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Abstract

The deployment of Artificial Intelligence (Al) in
businesses is said to provide significant benefits to
organizations. However, many businesses struggle to
align single Al use cases with the overall strategic
business value contribution. Thus, we investigate the
strategic characteristics that determine the business
value contribution of Al use cases at an organizational
level. We draw on academic literature and 106 Al use
cases to develop a conceptually sound and empirically
grounded taxonomy of the organizational business
value of Al use cases. With the developed taxonomy,
decision-makers are presented with a tool to
systematically align Al use cases with strategic
objectives. Moreover, our findings reveal how an Al use
case can generate different business value contributions
in different contexts, which provides researchers with a
conceptual frame for informing their empirical research
endeavors at the organizational level.

1. Introduction

The continuous improvements of Artificial
Intelligence (Al) offer a proficient way to transform and
innovate organizational processes [46]. The fact that
many companies have already understood the potential
benefits of Al can be clearly seen in the increase in
investments in Al technologies, which are expected to
increase from $12 billion in 2017 to $15 trillion by the
end of 2030 across all industries [10, 42]. Researchers
generally agree that Al can increase a companies' ability
to innovate and at the same time fosters their
productivity, which ultimately enhances their
competitive advantage [28]. However, with the rise of
Al, organizations also face a potentially fundamentally
changing competitive landscape, and a reshape of entire
industries [1]. This implies that novel business models
will arise [17], causing entire value chains to be
redesigned while putting businesses into new
competition with each other [15]. At the same time,
many companies face considerable difficulties when
implementing Al in their organizations. “More than
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60% of [companies] say that a strategy for Al is urgent
for their organizations, but only half of those say their
organizations have a strategy in place” [42, p.12]. This
issue is affirmed by other researchers as well [e.g., 1],
who state that there is often a lack of strategic
understanding of where Al can be used in the
organization and for what strategic purpose Al needs to
be aligned. This lack of strategic alignment leads to
synergy effects among existing or new Al use cases
being lost [1]. Here, the specific challenge is to identify
existing or design novel Al use cases that fit the
business’s needs of an organization and generate the
desired business value contribution. After all, an
inadequately planned application of an Al use case can
not only fail to generate value, but even lead to value
destruction, as illustrated by examples, such as
Amazon’s gender-biased Al resume screener [35].

To avoid these pitfalls and to support organizations
in realizing business value from Al, we follow the calls
for research on supporting organizational decision-
makers in assessing Al use cases in terms of their
anticipated strategic business value contribution [e.g., 3,
16]. Therefore, this paper pursues the goal to contribute
to the organizational ability of better assessing Al use
cases in regard to their business value contribution from
a strategical perspective. To achieve this goal, we pose
the following research question: What are the
conceptually sound and empirically  grounded
characteristics that determine the business value
contribution of Al use cases at the organizational level?

To answer this research question, we develop a
taxonomy of the organizational business value of Al use
cases according to the method proposed by Nickerson et
al. [34]. Accordingly, the remainder of this paper is
structured as follows: First, we provide a brief overview
of the conceptual foundations and related work before
we describe the taxonomy development approach and
present the final taxonomy as well as its evaluation and
application. Subsequently, we discuss our findings and
present some final concluding remarks. To practitioners,
the taxonomy provides a tool for assessing and
identifying the value of and the area for implementation
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of Al use cases in one’s own business. It supports an
informed decision-making process for an organization’s
digital transformation and thus helps to remain
competitive in the market by taking advantage of Al
From a research perspective, the taxonomy can be used
to analyze how the same AI use case can generate
different business values in different contexts.

2. Foundations of AI and business value

Each research discipline has a slightly different
understanding of AI  [3]. While, from a more
epistemological viewpoint, Al refers to the study of
knowledge acquisition and representation in a logic-
oriented propositional formalism and the manipulation
of this knowledge with logical operations [37],
computer scientists focus on the machine’s ability to
mimic human behavior and hence human intelligence by
logical deduction [26]. This goes along with solving
complex tasks, and the adaptability of AI to the
environment it is operating in. In this paper, we refer to
the latter notion of Al presented above.

