overwhelming data. 

An illustrative example from Kitchin (2021) 

recounts how a retail chain utilized twelve years of 

transaction data to boost sales, foregoing foundational 

hypotheses and epitomizing a shift towards correlation-

driven decision-making. This approach prioritizes 

Page 5185



 

predictive accuracy, often at the expense of causal 

understanding. Siegel (2013) highlights this trade-off, 

noting that an emphasis on prediction frequently 

overshadows the need to understand the underlying 

causes or mechanisms that lead to specific outcomes or 

events. However, this optimistic view of big data is met 

with criticism from scholars like Crawford (2014) and 

O’Neil (2017), who point out the adverse implications 

of big data for privacy, social equity, and the 

perpetuation of systemic biases. These critics challenge 

the narratives of data neutrality (i.e., the belief that data 

is inherently unbiased and objective) and omnipotence 

(i.e., the idea that data can solve any problem or answer 

any question), revealing the risks of entrenching existing 

power structures and biases while presenting a facade of 

objectivity. The critique deepens with insights from 

Zuboff (2015) and Crawford et al. (2014), who discuss 

the rise of ‘surveillance capitalism’ and big data’s 

failure to capture the complexities of social phenomena. 

They advocate for an ethical and sustainable approach 

to big data, focusing on how its practices impact society 

and individuals, while prioritizing human values to 

ensure positive contributions from technological 

advancements. 

The tension in big data discourse calls for 

reevaluating underlying assumptions to uncover 

overlooked insights. Drawing on previous technology 

research utilizing the problematization method (e.g., 

Nyman et al., 2023; Jabbar et al., 2020), we first 

identified the assumptions underlying the framing of big 

data. Subsequently, we proposed that sensemaking 

could offer an alternative approach to addressing the 

challenges posed by big data in the era of AI. 

 

3. Assumptions underpinning big data  

       There is a powerful and attractive set of ideas 

underpinning the current framing of big data: 

inevitability, objectivity, and prediction trumps 

explanation. First, organizations are passive 

implementers of big data --- more data is an inevitable 

consequence of technology and a competitive necessity 

for business: adopt big data or die (e.g., Mayer-

Schönberger and Cukier, 2013; Woerner and Wixom, 

2015). In reviewing statement from a White House 

report on big data and a 2009 interview with Google 

Chairperson Eric Shmidt, Zuboff (2015) finds that, “big 

data is cast as the inevitable consequences of a 

technological juggernaut with a life of its own entirely 

outside the social. We are but bystanders” (p.75).  

       Second, more data offers a more objective and 

accurate picture of reality. Here lies embedded another 

assumption that, the environment, consisting of 

customers, competitors, markets, advanced 

technologies, and so on, exists in an objective reality that 

data reflects (Boyd and Crawford, 2012; Crawford et al., 

2014). Puschmann and Burgess (2014) reveal the 

dominant metaphors used in the rhetoric around big 

data. First, it is “a resource to be consumed”. Second, it 

is “a natural force to be controlled.” They conclude that 

these metaphors encourage the view that big data is a 

value-neutral resource and an objective force. Indeed, 

Page 5186



 

“the rhetoric of objectivity can be very seductive to 

public policy makers traversing the complex world of 

social phenomena (Crawford et al. 2014, p.1667)” Some 

data analytics software, like Ayasdi, falsely promises 

that big data inherently reveals true relationships and 

meaning, regardless of context. For example, Ayasdi 

advertises its ability to “automatically discover insights” 

without needing to ask specific questions, claiming to 

remove human bias from data mining (Kitchin, 2021). 

        The third assumption is that prediction outweighs 

explanation. Big data focuses on forecasting outcomes 

rather than understanding underlying causes, 

prioritizing correlation patterns over causal relationships 

(Siegel, 2013). More data is seen as enhancing 

predictability, with the belief that better predictions lead 

to better decisions (McAfee et al., 2012).  

