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M A X I M I Z I N G  B U S I N E S S  V A L U E  
W I T H  A N A LY T I C S

The phrase “data is the new oil” has been bandied about 
for several years to convey the potential value of data. 
Not surprisingly, the global business analytics market 
rose to more than US $89 billion in 2023. Looking for-
ward, the International Market Analysis Research and 
Consulting Group (IMARC) forecasts that the market  
will exceed $180 billion by 2032.1

Of course, what the British mathematician and 
data scientist Clive Humby meant when using 
this phrase is that data, like oil, isn’t useful in 
its raw state.2 Data must be sourced, extracted, 
refined, and processed in order to be turned into 
something of value for organizations. Business 
analytics is the systematic process of collecting, 
analyzing, and interpreting critical business data 
using a range of advanced statistical techniques, 
technologies like AI and big data analytics (BDA), 
and industry-specific software applications.

As organizations move further into the digital 
era, decision makers, data scientists, strategists, 
and C-suite teams seek analytical innovations to 
help their organizations extract and create value 
(both economic and social) from large, complex 
data sets to augment decision-making, improve 
efficiencies, enhance business performance, and 
enable digital strategizing and implementation. 

Creating business value, however, requires organ-
izations to learn from the insights generated 
by their data to make data-driven decisions.3 
Such learning is challenging as, historically, 
the attention of decision makers was largely on 
understanding “what” happened using descrip-
tive analytics and “why” it is happening using 
diagnostic analytics (see Figure 1).4

The real economic value of advanced analytics 
(e.g., AI, BDA) is in sensing and predicting more 
accurately what will happen and acting to seize 
opportunities (e.g., changing customer senti-
ment) or mitigate threats (e.g., supply chain 
interruptions).

In this issue of Amplify, we explore several ways 
organizations leverage business analytics to 
create business value. As we delve into this 
dynamic business environment, it becomes 
evident that leaders who understand their busi-
ness and data and can strategically align their 
analytical capabilities are best positioned to 
derive business value. 

B Y  D E N I S  D E N N E H Y,  G U E S T  E D I T O R
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I N  T H I S  I S S U E

This issue showcases the relationship between 
business analytics and business value and pro-
vides real-world examples of how analytical 
technologies can be successfully adopted and 
adapted to create business and social value in 
a variety of sectors and industries. 

First, Pamela McCloskey and Bryon Graham 
explain “why” and “how” organizations in the 
banking industry are developing and using big 
data analytics capabilities (BDAC) to derive busi-
ness value. Their article highlights the impor-
tance of a socio-technical approach to analytics: 
technical resources (e.g., data, technical infra-
structure, software tools) and human capital 
with the skills to use these resources combine 
with the right social elements to nurture a data-
driven culture that ensures the correct use of 
data for insight and decision-making. McCloskey 
and Graham present examples of how organi-
zations have drawn on BDACs to successfully 
respond to recent shocks in the external envi-
ronment, including the pandemic and regulatory 
changes in the financial services industry. The 
authors’ proposed framework for assessing and 
developing the resource base for BDAC helps 
organizations understand their level of analytics 
maturity to maximize operational efficiencies 

and performance. The framework outlines how 
(1) process integration (creating a “single source 
of truth”), (2) process assimilation (restructuring 
to embed data skills,) and (3) diffusion (creating 
a data-driven culture) can enable organizations 
to develop BDACs to increase business value and 
gain strategic benefit.

Next, Conn Smyth, Samuel Fosso Wamba, Murray 
Scott, Sean Coffey, and I take a look at the 
important topic of resilient agri-food supply 
chains, an issue that affects us all. We report on 
the challenges facing the industry and explain 
how agri-food supply chain organizations are 
leveraging AI-based systems to plan for, respond 
to, and recover from supply chain disruptions 
efficiently and cost-effectively. The results 
show that AI-enabled information processing 
can build resilience in agri-food supply chains 
while reducing food waste and improving supply 
chain performance. The article is part of a wider 
doctoral research project and is informed by 
147 survey responses from practitioners in the 
global agri-food industry. We propose a frame-
work that maps six benefits of AI-based systems 
to three benefits of the agri-food supply chain 
and end with a call to action for a concerted 
effort between industry and academia to design, 
develop, and deploy AI solutions to make the 
world a better place.
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Figure 1. Business value of data innovation
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In our third piece, Oteng Ntsweng, Wallace 
Chipidza, and Keith Barrett Carter pose a 
thought-provoking question: how can organ-
izations harmonize humanistic and financial 
values using generative AI (GenAI) analytics? The 
article includes an examination of three real-
world cases (PwC, Morgan Stanley, and Ørsted), 
exploring how GenAI is changing the analytics 
value chain, how data experts are preparing for 
the future, and what is being done to re-skill 
employees to enable effective collaboration 
between GenAI and employees. Building on 
insights from these cases, the authors provide 
frank conversations on ethical digital trans-
formation and AI for social good. Their recom-
mendations include alignment between GenAI 
tools and need, adopting an employee-inclusive 
GenAI adoption approach, and promoting lead-
ership teams that are knowledgeable in AI and 
analytics. The authors conclude that the incor-
poration of GenAI in business analytics offers 
the potential for significant advancements in 
business value, but there is a need to foster 
collaboration between GenAI and data experts 
to enhance value without losing humanistic 
outcomes.

In our final article, Maria P. Diaz Campo, Arman 
Ghafoori, and Manjul Gupta explain the growing 
trend of AI hallucinations (when GenAI generates 
unreasonable or inaccurate output) and how it 
can have detrimental consequences for organ-
izations and individuals. The authors suggest 
that the degree to which such hallucinations are 
tolerated depends heavily on context and argue 

that individuals have lower tolerance levels for 
AI hallucination when the stakes are high (and 
vice versa when the stakes are low). They point 
out the importance of considering the contex-
tual nuances surrounding the use of GenAI to 
help developers, decision makers, and academics 
establish best practices and manage potential 
sources of error. They also highlight the signif-
icance of understanding culture at the national 
level, as it can be instrumental in assessing 
societies’ tolerance levels to AI hallucinations. 
The authors‘ suggested model provides unique 
insight into levels of analysis (i.e., personality, 
organizational culture, national culture) and 
how they pertain to AI hallucination. They make 
a compelling case that understanding context 
is critical for making informed decisions about 
strategically adopting and implementing GenAI 
(and emerging technologies in general). The 
article concludes with several key takeaways that 
can help balance potential value opportunities 
and risk tolerance.

This issue of Amplify clearly shows how busi-
ness analytics can create business and social 
value and should motivate business leaders to be 
hypervigilant about their data because, just like 
oil disasters, data disasters (e.g., data breaches, 
cyberattacks) have increased in frequency and 
impact. Management teams that actively nurture 
a strong analytics culture and focus on the inno-
vative use of analytical tools while growing their 
investments in emerging technologies will be in 
a stronger position to future-proof their business 
and mitigate potential disasters. 
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Banks hold large quantities of data relating 
to customer transactions and financial data, 
including income and spending activity, finan-
cial product holdings, financial history, and 
demographics. Increasingly, data is collected 
from digital sources, such as mobile applications 
and online banking systems, with open banking 
expanding this trend. This big data can be used 
to improve decision-making and innovation, but it 
requires the bank to possess or develop important 
resources and capabilities.

The definition of big data analytics capability 
(BDAC) has evolved over time, reflecting the 
realization that gaining value from big data is 
a wider organizational capability rather than 
something entirely reliant on data and technical 
resources.1 As shown in Figure 1, the initial focus 
was on the characteristics of big data, including 
its volume, variety, velocity, veracity, and value.2 
The focus then moved to big data analytics, which 
also emphasizes the tools and methods used to 
analyze this big data. 

More recent conceptualizations focus on com-
bining these elements alongside a wider resource 
base, including talent, a data-driven culture, and 
organizational learning. These technical and non-
technical resources can be combined to strategi-
cally leverage data to gain actionable insights and 
drive innovation, leading to a widening definition of 
BDAC.3 This shift highlights that value gained from 
big data extends beyond the IT department and 
requires change across business functions. 