Before investigating the topic of Al benefits further,
it is important to define the term business value first, as
there is still no consensus definition present [36]. Some
scholars refer to it as “value”, “benefit”, “outcome”, or
“worth” [44] , while others describe it as “economic
impact” [23], or “organizational performance” [29].
Schryen [43] illustrates further that for the assessment
of business value, scholars examine different
parameters, which can be divided into financial
measures (relationships between information systems
investment and productivity, return on sales) and non-
financial measures (organizational capabilities, strategic
position). For the purpose of this paper, we adopt the
definition by Schryen [44, p.141]: “IS business value is
the impact of investments in particular IS assets on the
multidimensional performance and capabilities of
economic entities at [an organizational level],
complemented by the ultimate meaning of performance
in the economic environment”. This notion of business
value has also been adopted by other researchers from
the realm of organizational Al research and shown to be
a useful research lens [e.g., 2, 9, 31, 32, 47]. Besides
presenting a definition of business value, Schryen [43]
propose a model of business value. It outlines four
factors impacting value creation through IS
investments: “context/environmental factors”, “IS
investments” themselves, “non-IS investments”, and
“lag effects” [44, p.144]. When presenting this model,
Schryen points out that “these subfields have not
explained sufficiently how, why and when IS
investments create business value,” thus recommending
further examination of the “grey box of [...] IS business
value creation” [44, p.144].

3. Related work

The topic of Al is considered to be one of the most
significant drivers of economic growth over the next
couple of years [46]. Through the large amounts of data
created by all kinds of sensors and objects, companies
are exposed to opportunities to fundamentally improve
their business practices across all departments along the
entire value chain [46]. Bughin et al. [7] elaborate on
this by giving detailed examples of how certain
departments may benefit, summarizing these by
categorizing them into projection (better predicting
trends and demands), optimizing (sourcing and
evaluating prototypes), production (improving products
and services), promotion (price discrimination and
targeting customers, and provision (increasing customer
satisfaction by offering fuller and more customized
services). Other studies examine the impacts of Al on
the economy [1], highlighting the new competitive
situation that businesses are exposed to, as well as the
challenges faced when trying to derive value from Al
[2]. Here, Alhosni et al. [2] identify the six challenges
as follows: (1) alignment of Al case to strategy, (2)
relative benefits to realize, (3) top management support,
(4) Al talent needed, (5) effective use of data, and (6) Al
compatibility. As this selection of studies demonstrates,
scholars have performed extensive research on the
impact Al can have on organizations, and the
prerequisites necessary for its implementation.
Nevertheless, this still leaves many companies
wondering how to strategically approach this subject to
find and assess whether and how an Al use case actually
enhances business value [e.g., 2, 3, 7]. Hence, many
studies stress the importance of a more detailed
investigation of Al use case deployment with great
focus on guidelines for strategically examining the
potential business value of Al, to allow organizations to
benefit from the advantages of Al [e.g., 3,7, 9, 19].

To counteract this, numerous researchers have
already published taxonomies to engage in analysis of
Al-related topics. Fadler and Legner [14] built a
taxonomy to explore the influence of Al on enterprise
data management. Dealing with the struggle of
unstructured knowledge management (UKM), Cheung
et al. [8] built a taxonomy to offer a solution to better
extract relevant information from the large databases
needed for Al Dellermann et al. [12] built a taxonomy
to analyze the different forms of collaboration between
human and machine, especially focusing on the
distribution of tasks and the technology used for this.
Wilson and Daugherty [48] examined “collaborative
intelligence” between human and machines, indicating
in a taxonomy, in which areas value can be created,
accompanied by illustrative examples. Hartmann et al.
[19] developed a taxonomy that indicates several
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dimensions to capture value from big data — focusing
predominantly on start-ups. Yampolskiy [49] tackles the
topic of disadvantages that arise with Al technology by
introducing a taxonomy to investigate the potential
danger of Al Similarly, Kukacka et al. [24] propose
solutions to prevent Al from having negative impacts on
society. Moreover, Amer and Maul [4, p.29] sought out
ways to scale Al technology, shifting the focus toward
analysis of “properties and relationships of different
variants” in regard to neural networks, thus finally
providing a taxonomy to “systematically implement
neural modularity”. Taking on a broader context, Hunke
et al. [20] adopted Nickerson et al.’s [34] taxonomy
development approach by analyzing the anatomy of
analytics-based services to develop a taxonomy that
indicates important dimensions for service design.
However, these studies do not offer a structure for
analyzing the fundamental strategic characteristics of
how Al technology (respectively Al use cases)
contributes to business value creation at the
organizational level. Thus, we develop a taxonomy
outlining the core levers of Al use cases that are relevant
for strategic decision-making on Al in organizations.