 

4. Sensemaking and marketing decision-

making 

From a sensemaking perspective, marketing 

strategy is a dynamic, iterative process that evolves 

through ongoing refinement of understanding, rather 

than a fixed yearly plan. It involves an active process of 

doing strategy, characterized by collaborative 

negotiation and dialogue to interpret and utilize 

information for strategy-making and action (Kaplan and 

Orlikowski, 2013). In the face of uncertainty or 

complexity, sensemaking helps individuals impose 

meaning on situations, guiding them to identify 

alternative actions and responses (Weick et al., 2005). 

Sensemaking comprises three key elements: cues, 

frames, and their connection (Weick, 1995). Cues are 

the environmental information that prompts individuals 

to interpret their surroundings, while frames are the 

mental structures used to understand these cues. The 

interaction between cues and frames generates meaning, 

influencing how individuals perceive and address 

organizational challenges. 

Decision-makers integrate environmental cues into 

existing frames to build a shared understanding and 

develop new cognitive maps within the organization 

(Gioia, 1986; Daft and Weick, 1984). These cognitive 

maps guide decision-making and support organizational 

learning and adaptation (Argyris and Schön, 1978; 

Hedberg, 1979). 

5. Big data from a sensemaking perspective 

The sensemaking perspective reveals that the 

assumptions underpinning the framing of big data are 

problematic in four aspects of marketing decision-

making. 

 

5.1 Enactment vs. Objectivity 

 
The sensemaking perspective is grounded in two 

postulates: reality is perspectival and enacted. First, 

effective strategizing does not require nor produce an 

absolute reality, since sensemaking is not about 

uncovering truth or getting it right (Weick et al., 2005). 

In this process, ‘reality’ is continuously constructed 

through efforts to create order and make retrospective 

sense of events (Weick, 1993). Winograd and Flores 

(1986) describe ‘thrownness,’ where individuals adapt 

to ongoing situations without a static view. Strategic 

decision-makers must respond to emerging events 

without a fixed pattern. Change is fragmented into 

events, with cues organized into various patterns or 

none. Objective analysis is impossible, as every 

representation is an interpretation, with no definitive 

correctness (Weick, 1995). 

Secondly, from a sensemaking perspective, reality 

is enacted, not discovered (Weick, 1995). This involves 

two steps: first, focusing attention on specific aspects of 

experience based on preconceived notions, and second, 

acting within this framework, which reinforces these 

initial ideas. This contrasts with the view that big data 

provides an objective, unbiased reality. In reality, data 

analysis is shaped by predefined objectives, such as 

profit or market share, and influenced by managerial 

priorities and prior research (Kitchin, 2021). 

Etymologically, “data” comes from the Latin 

“dare,” meaning “to give,” implying that facts are 

presented for calculation and are essentially 

assumptions extracted from a complex environment 

(Kitchin, 2021). Data are incomplete and selective, 

derived from a universe of potentialities through 

observation and computation. From a sensemaking 

perspective, data have both social and material 

dimensions; they not only reflect but also shape the 

world, as users actively use them to intervene and 

modify their surroundings. 

The interpretation of data is always influenced by a 

methodological framework. The meaning attributed to 

data is contextual, shaped by the motives, expectations, 

and actions of managers (Dourish and Gomez-Gruz, 

2018). Data analysis relies on the tools used for 

collection (e.g., sensors), analytical methods, and the 

specific questions posed. Both the cues extracted from 

data and the frames derived from past experiences are 

shaped by these tools. Decision-makers’ values and 

goals further influence their choices, embedding 

opinions into mathematical models. Despite their 

perceived impartiality, these models reflect the creators’ 

ideologies and definitions of success (O’Neil, 2017). 

Patterns identified in data are not inherently meaningful; 

random correlations can lack causal significance and, if 

misinterpreted, may lead to serious errors (Kitchin, 

2021). 
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5.2 Agency vs. Passivity 

 
The concept of enactment in the sensemaking 

perspective reminds us that “there is not some kind of 

monolithic, singular, fixed environment that exists 

detached from and external to the people” (Weick, 1995, 

p.31). Rather, as part of the environment, people “act 

and create the materials that become the constraints and 

opportunities they face” (p.31). From this perspective, 

big data is not an independent ‘force of nature,’ rather it 

is actively created by organizations, big and small: 

managers all too often forget this.  