K E Y  E L E M E N T S  O F  B D A C : 
T E C H N O L O G Y,  P E O P L E  & 
C U LT U R E

Organizations aiming to develop a BDAC or 
increase the maturity of an existing BDAC can 
evaluate their current status across three key 
resource and organizational elements, as illus-
trated in Figure 2. The first resource type is 
technical and includes both data and the tools/
infrastructure to build an analytics platform (i.e., 
a “single source of truth” for analytics purposes). 
The second type is the people aspect, which refers 
to data professionals with the requisite skills and 
leadership. The third resource is an organizational 
culture that is change-oriented and data-driven, 
in both data and non-data roles. 

Traditional banks are facing increased competition from digital “challenger banks” 
and “neobanks,” which offer traditional banking services online and through mobile 
applications, rather than high street branches. These new entrants are much further 
along the analytics maturity journey than traditional banks. 

Authors
Pamela McCloskey and Byron Graham 
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In addition to these BDAC resources, effective 
resource orchestration is required via organiza-
tional processes and structures that harness these 
resources effectively in the development and 
deployment of BDACs. These are highlighted below.

T E C H N I C A L  R E S O U R C E S :  
D A T A  &  T E C H N O L O G Y

Central to any analytics project are the technolo-
gies used to process, store, and analyze the data. 
In the case of BDAC, this data is large and com-
plex. Digital transformation means that tradi-
tional structured data is only one of many types, 
and firms can now draw on more novel big data 
sources. 

Big data is defined by the “5 Vs” mentioned earlier: 
volume, velocity, variety, veracity, and value.4 
Volume is the most intuitive V, referring to the size 
of the data created by digitization. Velocity refers 

to the speed at which data is created, reflecting 
the increased generation of streaming data from 
sources such as sensors, as well as high-ve-
locity transactional data from sources like credit 
cards and the stock market.5 Variety refers to the 
data being in many forms, including structured 
data that fits neatly into rows and columns and 
unstructured data from sources like text, images, 
and video.6 The veracity (or quality) of the data 
is also an important consideration, as poor data 
quality can result in misleading outputs. Crucially, 
the data should result in business value, high-
lighting that the data should be viewed as a firm 
asset. 

Technologies are needed to store, process, and 
analyze the data. Data is often generated from 
multiple internal and external sources and there-
fore needs to be combined in a central data ware-
house or data lake to maximize value by combining 
various data sources, rather than operating across 
isolated data sets or systems. 

As a first step in data analysis, reporting and 
visualization tools can be used to generate 
descriptive analyses of current and past key 
performance indicators (KPIs) and trends. Modern 
business intelligence solutions typically enable 
reporting automation and self-service dashboards, 
reflecting the democratization of analytics across 
the organization. More advanced predictive and 
prescriptive analytics tools have traditionally 
focused on coding languages, such as Python 
and R. Alongside coding languages, a range of 
more user-friendly, drag-and-drop tools have 
been developed to democratize and increase the 
efficiency of the analytics process. 

Data types, 
sources, 
characteristics

BD + analytics 
methods

BDA + non-technical 
resources

•  Big data (BD)

• Big data analytics 
(BDA)

• Big data analytics capability 
(BDAC)

Figure 1. Moving from a focus on big data to BDAC

BDAC

People

Culture

Technical 
resources

Figure 2. BDAC resources
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P E O P L E  R E S O U R C E S :  
D A T A  P R O F E S S I O N A L S

Data professionals with the right skills and 
mindset are required to generate value from big 
data. This includes data analysts, data engineers, 
and data scientists. Alongside the technical skills 
needed to work with the data and tools, there is 
an increasing recognition that softer skills are 
required, such as business domain knowledge, 
curiosity, and problem-solving. Finding staff 
with this range of skills is challenging; this type 
of idealized data scientist is sometimes referred 
to as a “unicorn.”7

Although data professionals are essential, a 
broader level of data literacy and data democ-
ratization across business functions can help an 
organization become more data-driven. Businesses 
are moving toward data democratization by 
providing access to data and analytics tools 
throughout the organization. The development 
of no-code/low-code analytics tools and AutoML 
(automated machine learning) has created oppor-
tunities for a broader range of less technically 
orientated staff to engage in analytics, resulting 
in “citizen data science,” in which non-data scien-
tists are involved in tasks previously restricted to 
data scientists and engineers. These trends require 
upskilling the workforce to increase data literacy. 

C U LT U R A L  R E S O U R C E S :  
D A T A - D R I V E N 

Vast amounts of data can be collected, but if 
reliance on human intuition prevails over data-led 
decision-making, the benefits of BDACs will not be 
achieved. Culture is an intangible resource, created 
and transmitted by people. It is a way of “thinking, 
feeling, believing.”8 Much like gravity, we cannot 
see culture, but it is there. 

A data-driven culture requires decision-making 
based on data and analytics, rather than relying 
only on human judgment and intuition. This means 
data is viewed as an asset, with behaviors and 
practices based on a shared belief that data plays 
a key role in an organization’s success.9 The goal is 
for data to be embedded in the organization such 
that employees think in a data-first way, replacing 
the words “I think” or “I assume” with facts and 
quantitative statements based on data. 

It is important to promote the use of data across 
a firm so that insights are not just sought after 
but used to get the full benefit of BDACs. Non-
data roles in the firm should also understand the 
importance of a data-centric approach and good 
data quality, as well as the value of good data 
questions.

A S S E S S I N G  &  D E V E L O P I N G 
R E S O U R C E  B A S E  F O R  B D A C

Firms are at varying levels of analytics maturity, 
but traditional banks have a lower level of analytics 
maturity than their digital, technology-driven 
counterparts. Regardless of maturity stage, an 
audit of current resources with the correct stake-
holders can allow a firm to establish its resource 
position when planning a data strategy. 

An “as is” snapshot of the firm’s current position 
can be contrasted with a “to be” position, and 
the resulting gap analysis can be used to identify 
required resources. This can inform the second 
part of the task: active resource orchestration by 
managers via integration, assimilation, and diffu-
sion (which will vary by firm).

The key processes that help synergize the bundling 
of BDAC resources are summarized in Table 1. 

A  B R O A D E R 
L E V E L  O F  D A TA 
L I T E R A C Y  &  D A TA 
D E M O C R A T I Z A T I O N 
A C R O S S  B U S I N E S S 
F U N C T I O N S 
C A N  H E L P  A N 
O R G A N I Z A T I O N 
B E C O M E  M O R E 
D A TA - D R I V E N 
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I N T E G R A T I O N 

The goal of the integration process is to create 
a single source of truth for analytics. Processes 
of digitalization and automation are required to 
capture and store a variety of data sources in a 
timely fashion. With legacy systems in place, tra-
ditional banks typically have less digitalization and 
automation. An incremental, iterative approach 
is required in such cases to prioritize key aspects 
of the customer journey and replace manual data 
collection and storage processes with digitaliza-
tion and automation. Data can then be taken from 
source systems, via extract, transform, load (ETL) 
processes, and stored in a single location for ana-
lytics, such as a data warehouse. 

Data quality is an important aspect here, and firms 
need a robust data governance program to ensure 
high-quality, reliable, accessible data. Firms must 
also select the best tools for analytics purposes, 
including a visualization tool that’s scalable and 
promotes self-serve capabilities so those in data 
and non-data roles can be close to data for deci-
sion-making. An “evergreening” program ensures 
that tools are constantly renovated so they are 
always fit for purpose. Think: technical excellence.

A S S I M I L A T I O N 

The goal of the assimilation process is to intro-
duce and distribute data skills in the firm in sup-
port of analytics development and deployment. 
Ideally, excellent-quality data and robust tools 
that bring data closer to decision makers across 
the firm will enable team autonomy and remove 
external dependencies on accessing data for 
decision-making. 

The first step is to reorganize the teams, making 
sure each team has the data skills it needs and 
that its leaders put a strong emphasis on the 
importance of data. A centralized team should 
drive best practices and standards, including 
data quality and storage, governance, and tooling 
approaches. Outside this centralized data team, 
individual product or service areas should have 
data skills embedded, with a cross-functional, 
autonomous team supporting each product or 
service area. This way, the data team has the 
domain-specific knowledge needed to sup-
port team goals and an understanding of data 
and tooling standards from the central team. 
Upskilling will be required, alongside hiring 
practices that filter for a data-driven mindset in 
employees. In the early stages of BDAC develop-
ment, firms should hire the best data skills they 
can afford and reward accordingly. Think: team 
autonomy.