4. Method

We follow Nickerson et al.’s [34] taxonomy

development method to study Al business value in
organizations. Nickerson et al.’s [34] method constitutes
an iterative approach. It offers researchers the
opportunity to both conceptually, on a literature basis,
and empirically, based on instantiations observable in
the real world, construct taxonomies. Their method has
two preliminary instructions that need to be pursued
before actually starting the taxonomy development
process. First, the we need to define a meta-
characteristic, which is the driving lens of the taxonomy
and which all taxonomy dimensions and characteristics
logically follow. Secondly, we need to define ending
conditions for the taxonomy development process to
terminate. We adapted the objective and subjective
ending conditions from Nickerson et al. [34], also
displayed in Table 4.
We use the following notation [34]: T={D;,i=1, ...,
n|Di={Cyj=1, ..., ki ki >2}}. Taxonomy T consists
of a number of dimensions D;(i=1, ..., n), which in turn
are true for &; (k; ~2) mutually exclusive and collectively
exhaustive characteristics C;(j =1, ..., k).

There are two modules of the taxonomy building
process that can be applied iteratively. First, the
conceptual-to-empirical module focuses on
conceptualizing the dimensions of the taxonomy
without examining real-world instantiations. Second,
the empirical-to-conceptual module focuses on deriving
dimensions and characteristics based on real-world

instantiations. Thus, in the second module of the method
we need to identify a subset of existing real-world
instantiations to analyze them with regard to their
mutual characteristics. Then, we group the identified
characteristics into dimensions to develop a (revised)
version of the taxonomy. After each iteration, we assess
if the ending conditions according to Nickerson et al.
[34] are fulfilled. If this is not the case, we select one of
the method’s modules again to start a new iteration.
The taxonomy must be evaluated to assess its
usefulness and value for practitioners and researchers
[34]. Apart from meeting the ending conditions, which
is a precondition for finishing the process of taxonomy
development, the taxonomy’s usefulness can be
measured by letting other researchers use and evaluate
it [34]. We decided to engage in both qualitative and
quantitative evaluation. For the qualitative evaluation,
we conducted two semi-structured interviews [25] with
Al experts. These expert interviews were held at the
point when we regarded the taxonomy as needed to be
challenged by potential users for further maturity. For
the quantitative evaluation, we let four Al experts
collate 10 randomly selected Al use cases into the
taxonomy to determine an intercoder agreement. This
goes hand in hand with the approach of Nahm et al. [33].

5. Results

Here, we outline the development iterations
performed. Subsequently, we present the final
taxonomy of the organizational business value of Al use
cases, followed by the taxonomy’s evaluation. Finally,
we showcase the application of the taxonomy. Table 1
provides an overview of the iterations that we conducted
when developing the taxonomy and the respective
ending conditions.

Table 1. Summary of ending conditions

Ending Conditions/Iteration (i-v) i|ii[iii]|iv|v
1) All objects or a representative sample examined
2) No object merged or split in last iteration K
3) At least one object classified under every
characteristic of every dimension il el I
4) No new dimension or characteristic added in o R
last iteration
5) No dimensions or characteristics merged or split o .
in last iteration
6) Every dimension is uniqu and not repeated o o|eofe
7) Every characteristic is unique within its olele
dimension
8) Each cellis unique and not repeated EIKIK]
9) Conciseness ofe
10) Robustness . (1K)
11) Comprehensiveness oo
12) Extendibility OEIKIK
13) Explanatory Character K
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5.1. Taxonomy development

We define the meta characteristic of the taxonomy
as follows: “Relevant for strategically assessing the
business value contribution of Al use cases at the
organizational level”. In total, we conducted five
development iterations:

Iteration 1: We chose the conceptual-to-empirical
approach for the first iteration as this allows us to
intially make use of the extensive IS knowledge base.
This was devised by performing a Systematic Literature
Review (SLR) [47]. To guarantee that a representative
reach of (also recent) papers was covered, we drew on a
data-base-oriented search using AISeL (i), Emerald (ii),
ScienceDirect (iii), and EBSCO (iv). The search strings
and the number of papers retrieved from each database
are illustrated in Table 2.