Another characteristic of sensemaking is its 

grounding in identity construction (Weick, 1995). 

According to Weick, “Once I know who I am, then I 

know what is out there” (p. 20). This implies that 

individuals interpret their environment through their 

own identity and perceptions, meaning that the 

significance of big data is shaped by the narratives we 

create about ourselves. Sensemaking is thus inherently 

self-referential, often focusing on the self rather than the 

environment (Weick, 1995). 

While we often perceive identity as a matter of 

personal choice (Richards and King, 2013), it is 

increasingly shaped by external influences in the age of 

AI and big data. For example, Leonard (2013) notes that 

companies can use big data to influence individual 

choices more effectively than individuals can influence 

themselves, often prioritizing profit over personal 

autonomy. Similarly, Pentland (2014) suggests that data 

collected from digital footprints can predict behavior but 

may also lead to invasions of privacy and stigmatization. 

This data-driven shaping of identities can expose 

individuals to discrimination in areas such as housing, 

education, and finance (Markus, 2015). 

The documentary “The Social Dilemma” reveals 

how social media platforms, by tailoring content to 

individual preferences, have contributed to the 

polarization of people’s political views. As these 

platforms prioritize engagement and user retention, their 

algorithms tend to show users content that aligns with 

their existing beliefs, creating echo chambers where 

users are exposed only to information that reinforces 

their viewpoints. This selective exposure to information 

further deepens existing ideological divides, making it 

increasingly difficult for individuals to encounter and 

engage with differing perspectives. Consequently, 

people become more entrenched in their own beliefs, 

contributing to the polarization of society. 

The critical role of human agency becomes more 

apparent when AI demands increased collaboration 

between humans and machines. The interplay between 

sensegiving and big data in organizations is crucial as it 

influences how individuals perceive and decode the vast 

amount of information available (Poudel, 2019). AI 

introduces a level of complexity that necessitates new 

approaches to sensemaking and learning, often 

facilitated by big data. This involves tackling challenges 

such as deciphering the simplicity hidden within this 

complexity and aligning sensemaking activities with big 

data analytics and AI to effectively address application 

domains (Calvard, 2016). Additionally, the strategic 

implications of big data for organizations involve 

transforming strategic processes by enabling new types 

of information access and exploitation through AI, 

leading to changes in organizational strategy, structure, 

and information systems design (Bhimani, 2015). This 

transformation highlights the importance of 

sensegiving, where leaders and analysts, together with 

AI systems, play a vital role in interpreting and sharing 

insights from big data to steer organizational decision-

making and strategic direction. In all these accounts, 

from a sensemaking perspective, organizations are 

active creators of big data. Big data should not be 

viewed as an inevitable consequence of a technological 

juggernaut with a life of its own, entirely divorced from 

social influence. We are not mere bystanders in this 

process.  

 

5.3 Plausibility vs. Accuracy 

 
From a sensemaking perspective, effective 

strategizing relies on plausibility rather than accuracy 

(Weick, 1995). While accuracy may drive motivation, 

strategic decision-making often does not require perfect 

precision (Starbuck and Milliken, 1988). This highlights 

the limitation of current big data frameworks, which 

emphasize local accuracy and prediction over a 

comprehensive understanding of the system. 

In contrast, a sensemaking perspective values 

plausible reasoning over precise accuracy in managerial 

thinking. Plausible reasoning involves forming ideas 

that extend beyond direct observations, aligning with 

available facts despite their imperfection (Isenberg, 

1986). Managers might even benefit from inaccurate 

perceptions when they challenge conventional views 

and pursue ambitious goals (Sutcliffe, 1994), as 

exemplified by Elon Musk’s success with electric cars, 

initially dismissed by the auto industry. 