 
INTEGRATION:  
CREATE SINGLE  
SOURCE OF TRUTH  

ASSIMILATION:  
RESTRUCTURE TO  
EMBED DATA SKILLS 

DIFFUSION:  
CREATE DATA-DRIVEN 
CULTURE 

Identify core processes in 
value chain; incrementally 
replace manual processes with 
digitalization & automation 

Create centralized team  
to maintain analytics platform 

Make analytics 
consumable  
& accessible firm-wide 

Implement data governance 
program; enforce best 
practices for high-quality, 
accessible data 

Embed data skills in teams that 
support core areas of value 
chain to keep data  
close to decision makers 

Incent data-driven 
initiatives 

Create prioritized list of use 
cases for data-driven decision-
making 

Create cross-functional 
autonomous teams to support 
core areas of value chain 

Upskill teams, including 
leadership, on importance  
of data culture 

Transfer required data for use 
cases from multiple systems 
to single analytics platform 

Filter for data-driven mindset in 
hiring practices 

Link KPIs to data  

Select tools with scalability  
& self-serve features 

Hire best data skills you  
can afford 

Sell analytics via  
enablement roles 

Select tools that can be 
supported with evergreening 

Empower employees to take 
initiative through decentralized 
decision-making 

Create community  
of practice 

Think: technical excellence Think: team autonomy Think: data first 

 
Table 1. Processes of integration, assimilation, and diffusion for BDAC development

1 2
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D I F F U S I O N

The goal of the diffusion process is to develop and 
maintain a data-driven culture. The processes of 
integration and assimilation enable this state, in 
which analytics are available for decision-making 
across the firm. Data must be accessible and 
consumable firm-wide, and it must be achieved 
via tools that promote data democratization. 

A data-driven culture can also be incented via 
data-driven strategic initiatives, with upskilling 
at all levels of the firm to improve data literacy, 
including leaders who can set an example. Team- 
and firm-level KPIs can be linked to data goals and 
measured in a data-centric way. Data-enablement 
roles can be introduced to champion the use of 
data by showcasing the benefits of a data-driven 
culture and talking about successful use cases 
both within the firm and outside. Communities 
of practice are a key feature of firms with a data-
driven culture, enabling knowledge sharing and 
collaboration by drawing together a critical mass 
of data-driven employees. Think: data first. 

I N T E R N A L  &  E X T E R N A L 
D R I V E R S  O F  B D A C 
D E V E L O P M E N T  & 
D E P L O Y M E N T

Firms with developed BDACs gain strategic 
competitive advantage through improved 
decision-making and innovation. In banking, 
firms have developed BDACs to increase opera-
tional efficiency and performance and in response 
to external drivers, such as competitive pressures, 
regulatory requirements, and external shocks. 
Once developed, a BDAC can be deployed to carry 
out analytics at various levels, including descrip-
tive, predictive, and prescriptive. 

G A I N I N G  E F F I C I E N C Y

In the banking sector, analytics are often used to 
gain operational efficiencies, such as automating 
the customer due diligence process, which helps 
save on staffing costs. Analytics can help leaders 
decide which branches to close, measure the suc-
cess of product lines, and understand outcomes by 
measuring customer satisfaction. Data-driven KPIs 
can be used to monitor a range of targets, from 
employee performance to quarterly team goals. 

R E A C T I N G  T O  C O M P E T I T I V E 
P R E S S U R E S

In many countries, retail banking is dominated 
by large incumbent banks with huge volumes of 
current and historical customer data. Despite this, 
they have often been slow to embrace advanced 
analytics. Digital disruptor banks are entering 
the market, offering similar banking services 
but through digital mobile applications. They are 
capturing a variety of near-real-time data, such as 
customer interactions, and using this for product 
development. To keep pace, traditional banks 
have been increasing their efforts to develop 
BDACs, including by investing in the underpinning 
resources discussed previously.

R E S P O N D I N G  T O  R E G U L A T I O N S 
&  P R O T E C T I N G  C U S T O M E R S

New regulatory requirements and changes to 
existing ones are another important driver of ana-
lytics in the banking sector. This can include using 
analytics to meet standard regulatory returns, 
as well as advanced use cases like detecting and 
blocking financial crime by identifying suspicious 
transactions on customer accounts or optimizing 
transaction monitoring rules. The introduction of 
new regulations has also driven banks (incumbents, 
in particular) to develop BDACs to meet these 
requirements. 

H A N D L I N G  E X T E R N A L  S H O C K S

The need for banks to roll out government sup-
port schemes quickly during the pandemic meant 
that projects were completed in a fraction of the 
time they would normally have taken. The business 
loan application process moved entirely online, 
and key tasks were broken down into user sto-
ries and simplified to create a digital customer 
journey. Modular elements from other processes 
were effectively reused and stitched together. 
This increase in digitalization allowed for auto-
matic data collection and storage of key customer 
interactions that previously occurred in person, 
streamlining the process. 
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C O N C L U S I O N

BDAC development in the banking industry 
highlights several lessons that are broadly 
applicable. Regardless of analytics maturity  
level, BDAC requires three key resources from  
all firms: (1) data and technology resources,  
(2) people with the requisite data skills, and  
(3) a data-driven culture. BDAC resources can  
be synergized via the orchestration processes of 
integration, assimilation, and diffusion. 

The large quantities of data in both traditional and 
digital banks have the potential to drive strategic 
value, but data quality and integration from dispa-
rate sources remain challenging. Fostering a data-
driven culture is important in the development and 
deployment of BDACs, which require a high level of 
data literacy across all levels and functions in the 
organization. Increased data literacy across the 
organization facilitates data democratization and 
citizen data science, allowing nontechnical staff 
across levels and functions to gain value from 
data. 

The banking industry, like other sectors, also has 
an opportunity to develop BDAC to increase value 
and gain strategic benefits. The nature of analytics 
is dynamic, and BDACs need to be continuously 
updated to keep pace with technological and 
industry developments. 
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The main function of the food system and its 
primary sector, agriculture, is to satisfy the basic 
human need for food, but sustainable food systems 
also maintain ecosystem health and contribute to 
social well-being.3 Nevertheless, our ability to feed 
a growing global population is under threat.4

Recent global events highlight the vulnerability 
of agri-food supply chains (and supply chains in 
general) to exogenous shocks and the importance 
of developing resilient supply chains.5 For example, 
the COVID-19 pandemic impacted 86% of supply 
chains in the UK.6 

Supply chain resilience refers to the ability of 
supply chains to efficiently and cost-effectively 
plan for, respond to, and recover from disruptions. 
This includes taking actions that return the supply 
chain to its original state (or better than before 
the disruption).7 

A resilient supply chain is characterized by 
four dimensions:

1. Preparedness

2.  Response 

3. Recovery

4. Growth or adaption 

Supply chain disruptions are defined by the Food 
and Agriculture Organization of the United Nations 
(FAO) as “unforeseen events that interfere with 
the normal flow of goods and/or materials.”8 It 
has been reported that organizations experience 
15 supply chain disruptions annually.9 To mitigate 
disruptions, supply chain organizations need to:

 – Identify and understand vulnerabilities in the 
business landscape and assess vulnerabilities 
throughout the supply chain

 – Determine what part of the supply chain can best 
address and manage the identified vulnerabilities

 – Strengthen supply chain elements to mitigate 
vulnerabilities by enhancing processes, systems, 
and practices

Against this backdrop, agri-food supply chain 
organizations are seeking innovative solutions 
such as AI-based systems to improve sustaina-
bility, transparency, and resiliency.

The agri-food supply chain ecosystem is complex, involving farmers, agricultural 
cooperatives, manufacturers, distributors, traders, wholesalers, and retailers.1 In 
contrast to other food supply chains (e.g., automated canned food), the agri-food supply 
chain faces issues related to short shelf life; seasonality; quality and quantity varia-
bility; strict regulations; specific requirements for transport, handling, and storage; 
price variability; and weather dependence.2
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A I  I N  A  N U T S H E L L

At a basic level, AI is a collection of technologies 
that combines large quantities of data, algorithms, 
and computing power to focus on a single task (i.e., 
face recognition). At a higher level, AI technolo-
gies aspire to replicate human behavior, referred 
to as “artificial general intelligence.”10 Al systems 
have rapidly evolved from applications like deci-
sion support systems to systems that can solve 
complex problems and perform specific tasks. AI 
is an umbrella term for the six functions listed in 
Table 1.11

Machine learning (ML), expert systems, robotics, 
and natural language processing (NLP) are the 
dominant AI functions being studied in agri-food 
supply chains as part of our ongoing research 
project.