Table 2. Literature search results

Search Strings/Data Base (i-iv) i | ii [iii [ iv |Relevant
("Artificial Intelligence" OR "AI'") AND ("Value"
OR "Benefit" OR "Profit") AND ("Organisation" |32 10 | 186|224 38
OR "Organization" OR "Corporate")

("Machine Learning" OR "ML") AND ("Value"
OR "Benefit" OR "Profit") AND ("Organisation" 13] 3 [131] 33 29
OR "Organization" OR "Corporate")

from various industries, and continuously expands its
list. BestPractice.AI cooperates with renowned
institutions such as the World Economic Forum. On
BestPractice.Al’s website, for each Al use case, in most
cases several customer success stories are listed, which
are labeled as case studies. Each customer success story
entry must provide information about the user
(company) of the AI technology, the company’s
business need, and the ultimate solution or realized
benefit. If one of these data points was missing, the
customer success story and thus the Al use case would
be excluded from analysis. Through this selection
process, we accumulated 106 Al use cases.

In Table 3, an overview of the samples documented
is provided. It outlines the percentage share in relation
to function, region, and company size.

Table 3. Structure of Al use case sample

("Deep Learning” OR "DL") AND (" Value" OR
"Benefit" OR "Profit") AND ("Organisation" OR 3111381 8
"Organization" OR "Corporate")

"Cognitive" AND ("Value" OR "Benefit" OR
"Profit") AND ("Organisation" OR "Organization" |70| 29| 37 | 91 15
OR "Corporate")

Sum (w/o duplicates) 77
Added through forward/ backward search 21
Total sum 98

In combination with forward/backward search, this
led to 98 relevant papers for informing our overall topic
of business value of Al. From these, 24 papers were
particularly relevant for taxonomy development as they
dealt with concrete factors and dimensions that
characterized the business value contribution of Al use
cases at the organizational level. Based on these papers
we identified seven initial dimensions in regard to
business value contribution of Al (see Figure 1). As only

T={ D, Al Casc Alignment to Overall Strategy D, = {empty}

D; Source of Value Creation Dy| = {empty}
D, Al Business Functionalities Dy| = {empty}
Dy Type of Data used Dy| = {empty}
D5 Benefit to Business Value Ds| = {empty}
Dg Augmented Human Interaction Dg| = {empty}
D, Benefitting Department Dy| = {empty} }

Figure 1. Taxonomy after first iteration

dimensions were formed, and no characteristics per
dimension were derived from the literature, only a few
ending conditions were met (see Table 1).

Iteration 2: For the second iteration, we followed
the empirical-to-conceptual module. We retrieved Al
use cases from a database called BestPractice Al
database (https://www.bestpractice.ai), which
documents Al use cases from all over the world and

Function [% | Company Size [% |
Corporate Program Management | 2.8 [Manufacturing | 7.5 | Small 9.4
Customer Service 7.5 [Marketing 7.5 |Medium 34.0}
Finance 6.6 |R&D 9.4 |Large 57
Human Resources 8.5 |Risk 57 Region [% |
Information Technology 7.5 Asia 11.3]
Legal & Compliance 7.5 Europe 26
Operations 7.5 North Americq 48.0)
Strategy 5.7 Oceania 0.9
Supply Chain 8.5 Global 14.2

To approach the search for theoretical saturation in
an iterative and sequential manner, we used the first 54
documented Al use cases for the second iteration. The
selected Al use cases were investigated in regard to their
structure and how they contributed to business value
creation. After that, common characteristics were
identified and wused for the development of
characteristics for the previously defined dimensions.
Additionally, based on the investigation of these Al use
cases, the dimensions D1 “Subject of Improvement” and
D3 “Market Oriented Investment” could be added, too.
This led to the version of the taxonomy displayed in

T=

D) Subjeet of Improvement

D, Al Use Case Alighment to Overall
Strategy

D; Market Oriented Investment

Dy| = {Core Portfolio, Non-core portfolio}
D, = { Long term value, Short term value}

D;) = {Mandatory Investment, Research [nvestment,
Competitive Edge Investment}

D,/ = { Automation, Innovation, Decision Support}

Dy = {Text, Image, Audio, Video}

Dyl = {Identification, Predietion/ Forecasting, Monitoring &
Controlling, Optimization, Automation, Modelling}

D = {Financial Performance, Product Quality/ Convenience/
Usability, Marketing Performance, Productivity,
Administrative Performance, Safety Improvement}