In marketing decision-making, big data, despite 

claims of comprehensiveness, is still a sample affected 

by factors like technology, platform, data ontology, and 

regulation (Kitchin, 2021). Strategists must interpret this 

data to navigate past events, current situations, and 

future possibilities (Kaplan and Orlikowski, 2013). 

Rather than seeking perfect accuracy, managers should 

focus on developing plausible narratives that guide their 

organizations amidst uncertainty (Schryer, 1993). Thus, 

the key question is not whether big data offers a more 

accurate view of consumers or markets, but whether it 

enables strategists to generate actionable intelligence. 
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 Moreover, whether data is deemed ‘right’ or 

‘actionable’ depends not on the data itself but on how 

users interpret and enact it. Managers’ preconceptions 

shape the strategic issues they address and the variables 

they prioritize, creating an enacted environment with 

‘real’ objects like research questions and datasets. 

However, these objects gain meaning only when acted 

upon, and their significance can vary. This enacted 

environment can be viewed as a “map of if-then 

assertions where actions are linked to outcomes” 

(Weick, 1988, p. 307), shaping expectations and 

focusing perceptions based on preconceived 

relationships. The narratives managers construct about 

data are more crucial than merely accumulating data in 

the quest for perfect accuracy: stories guide and 

motivate, while data alone does not (Weick, 1995). Even 

with a ‘complete set of data,’ better strategic narratives 

are not guaranteed. An excess of data can overwhelm 

strategists with incidental findings that are confusing 

and misleading (Nease, 2016). 

The relative unfamiliarity of AI in strategic contexts 

often leads managers to prioritize plausibility over 

precise accuracy. Instead of relying solely on the data 

presented by AI, managers develop narratives based on 

their interpretations and perceived implications of this 

data. These narratives are essential for overcoming 

inertia and pursuing ambitious goals, similar to Elon 

Musk’s initially dismissed electric car ventures. By 

challenging existing assumptions, organizations can 

avoid stagnation and adapt to evolving market 

conditions and technological advancements (Abdel-

Karim et al., 2023). For instance, if AI identifies 

inefficiencies in long-standing processes, sensebreaking 

involves questioning and discarding these outdated 

practices in favor of more effective methods. 

In conclusion, from a sensemaking perspective, 

effective strategizing relies more on plausible reasoning 

than on achieving perfectly accurate perceptions. The 

key is to use data that can generate a compelling 

narrative, rather than simply seeking more data. In fact, 

an excess of data can sometimes hinder decision-making 

(Crawford et al., 2014; Nease, 2016). 

 

5.4 Retrospection vs. Prediction 

 
        Predictive analytics uses various techniques to 

forecast future outcomes based on historical and current 

data (Gandomi and Haider, 2015). However, from a 

sensemaking perspective, data is more useful for 

interpreting past events than for predicting the future 

(Weick, 1995). Managers often fail to consider the 

dynamic and enacted nature of markets and customers. 

When using big data to forecast future behavior, there is 

an implicit assumption that the future will mirror the 

past in a predictable manner. While this may hold in 

stable contexts, it can be misleading during times of 

change. The sensemaking literature highlights the risks 

of relying on short-term memory at the expense of long-

term perspective (e.g., Hartshorne, 1962). Big data, with 

its focus on recent data and limited historical context, 

exacerbates this issue (Chatfield, 2016). The emphasis 

on short-term data and the assumption of continuity can 

lead to ineffective strategizing. For example, Google Flu 

Trends’ (GFT) failure to accurately predict flu outbreaks 

illustrates how short-term focus can mislead forecasting. 

We argue that GFT’s shortcomings stem not only from 

methodological issues but also from an overreliance on 

short-term data at the expense of reflective action and 

long-term memory (Lazer et al., 2014). 