R E S E A R C H  M E T H O D O L O G Y

This article is informed by two types of data 
(secondary and primary). The secondary data is 
based on a recent study that synthesized and 
categorized the reported challenges encoun-
tered by practitioners in the agri-food industry.12 
The primary data is based on a survey of nine 
questions related to themes, including AI-based 
information processing, supply chain resilience, 
and performance. Each question was meas-
ured on a seven-point Likert scale, with extreme 
points ranging from 1 equals strongly disagree 
to 7 equals strongly agree. The survey was circu-
lated to practitioners in the agri-food sector (see 
Table 2). 151 responses were gathered, of which four 
were invalid. 

Participants had an average of four years’ industry 
experience in this sector, and their roles varied 
from C-level executives to operations manage-
ment. Data analysis was conducted using struc-
tural equation modeling, which provides statistical 
procedures for testing survey measurements and 
hypotheses.

K E Y  C H A L L E N G E S  
I N  T H E  A G R I - F O O D  
S U P P LY  C H A I N  I N D U S T R Y

The challenges described in Table 3 are based on 
the analysis of 76 studies that focused on the agri-
food supply chain industry.13 The impact of supply 
chain disruptions has an inherent cost (e.g., finan-
cial, resource, raw material). 

For example, the Russia-Ukraine crisis disrupted 
fertilizer and animal feed throughout Europe, 
immediately hitting farmers involved in pork 
production who bore that cost for several months 
before it hit meat processors by way of increased 
livestock costs. Meat processors then bore the 
cost for several months while negotiations took 
place with customers. Production, throughput, 
and food chain were lost forever — an unexpected 
consequence of such a crisis. In Ireland, 2023 saw a 
nearly 10% drop in total pork production compared 
to the previous year, due to significant losses and 
high operating costs. At the national level, there 
are now fewer than 200 productive units.14

 
AI FUNCTION DESCRIPTION 

Machine learning  Algorithms and computational models that enable computers  
to learn from experience 

Expert systems Rule-based computer programs that reason with knowledge  
of a subject to provide advice or solve problems 

Robotics The science of extending human motor capabilities with machines 

NLP Enables machines to understand, interpret, and derive meaning 
from human languages 

Machine vision Uses digital input and pattern recognition to automatically 
inspect, analyze, and extract information from objects 

Speech recognition Converts human speech or audio to text 
  
Table 1. Functions of AI
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PARAMETERS DETAILS FREQUENCY PERCENTAGE 

Gender Male 106 72% 

Female 36 24% 

Prefer not to say 5 4% 

Years of agri-food 
supply chain 
industry  
experience 

2-5 18 12% 

6-10 42 29% 

11-15 34 23% 

16-20 9 6% 

20+ 44 30% 

Geographic area  
of responding 
organization 

Europe 116 79% 

North America 14 10% 

South America 2 1% 

Asia 9 6% 

Africa 3 2% 

Australia 3 2% 

Total 147 100% 
  
Table 2. Profile of respondents

Table 3. Challenges in the agri-food supply chain industry

 

 

CHALLENGE DESCRIPTION 

Relying on 
traditional 
forecasting 
techniques 

Forecasting can refer to either making predictions about internal operations and 
processes or customer-demand forecasting. Because traditional forecasting 
methods cannot handle the inherent complexity of modern supply chains, 
predictions may be inaccurate, resulting in issues like poor decision-making.  

Selecting 
appropriate 
suppliers;  
managing  
supplier 
relationships 

Supplier selection and management are increasingly important for supply chain 
organizations due to customers’ growing need for efficient delivery and rising 
global competitiveness. To select an appropriate supplier and effectively manage 
this relationship, supply chain organizations must consider and actively monitor 
many tangible and intangible factors. 

Managing supply 
chain disruptions  
& risk mitigation 

Supply chain disruptions and risk mitigation are grouped due to shared objective: 
to minimize or illuminate any interruption to the supply chain. Supply chain 
disruption can result in increased costs, financial loss, and damage to the 
organization’s reputation, so avoidance is vital. 

Managing 
inventory;  
selecting 
appropriate 
replenishment 
strategies 

Inventory (e.g., raw material) is central to any supply chain. Inventory and vendor 
management strategies must evolve to ensure the supply chain aligns with rapidly 
changing needs and demands of customers.  

Supply chain 
configuration, 
design & planning 
(SCCDP) 

SCCDP plays an essential role in creating competitive advantage and ensuring 
supply chain responsiveness. Effective SCCDP uses all available resources to 
ensure the supply chain can meet demand in the face of disruptions and the 
fluctuating demand of customers. 

Managing smooth  
& continuous 
production process 

Production may include sourcing raw materials, moving them to the production 
facility, preparing the (raw) product for production, and transporting the finished 
products to retail suppliers or directly to the consumer. Agri-food supply chain 
organizations are increasingly adopting and adapting technological solutions to 
ensure streamlined production while creating economic value. 

Optimizing supply 
chain processes 
& procedures 

The goal of process optimization is to continuously reduce waste, increase 
productivity, and increase economic value through a systematic approach of 
analyzing and improving business processes to achieve maximum efficiency and 
quality. Supply chain optimization is a growing concern for agri-food organizations 
because traditional optimization methods lack the ability to handle the 
nonlinearity and complexity of contemporary supply chains. 
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H O W  C A N  A I  A D D  V A L U E 
T O  T H E  A G R I - F O O D 
I N D U S T R Y ?

Anecdotal evidence indicates that AI offers 
transformational power to support executives 
responsible for dealing with exogenous shocks 
and enabling resilient supply chains.15 Analysis of 
the primary data used in this study shows that 
AI-enabled information processing can build 
resilience in agri-food supply chains, reducing food 
waste and improving performance. The potential 
benefits and applications of Al in the agri-food 
industry are described in Table 4.

L O O K I N G  T O W A R D  
T H E  F U T U R E

Although AI holds much promise to transform 
agri-food supply chains (see Figure 1), consider-
able managerial and organizational challenges 
will need to be addressed.16 These challenges will 
require a concerted effort between academia, 
the supply chain industry, and policy makers to 
ensure its transformative power is realized through 
rigorous, evidence-based research. For example, a 
recent study showed that security is a major con-
cern for adopters and non-adopters in operations 
and supply chain management.17

A collective effort to use AI in this context will 
provide economic value in several ways. First, it 
could be a vehicle to achieve the EU’s ambitious 
target to cut the unintentional loss of food mass 
in agri-food supply chain industry in half by 2030.18 
Almost 57 million tonnes of food waste are gen-
erated annually with an associated market value 
estimated at €130 billion (about US $140 billion).19 

Table 4. Benefits of AI to the agri-food industry

 

 

BENEFIT DESCRIPTION 

Enhanced market & 
customer insights 

NLP can extract meaningful insights into customer behavior or market trends from 
open data sets. For example, the EU Meat Market Observatory provides statistics 
and current meat market trends in Europe, while social media sites contain 
information on customer opinions and behavior. NLP can extract data and 
determine actionable insights that could improve sales and identify food trends. 

Increased demand 
forecasting 
accuracy 

ML-powered demand forecasts perform significantly better than traditional 
methods. ML models can be trained to predict consumer demand and consider the 
effect of seasonality on consumer demand across regional and global markets. 
This enables organizations to align production output with demand. 

Improved supplier 
selection & 
management 

Al can be used to identify the most appropriate suppliers by incorporating multiple 
variables, such as product price, quality, and delivery satisfaction, into the 
decision-making process. Moreover, Al can be used to continuously evaluate 
supplier performance.  

Optimized 
ingredient selection 
for bespoke 
products 

Al can be used to quickly identify the most appropriate ingredients based on client 
specifications for a new product line. 

Optimized 
production process 
& improved quality 
control 

By creating dynamic simulations of all organizational processes, AI can be used  
to identify the optimal configuration that will meet or exceed KPIs. Al-powered 
simulations provide an excellent decision-support tool for the supply chain  
design and planning team. Al can use real-time monitoring to identify production 
anomalies, reducing waste and improving quality control. AI-powered robotics  
can be used to automate packaging, reducing labor costs. 

Increased supply 
chain visibility & 
responsiveness 

Al can significantly improve supply chain visibility, automating supply chain 
mapping to provide supply chain organizations with a comprehensive, detailed 
view of the entire supply chain. AI can predict supply chain disruptions, helping 
organizations become more responsive to interruptions and delays. 