Dyl = {Al only, Al in the loop of Human Intelligence, Hybrid
System, Human Intelligence in the loap of AI}

Dy = {General M Business Develop
Operation/ Marketing, Purchase/ Sales, Finance, Human
Resource, Legal & Compliance, R&D/ Production} }

Figure 2. Taxonomy after second iteration

D, Source of Value Creation
D Type of Data used
Dy Al Business Functionalities

D, Benefit to Business Value

Dy Augmented Human Interaction

D, Benefitting Department

Figure 2. However, both the subjective and objective
ending conditions were not fully met (see Table 1).
Thus, to make the taxonomy useful, a third iteration was
required.

Iteration 3: In this iteration, 36 Al use cases were
analyzed. Based on the information gained by
examining these Al use cases, substantial changes to the
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taxonomy were implemented. For instance, we merged
dimensions D4 “Sources of Value Creation” and D6
“Al Business Functionalities”, as these characteristics
described the same phenomenon but from different
perspectives. As a result, the newly formed dimension
D4 was named “Sources of Business Value
Improvement”. Merging the dimensions led to three
new characteristics. There was also a merger within
dimension D3 “Market Oriented Investment”, as the
characteristic “Research Investment” was merged with
the characteristic “Competitive Edge Investment”,
followed by a split through which the characteristic
“Performance Excellence Investment” was created.
Furthermore, in dimension D7 “Benefit to Business
Value”, several characteristics were merged for reasons
of comprehensiveness. In addition, dimension D2,
formerly called “Al Use Case Alignment to Overall
Strategy”, was renamed “Time Oriented Strategic
Alignment”. This was intended to make it clearer that
this dimension focused on what time-oriented vision the
Al use case contributed to. Moreover, dimension D3

T={ D, Subject of Improvement
D; Time Oriented Strategic Alignment
D; Strategic Objective

Dy| = {Core Portfolio, Non-core portfolio}

D;| = {Long term value, Short term value}

D;| = {Mandatory Investment, Competitive Edge
Investment, Performance Excellence
Investment}

D, Source of Business Value Improvement Dy| = {Automational Effect, Transformational Effect,

Informational Effect}

D; Autonomous/ Augmented Capabilitics  Ds| = {Al only, Al in the loop of Human Intelligence,
Hybrid System, Human Intelligence in the
loop of Al}

Dg| = {Text, Image, Audio, Video}

D4| = {Cost Performance, Quality Performance,
Revenue Performance, Risk Performance}

Dyg| = {Strategic nature, Operational nature,
Administrative nature} }

Figure 3. Taxonomy after third iteration

Dg Type of Data used
D, Benefit to Business Value

Dg Benefitting Function

was renamed “Strategic Objective”. This new
description was intended to more strongly emphasize
the dimension’s focus on the goal that is targeted when
applying the AI use case. Finally, dimension D8
“Benefiting Department” was renamed to “Benefiting
Function” to shift the focus single departments to a
higher, less granular perspective, indicating the context,
in which the Al use case creates value. Accordingly, the
characteristics in this dimension were changed.
Iteration 4: As not all objective and subjective
ending conditions were met (see Table 1), we addressed
the empirical module again. However, instead of
drawing on the database, we conducted two Al expert
interviews. We selected two interview partners who are
experts in the field of Al one from the tech industry (six

years of Al experience) and one from consulting (five

T={ D, Subject of Improvement
D; Time Oriented Strategic Alignment
D, Level of Al Use Case Maturity

D,| = {Primary Activities, Supporting Activities}

Dy| = {Long-Term, Mid-Term, Short-Term}

D;| = {Research, Pilot, Commercial Use,
Archived}

D, Source of Business Value Improvement D,| = {Automation Effcet, Transformation Effcct,
Information Effect}

Ds| = {AT in the Loop of Human Intelligence,
Human Intelligence in the Loop of AL
Hybrid System, Al Standalone}

Dg| = {Cost Performance, Quality Performance,
Revenue Performance, Risk & Compliance
Performance} }

Figure 4. Taxonomy after fourth iteration

Ds Al Technology Operator

D Benefit to Business Value

years of Al experience). The interviews were conducted
anonymously in succession. Based on the experts’
feedback, valuable improvements could be undertaken.
However, some objective ending conditions were no
longer fulfilled. Condition 1 was the main driver calling
for a fifth iteration, as not all Al use cases of the
previously established data set had been examined yet.