From a sensemaking perspective, the basis upon 

which big data is being sold to managers, namely that 

data represents reality, that more data provides greater 

accuracy, and that data is inherently predictive, are 

unwarranted. Rather, sensemaking suggests that for 

strategic decision-making, reality is enacted, plausibility 

of data will always trump accuracy, and that data can 

help retrospection only. As AI becomes more integrated 

into strategic processes, it’s essential to adopt a 

sensemaking approach that emphasizes reflective 

interpretation of data over its predictive power. This 

approach involves critically assessing the implications 

of data, considering its context, and recognizing biases 

that may affect its collection and analysis (Su et al., 

2023). By doing so, organizations can use AI and big 

data not just to review past actions but to navigate more 

effectively into the future, forming alternative, 

sustainable strategies based on a thorough 

understanding of past patterns and current capabilities. 

AI’s ability to process and analyze vast amounts of 

data rapidly can seem to enhance the precision of 

predictions based on historical data. However, this can 

also foster the misconception that big data can 

accurately forecast future events merely by extending 

past trends. This overreliance on data-driven predictions 

neglects the dynamic and often unpredictable nature of 

human and market behaviors (Kumar et al., 2024). Thus, 

while AI is a valuable tool for data analysis, its use in 

strategic decision-making should be complemented by 

critical thinking and contextual awareness to avoid the 

pitfalls of over-relying on static historical models. 

6. A sensemaking perspective on marketing 

decision-making in big data era 

How can a sensemaking perspective inform 

marketing decision making in an era of big data? We 

argue that it provides a number of factors: a reality 

check, a call to responsibility, a call for learning, and a 

call for innovation. 

6.1 Reality check 

Page 5189



 

 
A sensemaking perspective reminds managers that 

big data is not an autonomous force but a creation of 

organizations. Viewing it as an uncontrollable entity 

perpetuates the myth of a powerful "Big Other" that 

dictates behavior and limits human agency. In reality, 

organizations generate and control the data, shaping the 

constraints and opportunities they face. Understanding 

this empowers managers to view big data as a tool they 

control, not as a force beyond their influence. 

While all technologies have dual effects—both 

positive and negative—their impacts are rarely 

distributed fairly among stakeholders (Markus, 2014, 

2015). Big data benefits tend to favor large, resource-

rich companies, often leaving smaller businesses at a 

disadvantage. The majority of big data’s advantages 

may be captured by a few large corporations, while 

individuals may suffer significant harms. Data is 

typically privately owned and exploited for profit and 

influence, with the public excluded from the process and 

encouraged to trust algorithms (O’Neil, 2017). 

Surveillance capitalism, which profits from monitoring 

and datafication, often leaves individuals unaware of its 

full consequences (Zuboff, 2019). This dynamic fosters 

a shift from human agency to automated control, 

reducing individuals to mere components of a vast, 

profit-driven system (Zuboff, 2015). This raises critical 

questions about who truly benefits from big data and its 

implications for society, including the paradox of 

harming individuals while organizations pursue profit. 

 

6.2 A call to responsibility 

 
From a sensemaking perspective, questioning the 

notion of big data as an uncontrollable, autonomous 

force prompts managers to critically evaluate their 

investments in it. Big data is not inherently superior to 

smaller datasets, nor is its adoption always strategically 

necessary. Moreover, the process of sensemaking, 

where meaning is created, is an attentional process 

directed backward from a specific “here and now” 

(Weick, 1995). However, in an era of ever-expanding 

data, the time and attention available to strategists are 

limited. Therefore, what strategists choose not to know 

is as crucial as what they choose to know. With the 

growing demand for big data driving unsustainable 

cloud services and harmful research practices, such as 

collecting large datasets from social media, there are 

significant risks. Monserrate (2022) warns of potential 

future global warming if tech companies, driven by 

profit and lacking regulation, continue unchecked. 

Blockchain, a decentralized digital ledger, offers 

solutions for enhancing data transparency and security 

but faces ethical and environmental concerns similar to 

big data and AI. Recent research advocates for the 

STEADI framework (sustainability, transparency, 

ethics, adaptability, decentralization, and inclusivity) to 

guide responsible blockchain development, aligning 

with broader efforts to ensure technology benefits 

society (Li et al., 2024). 