A  C O L L E C T I V E 
E F F O R T  T O  U S E 
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Second, it could help farmers produce more food. 
Supplies must increase by 70% by 2050 to meet the 
needs of the world’s growing population, according 
to the FAO.20 

Third, investing in AI and emerging technologies 
can contribute to sustainable livelihoods, hunger 
reduction, and generating income in both devel-
oped and developing countries, which is critical 
for the transition to a sustainable food system. A 
food system “gathers all the elements (environ-
ment, people, inputs, processes, infrastructures, 
institutions, etc.) and activities that relate to the 
production, processing, distribution, preparation, 
and consumption of food, and the outputs of these 
activities, including socioeconomic and environ-
mental outcomes.”21 

Awareness without action is fantasy, so we call on 
industry leaders, academics, and governments to 
actively engage in the design, development, and 
deployment of AI solutions to make the world a 
better place for all.
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• Optimization of processes
• Prediction & prescriptive capabilities 

Improve supply chain resilience
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Figure 1. Benefits of AI systems
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Data democratization traces its roots to the early 
2000s, marked by the advent of drag-and-drop 
data analytics tools like Tableau and Power BI. 
These tools simplify data access, enabling all 
members of an organization to engage with data 
without much reliance on data experts, with the 
ultimate goal of delivering higher business value.5,6 

So if data democratization aimed at significant 
progress in business value is nothing new, why do 
some perceive GenAI as a threat to data-related 
jobs?7,8 And why does this necessitate a rethink of 
our conception of business value?

G E N A I ’ S  R O L E  I N 
B U S I N E S S  A N A LY T I C S

Done right, business analytics can significantly 
increase business value.9,10 But keep in mind that 
“value” has become a fashionable term, and such 
words are often repeated to the point of oversim-
plification. Consequently, value is frequently dis-
cussed without explicit definitions, the assumption 
being that everyone understands what it means. 
But as Firth rightly observed, you shall know a word 
by the company it keeps. 

The metrics associated with value, including pro-
ductivity and profitability, speak volumes about 
prevailing priorities among business leaders.11 
The dominant focus on financial metrics often 
eclipses crucial humanistic outcomes (particularly 
for employees), which are increasingly vital with 
the advent of GenAI. 

Although proponents of AI draw parallels between 
GenAI and past innovations like ATMs and autono-
mous delivery systems, those advances unfolded 
gradually and did not drastically reduce jobs in 
their respective sectors. GenAI is advancing at 
an unprecedented pace, with large language 
models (LLMs) becoming easier to use and being 
integrated into widely used software products, 
including Microsoft Office and dominant data 
analytics tools.  

“You shall know a word by the company it keeps.” — John Rupert Firth1

Eighty percent of organizations say their primary technological goal is hyper- 
automation (the end-to-end automation of as many business processes as pos-
sible), which promises significant leaps in business value.2,3 It comes as no surprise, 
at least to us, that business analytics is considered a promising business function for 
generative artificial intelligence (GenAI) augmentation. Indeed, movement toward 
data democratization (empowering everyone within an organization to work with data) 
has been a long-standing goal for many organizations.4 
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These integrations are set to alter not just work-
flows but entire work ecosystems, potentially 
impacting humanistic outcomes, especially for 
frontline workers like data experts.

Indeed, although data democratization is nothing 
new, GenAI has taken things up a notch. Drag-
and-drop analytics simplify some tasks, but they 
still require specialized knowledge in statistical 
analysis and familiarity with the analytics tool. 

English is now a programming language and data 
analytics tool, thanks to GenAI. The ability to 
converse with an analytics platform by asking 
plain-English questions about company data 
implies that all employees can extract insights and 
ideas from data.12 As mentioned, drag-and-drop 
tools such as Tableau and Power BI are now imbued 
with GenAI capabilities. Tableau Pulse enables the 
automation of data analysis and communicates 
insights concerning metrics of interest conversa-
tionally, aiming to let virtually everyone become 
data-driven. We are all programmers and data 
“experts” now.13 

In that case, what becomes of data-related jobs? 
How should these GenAI teammates be added to 
the workflow? How would that impact workforce 
ecosystems and, in turn, employee-related out-
comes? Although experts disagree about whether 
GenAI will wind up displacing more jobs than it will 
create over time,14 some job cuts in data analytics 
have been linked to changes resulting from AI.15 

We tend toward a more ambivalent stance on 
the issue of displacement. From any reasonable 
person’s framework, imbuing data analytics tools 
with GenAI capabilities will undoubtedly enhance 
efficiency. Unless there is a lot of work to go 
around, some people may have to go. The issue 
with current discussions on job displacement is 
that it is viewed as a binary outcome — either 
GenAI replaces humans, or it doesn’t. In reality, 
the extent of displacement is likely to vary across 
different industries and over time. Additionally, 
those who argue that GenAI will create new jobs 
often cite prompt engineering as a prime example. 
However, as GenAI tools become increasingly 
sophisticated and user-friendly, prompt engi-
neering jobs may not be sustainable. We therefore 
advise caution against definitive predictions and 
recommend focusing on how employees can be 
better prepared for the future. 

In this article, we (two academics in information 
systems [IS] and analytics and a practitioner with 
decades of experience in digital transformation) 
explore how GenAI can be integrated into the 
analytics value chain. We examine real-world cases 
to understand how GenAI is changing this value 
chain in various business functions, the impact on 
humanistic outcomes, and what is being done to 
re-skill employees. In this way, we lay a stone on 
the path toward ethical digital transformation and 
AI for social good.16 

C U R R E N T  L A N D S C A P E

As mentioned, there are two prevailing perspec-
tives about the threat GenAI poses to data ana-
lytics and related jobs. The proof of this divide is 
evident in industry actions. Some companies have 
committed to using GenAI as a tool to augment 
their workforce without replacing human workers; 
others have demonstrated its potential for job dis-
placement by letting go of employees (though the 
total number of jobs directly lost to GenAI remains 
low).17,18 

Some argue that we are not yet at the point of 
displacement, since GenAI tools still lack crit-
ical thinking, strategic planning, and complex 
problem-solving abilities.19 We agree that GenAI is 
less likely to cause immediate displacement. The 
layoff we cited earlier, at EXL Service Holdings, 
impacted only 2% of the workforce, and it was 
mainly targeted at junior staff in data analytics 
and digital operations.  

Nevertheless, we caution against predictions that 
displacement will not happen or that it is so far 
off that there’s no cause for concern. Remember 
that GenAI was released to the public in late 2022 
— these technologies are less than five years old. 
ChatGPT’s advanced data analysis tool was intro-
duced in June 2023.20 Yes, it still produces inac-
curate results here and there, but it can perform 
complicated calculations, generate charts based 
on uploaded data, and generate code associated 
with produced analysis. 

In fact, the original idea for this article came 
after one of the authors gave ChatGPT’s advanced 
analysis tool a tutorial question on optimization 
she had used in her business analytics course. Not 
only did the tool get the correct answer, it worked 
through it in less than 10 seconds. Again, these 
tools are still “infants.” We are only beginning to 
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realize the impact LLMs are about to have on data 
analytics and cognate jobs, including software 
development.

Many other GenAI-powered analytics tools are 
available, including ChatGPT Enterprise, Tableau 
Pulse, and bespoke tools like the AI @ Morgan 
Stanley Assistant, which gives financial advisors 
speedy access to a database of about 100,000 
research reports and documents.21 

Given privacy and security concerns, we expect 
more organizations to develop proprietary 
AI-based analytical tools. For instance, Databricks, 
a company providing a unified platform for data, 
analytics, and AI, recently agreed to acquire GenAI 
start-up MosaicML in a deal valued at approxi-
mately US $1.3 billion, a strategic move targeting 
the rapidly expanding demand for businesses 
to develop or fine-tune their own ChatGPT-
like tools.22 As people who deal with data in 
our research and work, we agree that these tools 
offer profound leaps in productivity. 

However, little is known about how they are inte-
grated into actual organizations and their impact 
on employees. This may be because organizations 
are starting to jealously safeguard their most 
lucrative GenAI use cases.23 We did find some 
real-world cases that can help us look at how 
GenAI can be integrated into analytics and the 
potential impact on data experts. 