Iteration S: For the fifth iteration, the empirical
approach was used again. Here, we examined the final
16 Al use cases of the accumulated data set. The
intention behind this was to apply a final check to the
modified taxonomy after integrating the experts’
feedback. As no changes to the construction of the
taxonomy were made, all ending conditions were met
(see Table 1). Hence, the development process was
concluded.

5.2. Taxonomy of organizational business value
of Al use cases

The final taxonomy entails six dimensions with
respective characteristics, which will be explained here.
Table 4 displays the taxonomy’s body.

For some dimensions, we allow the characteristics
to be non-exclusive because as one use case can
contribute to more than one characteristic when creating
business value at the organizational level. This is in line
with other scholars [e.g., 21]. Thus, we include the
abbreviations “N” (non-exclusive) and “E” (exclusive)
in each dimension in Table 4.

The dimension “Subject of Improvement” outlines
which business area is targeted for improvement by the
Al use case. This classification is essential to determine
whether the Al use case is capable of deriving additional
business value in the area where the business challenge
is located [6]. Possible areas are summarized in the two
characteristics “Primary Activities” and “Supporting

Table 4. Taxonomy of organizational business
value of Al use cases

Dimension Characteristics E/N
Subject of L . . s
Improvement Primary Activities | Supporting Activities E
Time Oriented R -
Strategic Alignment Long-Term | Mid-Term Short-Term E
Level of Al l-jse Case Research Pilot Commercial Use Archived E
Maturit

Source of Business

Automation Effect | Transformation Effect Information Effect E
Value Improvement
Al in the Loop Human
Al (.gei?::’ol?gy of Human Intelligence in | Hybrid System Al Standalone E
P Intelligence | the Loop of Al
Benefit to Business Cost Quality Revenue R'Sk,&
Compliance N
Value Performance Performance Performance
Performance

Activities”, for which the we refer to Porter’s value
chain [38], as well as Wamba-Taguimdje et al.’s
research model [46]. The characteristic “Primary
Activities” includes all activities that are associated
directly or indirectly with enhancing the organization’s
value proposition [39]: Direct activities are activities
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that are actively included in deriving additional business
value in utilizing Al to either add or improve features of
existing products and services or to design completely
new products and services. Meanwhile, indirect
activities are associated with supporting these direct
activities. Finally, there are activities guaranteeing the
quality of the primary activities, which include, among
others, “monitoring, inspecting, testing, reviewing,
checking, adjusting and reworking” [40, p.56]. The
characteristic “Supporting Activities” on the other hand
describes all activities within the business that are
carried out around the primary activities to support them
and keep the business running [39]. These activities
occupy the fields of firm infrastructure, human resource
management, technology development, and
procurement [39]. Again, they include direct activities
(activities that are labeled as supporting activities),
indirect activities (assisting supporting activities) and
quality-ensuring activities (maintaining the quality of
supporting activities [39]. Based on the Al use cases
investigated over the course of this paper, we concluded
that an Al use case will have most impact on business
value contribution if only one of the two characteristics
is the focus of the Al use case, thus making this
dimension exclusive (“E”).

“Time Oriented Strategic Alignment” describes the
time horizon-oriented goal to which the Al use case is
supposed to contribute. As stressed by Coombs et al. [9]
and Mikalef and Gupta [32], clearly indicating whether
the Al use case focuses on broad organizational
priorities or isolated business problems is highly
relevant for the expected business value contribution(s).
We differentiate here between “Long-Term”, “Mid-
Term”, and “Short-Term” time spans. As stressed by
Mikalef and Gupta [32], the “Short-Term” timespans
are mostly found with Al use cases in the context of
isolated business problems. Here, the Al use case is
expected to derive “instant” improvements in regard to
the current issue. On the other hand, Al use cases that
fall under the “Mid-Term ” characteristic have a broader
perspective. They focus on more than just urgent
isolated challenges, but do not have the means to
contribute to the long-term future orientation of the
organization. In contrast, “Long-Term” Al use cases are
aligned to the organization’s long-term strategy. These
Al use cases help achieve the organization’s vision.