Organizations must balance short-term gains with 

long-term sustainability and societal impact, 

recognizing that employees and society will ultimately 

face the consequences. Thus, it is crucial for 

organizations to advocate for legal, transparent, ethical, 

and sustainable data practices. For instance, a coalition 

of current and former OpenAI employees is pushing for 

major reforms in the AI industry, including increased 

transparency and stronger protections for whistle-

blowers (Roose, 2024). Additionally, companies need to 

reconsider their success metrics, which often focus on 

profit, efficiency, or default rates. Large internet firms, 

for example, measure success by the number of ad 

clicks, which generate revenue from a few cents to 

several dollars per click. While this system is deemed 

efficient in financial terms, it can exploit vulnerable 

individuals. A simple online search for government 

services can lead people into high-interest loans and 

deceptive offers, resulting in greater debt and increased 

reliance on public assistance. Thus, while the system 

may efficiently generate revenue for search engines, 

lead aggregators, and marketers, it ultimately 

undermines the broader economy. 

To combat political polarization, social media 

platforms and news aggregators should use big data 

algorithms to provide users with diverse viewpoints. 

Despite the emphasis on diversity and inclusiveness in 

contemporary society, these platforms often contribute 

to polarization by reinforcing users’ existing beliefs. 

Removing filter bubbles and echo chambers can help 

reduce polarization and promote a more inclusive 

discourse. 

6.3 A call for experimentation 

 
From a sensemaking perspective, marketing 

decision-making is an action-oriented process that 

focuses on interpreting enacted realities rather than 

seeking absolute truths. Strategists should prioritize 

developing plausible narratives to navigate uncertainty, 

rather than striving for perfect accuracy. The critical 

factor is whether big data enables the generation of 

actionable intelligence, not whether it provides a more 

accurate view of consumers or markets. Hence, starting 

with small experiments—referred to as “acting 

thinkingly” (Weick et al., 2005)—is often advisable 

before implementing broader changes. These 

experiments allow managers to test both established and 

new frameworks, engage with situations, observe 
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outcomes, and learn. Big data supports this process by 

offering cost-efficient, detailed, and agile testing of 

strategies and consumer behaviors through extensive 

real-time insights and predictive analytics. However, it 

is unethical to conduct experiments without users’ 

knowledge. 

We propose creating ‘experimenting for learning’ 

communities with AI assistance, where managers, 

employees, customers, and other stakeholders use 

company data and their knowledge to enhance strategic 

performance. These communities, composed of diverse 

departmental representatives, use data analysis tools 

effectively. Clear guidelines for data sharing, usage, and 

privacy protection are essential for fostering trust and 

collaboration. Regular meetings and online forums 

should facilitate knowledge sharing, idea generation, 

and transparent, accountable experimentation. Results 

are openly communicated, and failures are viewed as 

learning opportunities. By cultivating a culture of 

continuous iteration and innovation, these communities 

leverage big data and AI to drive business success 

through collaborative experimentation and learning. For 

instance, OpenAI Gym exemplifies this approach. As an 

open-source platform for reinforcement learning 

research, it offers various environments for testing and 

developing algorithms. Researchers and developers use 

the platform to experiment, compare results, and share 

insights, promoting transparency and collaboration. 

This collaborative environment has significantly 

advanced reinforcement learning and AI research. 

 

6.4 A call for innovation 
  
While advocating for the creation of ‘experimenting 

for learning’ communities with AI, it’s crucial to 

emphasize the role of big data and AI in driving 

innovation. From a sensemaking perspective, marketing 

decision-making treats data as a constructed reality, 

shaped by its context rather than as an objective truth. 

This ensures that data-driven strategies are aligned with 

real-world complexities and contexts. The value of AI 

and big data lies not in their sheer volume but in how 

they facilitate the development of systems that foster 

new discoveries and understanding. Rather than 

providing conclusive answers, data serves as a starting 

point for hypothesis generation and further exploration 

(Kitchin, 2021). This redefines the scientific method by 

integrating inductive research methods into study 

designs, encouraging the generation of hypotheses that 

are then tested deductively. 