We scoured recent news articles and practitioner 
outlets, including the Wall Street Journal, the New 
York Times, MIT Sloan Review, and Harvard Business 
Review for informative cases. We identified three 
from which we draw insights on successfully 
integrating GenAI into analytics. Note that data 
experts are not just those with “data” in the title. 
We consider other professions that deal with data 
(e.g., portfolio managers, financial advisors, and 
wealth managers). Data expertise is a matter of 
skill, not job title. 

C A S E  1 :  P W C  D I G I T A L  
A C C E L E R A T O R  P R O G R A M

The digital accelerator program is not new, but we 
believe it offers some valuable insights. Launched 
in 2017, the program began with three components: 
data science, automation, and data management.24 
At the heart of this program is what has been 
labeled “citizen development.” Citizen developers 
are recruited from among PwC’s employees and 

voluntarily take courses in relevant technologies, 
including data analytics and GenAI. Following 
certification from these courses, graduates take 
some time to develop applications relevant to the 
company. 

Employees have complete autonomy regarding 
what automation products they pursue, and the 
most promising ones are promoted by the compa-
ny’s centralized Products and Technology group.25 
One digital accelerator created a program that 
automated a workflow for extracting data from 
various spreadsheets, saving 40 hours of work on 
audits; eventually, this program was integrated 
into the company’s internal library.26 

We see two factors contributing to this pro-
gram’s success. First, it is supported by Tim Ryan, 
PwC’s US chairman and senior partner.27 Second, 
employees who develop useful products are 
rewarded. 

With PwC planning to invest $1 billion into GenAI, 
we foresee that in the next few years, the accel-
erator program will reach new heights.28 It is also 
promising to read that Mohamed Kande, PwC’s 
vice chair, leader of US consulting solutions, and 
global advisory leader, shared that PwC aims not to 
replace workers but to optimize their jobs. “We are 
not going to leave anybody behind. It’s going to be 
a team sport,” he said.29 

C A S E  2 :  M O R G A N  S T A N L E Y 

Morgan Stanley is leading the charge as one of the 
first major Wall Street firms to develop a propri-
etary solution anchored on GPT-4. It designed a 
tool that gives financial advisors quick access 
to a database of about 100,000 research docu-
ments and reports.30 As we know, financial advi-
sors deal with both structured and unstructured 
data. Structured data could be in the form of 
stock performance; unstructured data includes 
business reports, client meeting notes, portfo-
lios, and more. Before implementing AI @ Morgan 
Stanley Assistant, financial advisors had to scour 
the unstructured data using manual search. The AI 
assistant lets them search workplace documents 
using queries akin to a Google search. 

Interestingly, this tool does not tell financial 
advisors what to do;31 it simply searches the data 
and spits out what is required, giving the human 
advisor autonomy to serve the client. Morgan 
Stanley’s co-president shared in a memo that 
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financial advisors will always be the center of the 
company and that GenAI will only offer advisors 
some leaps in efficiency.32 In a continued effort 
to move AI innovation forward, Morgan Stanley 
recently announced its first company-wide head of 
AI, Jeff McMillan, who previously headed the ana-
lytics, data, and innovation unit within the wealth 
management division and was instrumental in the 
development and implementation of AI @ Morgan 
Stanley Assistant.33 

C A S E  3 :  Ø R S T E D

At Danish multinational energy organization 
Ørsted, the data experts are the executive man-
agement team, which needs to stay abreast of 
industry trends. With north of 300 relevant news 
articles each day, it was almost impossible for 
each executive to read them all. Attempts at 
having individual folks create summaries resulted 
in a flow of information that wasn’t fully aligned. 

Ørsted integrated an LLM from Azure OpenAI into 
the Dataiku platform, enabling an automated 
daily news digest. The company’s head of digital 
strategy and innovation, Heidi Østergaard, shared, 
“For us, democratization of AI is about increasing 
AI literacy in the organization, giving people the 
tools and platforms they need.”34

R E C O M M E N D A T I O N S

Case studies drawn from news articles may not 
fully represent the empirical reality of how GenAI 
is integrated into these firms. However, they 
help us think about what seems to work and how 
it might happen. Drawing from these cases, we 
propose the following five recommendations 
(summarized in Figure 1). 

1 .  A L I G N  G E N A I  T O O L S  W I T H 
D A T A  E X P E R T  N E E D S

Senior management has a tendency to pursue 
digital transformation goals without much input 
or feedback from members of the organization 
who use and are impacted by GenAI integrations. 
Combining top-down and bottom-up approaches is 
helpful to ensure that GenAI tools align with data 
experts’ actual workflow and needs. For instance, 
at Ørsted, GenAI analytics were implemented to 
solve a data expert problem. The literature on 
IS has consistently shown that individuals are 
inclined to continue using a technology they find 
beneficial. Thus, tailoring these tools to meet user 
needs will enhance their perceived usefulness, 
which is needed because the success of digital 
transformation depends on the active use of these 
technologies.

BUSINESS VALUE EMERGENCE

5

1 4

Humanistic outcomes

Autonomy, job satisfaction,  
well-being, self-efficacy 

Instrumental outcomes

Productivity, reduced errors, profit, 
competitive advantage

3

2

Figure 1. Summary of recommendations
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2 .  G E N A I  T O O L S  M U S T  L E N D  
A  H A N D ,  N O T  C O N T R O L

There is a delicate balance between helping data 
experts reap the benefits of GenAI integration and 
ensuring that GenAI does not assume supervisory 
control over human experts. In the three cases 
we discussed, GenAI’s main task was data ana-
lytics, leaving the human experts to make the final 
call. Indeed, GenAI should not dictate employees’ 
actions. This is not only because GenAI is not yet 
at satisfactory levels of emotional intelligence, 
but also because giving GenAI some sort of super-
visory role would exacerbate fears of displace-
ment. Additionally, it complicates compensation 
and reward mechanisms. Who takes the credit in 
the event of a big win for the company, and who 
takes the blame in the event of a mistake? Let data 
experts be experts. 

There are cases, however, where GenAI may have 
to step in. For example, Voya employs GenAI to 
assist humans in selecting stocks because, unlike 
humans who may become emotionally attached 
to a stock, GenAI remains impartial.35 However, it 
is critical to clarify who holds the veto power in 
case of a disagreement between GenAI and the 
data expert. One way is to set up a “devil’s advo-
cate” team comprising humans and GenAI. The 
capabilities of GenAI are so vast and profound that 
it is feasible to create a GenAI that functions as a 
devil’s advocate, critiquing suggestions from GenAI 
stock advisors.

3 .  R E - S K I L L  &  U P S K I L L  D A T A 
E X P E R T S

As organizations move toward democratizing data 
analytics, it is crucial to ensure that data experts 
maintain their expertise in data analytics, miti-
gating any risk of redundancy or loss of specialized 
skills. Data experts can also re-skill and upskill. 
We have seen that layoffs in data analytics are 
affecting employees at the junior level. Data from 
LinkedIn shows that jobs requiring AI skills are on 
the rise.36 As non-data experts are introduced to 
surface-level analytics (no code/low code), there is 
an opportunity for junior data analytics employees 
to enhance their capabilities by advancing to more 
sophisticated analytics and AI skills.

4 .  P R A C T I C E  I N C L U S I V E  
G E N A I  I N T E G R A T I O N

Top management must dispel any notion that data 
experts using GenAI for domain-specific knowl-
edge are at risk of being replaced by the tech-
nology. Leadership at all three organizations we 
studied publicly acknowledged that these tools are 
intended to support, not threaten, data experts. 
Such assurances from leadership are vital as they 
foster a sense of psychological safety, which is 
essential for effective collaboration between 
GenAI and data experts. 

Let’s put ourselves in the employees’ shoes. 
Imagine having a colleague who can crunch num-
bers and produce thousands of lines of code in 
seconds. Wouldn’t you feel threatened by them? 
We should not rob employees of their “some-
bodiness” by even implying that they are easily 
replaceable. One way to circumvent such thoughts 
is to take an employee-inclusive GenAI adoption 
approach. For instance, PwC makes the tools 
available to company citizens and allows them the 
autonomy to automate, ipso facto including them 
in GenAI initiatives. Indeed, as mentioned, prod-
ucts deemed promising from these employee pro-
jects are adopted firmwide, and those employees 
are compensated accordingly. 