The dimension “Level of AI Use Case Maturity”
focuses on the use case’s level of development, thus
indicating how technically developed and applicable the
Al use case is in the real world. The dimension and
associated characteristics were formed based on insights
from Mankins [27], who investigated the phenomenon
of technology readiness levels. This dimension provides
practitioners with valuable information about the
feasibility of the Al use cases. The characteristics of this

dimension are the following: “Research”, “Pilot”,
“Commercial Use”, and “Archived”. The “Research”
stage includes the phases of researching and planning
the Al technology behind the Al use case. Atthe “Pilot”
stage, the concept of the Al use case is tested in a
feasibility study to see if the anticipated business value
contribution is likely to be realized. At the “Commercial
Use” stage, the Al use case is already deployed in
practice to create business value. The last characteristic
is “Archived”, which indicates that the Al use case is
not being commercially used at the moment. This can be
due to numerous reasons, such as low user acceptance,
liability issues that cause the anticipated advantages of
the Al use case to be outweighed by the disadvantages,
no suitable real-world problem application found or an
insufficiently developed Al technology.

The “Source of Business Value Improvement”
dimension addresses the kind, in which the Al use case
will generate business value in order to contribute to the
time horizon—oriented goal. Here, the characteristics are
the “Automation Effect”, the “Transformation Effect”,
and the “Information Effect”, according to Wamba-
Taguimdje et al. [47, p.1902]. The “Automation Effect”
will automate processes within the organization with a
great emphasis on repetitive manual tasks. This will
allow the business to leverage rationalization potential.
The “Transformation Effect” is used to foster
innovation by supporting design and creativity (Mikalef
et al., 2019). This refers to products and services
becoming smart, thus making the benefit of the product
the basis of the value proposition for the customer. The
“Information Effect” uses data for improved decision-
making for both internal aspects within the organization
and for the external environment. With the help of
decision support, internal aspects within the company
can be improved [45], predominantly focusing on
(operational) processes. The data used for this is mainly
generated by the organization itself. In regard to external
decision-making, the customer or user is in focus. Here,
the information effect derives insights about the
customer or end user by using data generated by the
external environment (mainly by customers or end users
themselves), with the goal of providing individual user-
adapted offerings. This allows for an offering that is
oriented around the customers or users, thus
strengthening their satisfaction.

The “Al Technology Operator” dimension
indicates the operator of the applied Al use case, which
can either be the AI technology, a human, or both
entities. Even though, this dimension is quite technical,
it makes a significant contribution to the strategic
analysis of an Al use case. The identification of the
operator behind the AI use case allows for further
assessment of the corresponding implications, such as
the degree of influence on the business value
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contribution the company has itself (i.e., the more tasks
of the Al use case are assigned to the Al, the lower is the
human influence), or how much increase in workload
will come along with it (the more tasks of the Al use
case are assigned to human workers, the higher will be
the workload). As scholars state, Al is used to augment
human capabilities [5], while “humans can still offer a
more holistic, intuitive approach” [23, p.577], focusing
on more creative assignments [21]. We refer to
Davenport and Ronanki [11], Ransbotham et al. [40], as
well as Dellermann et al. [13] for the different forms of
Al collaboration with human intelligence. The first
characteristic is “Al in the Loop of Human
Intelligence”, which describes Al performing easy-to-
automate tasks or providing decision support to humans
[13, p.639]. Second, there is “Human Intelligence in the
Loop of AI”’, which labels the process of Al working
under strong human supervision [13, p.639]. The Al is
not yet advanced enough to solve problems alone, as
humans need to assist in terms of the “generation of
algorithms, [...] training or debugging models [or]
making sense of unsupervised approaches such as data
clustering” [13, p.639]. In addition to these two
characteristics, there is also the “Hybrid System”. The
Hybrid System is based on the concept of hybrid
intelligence, where the Al and the human are considered
to be equal partners [13, p.639], as complicated tasks are
approached using the strength of both parties. Schwartz
et al. [44], who describe those constructs with the term
hybrid teams and investigate different structures of
these, claim that due to the heterogeneity of the team
members, the expected results are greater than those of
either party solving the problem individually. Jain et al.
[22, p.250] refer to such projects as “human
computational problem[s],” as these are often problems
that “cannot be solved by either computer or humans
alone”. The final characteristic in this dimension is “A/
Standalone”. This characteristic describes an Al
working autonomously, so that no human interaction is
required. For reasons of completeness, it is necessary to
state that a fifth characteristic, “Human Standalone”,
could also be added. Here, only human workforce is
deployed. However, as this would be far off-topic from
the Al subject of this paper and does not contribute to
an understanding of business value contribution of Al
technology, we decided to exclude this characteristic.
The “Benefit to Business Value” dimension
describes the direct benefit(s) that can be realized by
applying the Al use case, and thus the specific business
value that is being targeted. This possibly encompasses
the goal of improving internal or external processes,
following new regulations, increasing quality, or
improving productivity, which all lead directly or
indirectly to an enhanced competitive advantage [2].
While analyzing the collected data set, we found that