In product development, for example, big data 

supports iterative design and testing, enabling 

companies to quickly refine products based on real-time 

feedback. This agile approach allows for rapid 

improvements in product features and functionality, 

driven by customer feedback. ‘Experimenting for 

learning’ communities foster innovation through 

continuous experimentation and collaboration, leading 

to competitive advantages and business growth. 

Customers who participate in these transparent and 

equitable processes are likely to develop strong loyalty, 

deepening their connection to the brand or company. 

Similarly, big data and AI can be used to implement 

dynamic pricing strategies that adjust in real-time to 

market conditions, inventory levels, and competitor 

actions. Airlines and hospitality companies, for 

example, use dynamic pricing to optimize fares and 

room rates. By experimenting with various pricing 

models and analyzing factors like booking patterns and 

customer behavior, companies can continuously refine 

their pricing strategies to balance profitability and 

customer satisfaction. These collaborative experiments 

within ‘experimenting for learning’ communities help 

discover innovative pricing approaches, ultimately 

enhancing customer loyalty and driving business 

growth. 

7.Conclusion and future research directions 

7.1 Our contributions 

 
        In this paper we have used a problematization 

methodology to consider the assumptions underpinning 

much of the discourse on big data and AI. We then turn 

to sensemaking to reconsider these assumptions. In this 

reframing, the objective world becomes enacted, and 

thus trajectories of big data and AI are not inevitable but 

are co-created by the actors in the field. Moreover, 

sensemaking reminds us that strategy is not about 

amount and accuracy of data, but the plausibility of the 

stories we tell. Indeed, this highlights another insight 

that sensemaking affords: data is of the past. As long as 

the future is a simple linear extrapolation of the past, big 

data can help. However, we live in turbulent times, 

where the future is inherently emergent. Moreover, 

effective strategizing is about innovation, creating new 

products, services, experiences: simply new futures. 

Thus, a sensemaking perspective puts control over big 

data and AI firmly back in managers hands; and places 

the ethical responsibility squarely on their shoulders. 

Our approach advocates for ethical and sustainable data 

utilization, challenging traditional assumptions by 

prioritizing context-driven insights and long-term 

societal benefits over immediate gains. This includes 

evaluating data practices based on their societal impact 

and fostering collaboration, transparency, and 

innovation to align technological advancements with 

human values. Thus, this paper contributes to the field 

by critically reassessing big data and AI assumptions, 
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offering new insights into their role and impact. It 

introduces a sensemaking perspective that values the 

plausibility of strategic narratives, highlighting the need 

for innovation and adaptation in a rapidly changing 

environment. 

 

7.2 Future research directions 
       We propose that while this paper advances the 

understanding of big data and AI in marketing decision-

making, further exploration is needed to operationalize 

and implement an ethical and sustainable data utilization 

approach. Future research should develop and assess 

regulations that promote both ethical and sustainable 

practices. Specifically, for ethical data utilization, 

studies should examine how current data protection 

laws, such as The EU’s General Data Protection 

Regulation (GDPR) align with ethical standards, 

propose new regulations for transparency and ethical 

audits, and address cultural differences in ethical 

perceptions. Enforcement mechanisms and 

accountability measures must also be explored to ensure 

compliance and foster trust. For sustainable data 

utilization, research should focus on developing 

regulations that promote long-term environmental and 

societal benefits. This includes evaluating the 

effectiveness of existing policies, such as the GDPR’s 

emphasis on data minimization and impact assessments 

and creating frameworks to incentivize green 

technologies. Analyzing how data strategies impact 

ecological and societal outcomes, including the carbon 

footprint of data centers and the social implications of 

data use, is essential. Finally, exploring the global 

application of this approach is crucial. Future research 

should investigate how the ethical and sustainable data 

utilization framework performs across different cultural, 

economic, and regulatory contexts. Comparative studies 

and international collaborations can reveal how the 

approach adapts and contributes to responsible data 

management worldwide. 
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