5 .  S E N I O R  L E A D E R S H I P  M U S T 
B E  K N O W L E D G E A B L E  I N  A I  & 
A N A LY T I C S

We’ve heard many times that 90% of digital trans-
formation projects fail. One of the critical ante-
cedents to successful digital transformation is a 
realistic appreciation of what technology can and 
cannot do. To fully benefit from integrating GenAI 
into the analytics value chain, leadership must 
understand — at least to a basic extent — the 
capabilities and limitations of these LLMs. 

This understanding helps prevent digital trans-
formation strategies from becoming mere wishful 
thinking. For example, Morgan Stanley appointed 
the previous wealth management chief analytics 
and data officer as the companywide head of AI 
who reports directly to the co-presidents. This 
decision flattens the organizational hierarchy by 
positioning the head of AI at a senior level rather 
than under the CTO or CFO, signaling a long-term 
commitment to AI investment. Additionally, this 
positioning ensures that the firm’s AI initiatives are 
aligned with broader strategic goals. 
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1

C O N C L U S I O N 

The incorporation of GenAI in business analytics 
offers the potential for significant advancements 
in business value. Our article contends that pre-
vailing views of business value tend to emphasize 
financial outcomes. With the apprehensions sur-
rounding potential GenAI-induced displacement 
in white-collar professions (justified or not), it is 
crucial to thoughtfully integrate GenAI into data 
analytics processes to facilitate successful digital 
transformation. 
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GenAI provides a conversational interface to query 
data sets and generates easily interpretable out-
puts, letting those without technical expertise 
interact with data. This creates new possibilities 
for leveraging data and improving decision-making. 
These benefits make GenAI a true game changer, 
helping companies derive business value from 
existing and emerging data. 

However, these boons are not without banes. 
Debates over GenAI include issues common to 
most technology development debates, such as 
job displacement and ethics. But this debate also 
deals with issues distinctive to AI such as intellec-
tual property, algorithmic bias, and information 
reliability.

With analytics now an indispensable component 
of value generation, the issue of information 
reliability has become critical. So it’s no surprise 
that AI hallucination (when GenAI produces non-
sensical or inaccurate output) has recently taken 
center stage. The public learned that ChatGPT 
erroneously claimed a law professor had sexually 
harassed a student in a class,1 Google’s Gemini 
generated images deemed to be “woke” that were 
historically inaccurate,2 and Meta’s Galactica was 
shut down because of inaccuracies and bias.3 

Blind reliance on fabricated data from these 
hallucinations can have severe consequences. 
Blind reliance on any information source is never 
advisable, and ensuring data accuracy is funda-
mental in any analytical process. Ensuring data 
reliability is particularly challenging when GenAI 
presents fabricated information as factual, often 
with limited transparency about the source. AI 
hallucination is especially problematic for novice 
users who lack the technical expertise to verify 
such data.

Some argue that it’s time to focus on GenAI’s value 
potential, but concerns about its use continue 
and should not be overlooked, especially when 
developing adoption strategies. So we must ask: 
“To what extent is AI hallucination acceptable?” 
and “How much room for error are we willing to 
tolerate?” These are not easy questions, but they 
are essential to navigating the path forward with 
GenAI.

The degree to which such hallucinations are 
tolerated is contingent on context and the cir-
cumstances surrounding the usage. But how does 
context come into play? And what does it mean at 
various levels of analysis? Figure 1 illustrates the 
contextual lenses — national culture, organiza-
tional culture, and personality — in which we can 
evaluate tolerance to AI hallucination at different 
levels of analysis (i.e., societal, organizational, and 
individual).

Conversations about AI are unavoidable because the potential benefits of AI adop-
tion are unprecedented, particularly for organizations. Generative AI (GenAI) allows 
firms to increase employee productivity, streamline internal processes, and enhance 
customer-facing ones. It has the potential to create new avenues for value generation 
by fundamentally transforming the way firms generate data and interact with it. 
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A I  H A L L U C I N A T I O N 
T H R O U G H  T H E  L E N S  
O F  N A T I O N A L  C U LT U R E

At a societal level, context comes from national 
culture. When seeking to understand tolerance for 
hallucinations, it is unlikely that a global con-
sensus can be reached, making understanding 
national cultures instrumental in assessing 
societies’ tolerance levels.

One cultural aspect particularly useful in under-
standing the differences in tolerance to AI hallu-
cination is how comfortable individuals are with 
uncertainty and ambiguity. Individuals in societies 
that are comfortable with uncertainty in their daily 
lives may be more tolerant of hallucinations; those 
who are highly risk-averse may be less tolerant. 

Another aspect that affects tolerance to hallu-
cinations is how a society values short-term and 
long-term outlooks. Societies with long-term 
orientations are more likely to tolerate AI hallu-
cinations by acknowledging the potential future 
value of embracing GenAI. Conversely, societies 
with short-term orientations may be hesitant to 
adopt GenAI tools, given the immediate nega-
tive consequences we’ve seen from hallucinated 
outcomes.

The EU Artificial Intelligence Act aims to regulate 
AI contingent on the risk these systems represent. 
Importantly, it reflects the notion of disparate 
perspectives on AI use among societies by reg-
ulating its use for specific applications deemed 
unacceptable in the EU but acceptable in countries 
with diverging cultural stances (e.g., social-scoring 
systems like those used in non-Western societies).4

The AI Act reinforces the idea that the circum-
stances encompassing the use of AI interact with 
national culture to determine a society’s tolerance 
of error. It categorizes AI systems according to 
their risk to regulate their use, such as prohibiting 
systems that deceptively manipulate behavior, 
leading to significant harm. This suggests that 
although fabrications may be viewed differently 
due to contextual and cultural cues, the magnitude 
of the consequences of relying on AI-generated 
information drives what we consider tolerable.

A I  H A L L U C I N A T I O N 
T H R O U G H  T H E  L E N S  O F 
O R G A N I Z A T I O N A L  C U LT U R E

At the firm level, we can better understand tol-
erance to AI hallucination by looking at organiza-
tional culture. All firms are unique, but similarities 
or differences among them help define various 
cultures.5 Some organizations are more open to 
embracing change and adopting new technolo-
gies; this may come at the price of uncertainty and 
newfound error sources. Accepting that markets 
are dynamic and constantly changing stems from 
a culture of flexibility and adaptability, so these 
organizations may be more likely to adopt GenAI 
and be more tolerant of hallucinations.

Other organizations are not as open to change. 
This may come from certain aspects of a firm’s 
culture, such as a focus on processes. That focus 
helps with productivity, but it may come at the 
expense of adaptability. Organizations with this 
type of culture may not be as tolerant of hallu-
cinations (adherence to processes could hinder 
flexibility in navigating GenAI’s limitations).

AI
HALLUCINATION

National 
culture

Organizational 
culturePersonality

Figure 1. Context at different levels of analysis for AI hallucination
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As our reliance on data for decision support 
increases, so will the situations in which GenAI 
can be useful. However, not all situations have the 
same stakes in terms of errors, and companies with 
diverging cultural stances are likely to react very 
differently. 

Google’s Gemini “woke” responses clearly illustrate 
the importance of the stakes surrounding GenAI 
use.6 This could have been viewed as an error in 
processing and output, but many found the histor-
ical inaccuracies and biases intolerable. This led 
to a serious hit to Google’s reputation as a tech 
leader. 

A I  H A L L U C I N A T I O N 
T H R O U G H  T H E  L E N S  
O F  P E R S O N A L I T Y

Societal and organizational views can give us 
important insights into AI hallucination tolerance, 
but to understand this phenomenon, we must look 
at the end user.

Fortunately, personality can help us assess indi-
vidual beliefs about the acceptability of AI hallu-
cinations. Individuals who are neurotic may be less 
tolerant of AI hallucinations, for example, given 
their susceptibility to anxiety. Individuals who tend 
to be open to new experiences may be willing to 
tolerate certain levels of hallucination. 

We must consider the circumstances in which 
people engage with AI systems alongside person-
ality. Consider the example of the law professor 
wrongly accused by AI of sexual harassment. This 
could be viewed as an error in the system, but 
the stakes raise our level of intolerance. That is, 
an output error is unacceptable when someone’s 
career and reputation are on the line. 

As organizations operate within societal dynamics 
and individuals engage within organizations, these 
contextual factors interact at a higher level of 
abstraction. They should not be considered in 
isolation; rather, we must look at them holistically 
to understand how we react to hallucinations and 
how we should interact with GenAI systems.

S H O U L D  Y O U  C A R E  A B O U T 
G E N A I  H A L L U C I N A T I N G ?

Amid the ongoing debate about the potential 
benefits of GenAI versus possible areas for con-
cern, there are decisions to be made. GenAI is here 
to stay, and lingering on the debate stage without 
acting will set us back as the market moves 
forward. 

As discussed in this article, competing factors 
come into play to determine our tolerance to AI 
hallucination, so a “Here’s what you should do” 
statement addressing this phenomenon is not the 
answer. We believe that understanding the con-
text is crucial to making informed decisions about 
strategically adopting and implementing emerging 
technologies. This understanding can help us bal-
ance the potential value of the opportunity with 
our risk tolerance.

Here are several key takeaways:

 – Consider the national context around your 
firm’s operations. What regulations are in place 
to guide GenAI’s adoption and use? Do they align 
with your organization’s culture, or do they require 
a cultural shift? Are there practices in other 
countries that closely resemble your own that 
you could adopt?

 – Consider where your firm falls within each 
cultural dimension to determine how accepting 
your company is of new systems and its tolerance 
to AI errors. 

 – Get to know the individuals that make up your 
organization; many have probably informally 
adopted these technologies. Consider their expe-
riences and personalities when devising adoption 
strategies that align with their current practices.

 – Establish clear regulations that encourage 
transparency when AI-generated data is being 
leveraged for decision-making, but ensure their 
enforcement aligns with your organization’s 
culture and your employee’s personalities.

 – Foster education on GenAI use and its potential 
pitfalls to promote a culture of responsible use.
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We must not dismiss the issues surrounding AI 
hallucinations. The potential benefits of GenAI 
are virtually endless, but the repercussions from 
misuse or blind reliance on its output can be highly 
detrimental. The good news is that a balance is 
possible. Key to that balance are: (1) having con-
text at the fore of your adoption strategies, (2) 
accounting for tolerance levels, and (3) mitigating 
the risk of misuse while capitalizing on the many 
opportunities this technology offers.

R E F E R E N C E S

1 Verma, Pranshu, and Will Oremus. “ChatGPT 
Invented a Sexual Harassment Scandal and 
Named a Real Law Prof as the Accused.”  
The Washington Post, 5 April 2023. 

2 Zitser, Joshua. “Google Suspends Gemini from 
Making AI Images of People After a Backlash 
Complaining It Was ‘Woke.’” Business Insider,  
22 February 2024. 

3 Heaven, Will Douglas. “Why Meta’s Latest Large 
Language Model Survived Only Three Days 
Online.” MIT Technology Review, 18 November 
2022.

4 “EU AI Act: First Regulation on Artificial 
Intelligence.” European Parliament, 8 June 
2023. 

5 Gupta, Manjul, Amulya Gupta, and Karlene 
Cousins. “Toward the Understanding of the 
Constituents of Organizational Culture: The 
Embedded Topic Modeling Analysis of Publicly 
Available Employee-Generated Reviews of Two 
Major US-Based Retailers.” Production and 
Operations Management, Vol. 31, No. 10, August 
2022. 

6 Zitser (see 2).

3 6

A M P L I F Y

V O L .  3 7,  N O .  5

https://www.washingtonpost.com/technology/2023/04/05/chatgpt-lies/
https://www.washingtonpost.com/technology/2023/04/05/chatgpt-lies/
https://www.washingtonpost.com/technology/2023/04/05/chatgpt-lies/
https://www.businessinsider.com/google-gemini-ai-pause-image-generation-people-woke-complaints-2024-2
https://www.businessinsider.com/google-gemini-ai-pause-image-generation-people-woke-complaints-2024-2
https://www.businessinsider.com/google-gemini-ai-pause-image-generation-people-woke-complaints-2024-2
https://www.technologyreview.com/2022/11/18/1063487/meta-large-language-model-ai-only-survived-three-days-gpt-3-science/
https://www.technologyreview.com/2022/11/18/1063487/meta-large-language-model-ai-only-survived-three-days-gpt-3-science/
https://www.technologyreview.com/2022/11/18/1063487/meta-large-language-model-ai-only-survived-three-days-gpt-3-science/
https://www.europarl.europa.eu/topics/en/article/20230601STO93804/eu-ai-act-first-regulation-on-artificial-intelligence
https://www.europarl.europa.eu/topics/en/article/20230601STO93804/eu-ai-act-first-regulation-on-artificial-intelligence
https://onlinelibrary.wiley.com/doi/abs/10.1111/poms.13843
https://onlinelibrary.wiley.com/doi/abs/10.1111/poms.13843
https://onlinelibrary.wiley.com/doi/abs/10.1111/poms.13843
https://onlinelibrary.wiley.com/doi/abs/10.1111/poms.13843
https://onlinelibrary.wiley.com/doi/abs/10.1111/poms.13843
https://www.washingtonpost.com/technology/2023/04/05/chatgpt-lies/


1

Maria P. Diaz Campo is a PhD candidate in the Department 
of Information Systems and Business Analytics at the 
College of Business, Florida International University. Her 
research interests encompass a broad range of topics, 
including IT investment, human-computer interaction, 
and interface design tailored for digital novices. Ms. Diaz 
Campo’s doctoral dissertation explores the impact of 
exogenous shocks on firms’ commitment to IT investment 
plans. She has presented her work at Americas Conference 
on Information Systems, served as a reviewer for various 
IS conferences and journals, and is currently a regional 
coordinator for the Association for Information Systems 
Doctoral Student College. Ms. Diaz Campo can be reached 
at mpdiaz@fiu.edu.

Arman Ghafoori is a PhD candidate in the Department 
of Information Systems and Business Analytics at the 
College of Business, Florida International University. His 
research interests lie at the intersection of data-driven 
digital transformation and organizational culture, forth-
coming in International Journal of Production Economics. 
Mr. Ghafoori’s research also explores emergent technolo-
gies like AI, blockchain, and immersive technologies, with a 
goal of understanding and harnessing their transformative 
potential. Additionally, his research explores the behavioral 
dimensions of information search processes, aiming to 
uncover the cognitive and emotional factors that influence 
how individuals interact with and derive value from infor-
mation systems. He can be reached at aghaf008@fiu.edu.

Manjul Gupta is a Ryder MIS Eminent Scholar and Associate 
Professor of Information Systems at Florida International 
University. His research focuses on the role of national and 
organizational culture in a variety of technology-driven 
phenomena, such as the sharing economy, bitcoin adop-
tion, big data, and social networks. Dr. Gupta’s research has 
appeared in several leading journals, including Management 
Information Systems Quarterly, Production and Operations 
Management, Health Affairs, Information & Management, 
and Journal of Business Research. He consults organizations 
on how to assess national cultural nuances for launching 
products and services in international markets. Additionally, 
Dr. Gupta helps organizations evaluate their existing cul-
tures and implement changes to align with their vision. He 
earned a PhD in management information systems from 
Iowa State University. He can be reached at mgupta@fiu.
edu.

About the authors

A M P L I F Y

© 20 2 4  A R T H U R  D .  L I T T L E 3 7



For more content, 
visit www.cutter.com

Cutter is Arthur D. Little’s Open Consulting community,  
bringing expert academics and business leaders 
together to advance thinking in key areas of business 
and technology.

These insights are delivered though our Amplify family  
of publications, providing a platform where academic  
frameworks and practical experience can combine to 
generate new ideas and innovative solutions.

Arthur D. Little has been pushing the boundaries of 
innovation since 1886, linking people, technology and 
strategy to help our clients overcome today’s most 
pressing challenges, while seizing tomorrow’s most 
promising opportunities.

Our people are present in the most important business 
centers around the world, combining strong practical 
industry experience with excellent knowledge of 
key trends, technologies and market dynamics. We 
are proud to work alongside most of the Fortune 
1000 companies and other leading firms and public 
sector organizations, supporting them to accelerate 
performance, innovate through convergence and 
digital and make a positive impact on the world.

It’s what we believe makes The Difference.

Founding Editor: Ed Yourdon 
Publisher: Karen Fine Coburn 
Group Publisher: Christine Generali 
Publications Manager: Linda Dias 
Copyeditor: Tara K. Meads

© 2024 Arthur D. Little. All rights reserved. For further 
information, please visit www.adlittle.com.

Anticipate, Innovate, Transform

http://www.cutter.com
http://www.adlittle.com
https://www.cutter.com/journals/amplify