from a broader perspective, in most cases most of the
characteristics will apply, if examined from a long-term
perspective. Hence, when identifying the potential
benefit(s), it is important to examine only the direct and
not the indirect benefit(s), as otherwise the quality of

this dimension is diluted. The dimension’s
characteristics are thus the following: “Cost
Performance”, “Quality Performance”, “Revenue
Performance”, and  “Risk and  Compliance

Performance”. “Cost Performance” summarizes two
categories: on the one hand, actual measures to reduce
costs, and on the other hand, actions that improve
operational performance, in turn making the
organization more  efficient  [48]. “Quality
Performance” includes aspects that enhance the quality
of products and services. “Revenue Performance”
focuses on the customer by improving the way
customers are for instance segmented or targeted, or the
way prices are set [17]. Hence, it aims to increase the
revenue. Finally, “Risk and Compliance Performance”
encompasses actions taken to reduce the liability of an
organization. This also includes in a broader
interpretation the reduction of unethical behavior.
Furthermore, it also focuses on prohibiting illegal action
and the compliance to new laws and regulations.

5.3. Evaluation

To evaluate the usefulness of the taxonomy we
calculated the intercoder agreement in accordance with
Nahm et al. [33] by letting four participants collate 10
randomly chosen Al use cases from the data set into the
taxonomy. The participants had not seen the taxonomy
before. However, all had a professional business
background, ensuring that they would understand the
terms used in the taxonomy. The inter-coder agreement
was calculated to test the taxonomy’s “reliability and
construct validity” [34, p.1]. In Table 5 the dimension-
specific hit ratios are listed.

Table 5. Evaluation results

Dimension Hit Ratio (%)
D, Subject of Improvement 85
D, Time Oriented Strategic Alignment of AT Use Case 77
D; Level of Al Use Case Maturity 100
D, Sources of Business Value Improvement 83
D; Al Technology Operator 85
D Benefit to Business Value 81

Overall, it can be claim that though there are slight
outliers, the dimension-specific hit ratios overall can be
regarded to be at a high level (85% on average),
indicating good agreement between the participants.

5.4. Application

In addition to the intercoder agreement, we
showcase the application of the taxonomy in one
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exemplary use case, which was retrieved from the data
set used for taxonomy development. This shall show its
usefulness for strategic assessment of Al use cases.

The focal Al use case revolves around accelerating
Table 6: Classification of “Danske Bank” case

Dimension Characteristics E/N
Subject of . A . i .
Improvement Primary Activities | Supporting Activities E
Time Oriented ,
Strategic Ali Long-Term | Mid-Term Short-Term E
Level of Al psc Case Research | Pilot Commercial Use Archived E
Maturit
Source of Business Automation Effect | Transformation Effect Information Effect E
Value Improvement
Al in the Loop Human
Al gei}::z:’gy of Human Intelligence in | Hybrid System Al Standalone E
P Intelligence the Loop of Al
Benefit to Business Cost Quality Revenue RISk.&
N 3 Compliance N
Value Performance Performance Performance
Performance

identity verification for new and existing customers at
Danske Bank [16]: In this case, Danske Bank aimed to
increase customer satisfaction by introducing an Al
system provided by the company Behaviosec to its
online services. The Al was designed to track fraudsters
who hacked into Danske Bank customers’ online
accounts. Instead of only identifying the customer in the
beginning of the online banking process, the Al system
tracks the customers the whole time they are logged in.
By doing so, it can compare the current customer
behavior to the behavior the algorithm would expect.
Explanation of classification (see Table 6):
Danske Bank provides payment, credit, and capital
transaction services in exchange for payment as its core
portfolio. Thus, online banking is part of Danske Bank’s
portfolio, which implies that ensuring non-fraudulent
activity in online banking indirectly supports its primary
activities. Thus, for D1 “Subject of Improvement”, the
characteristic “Primary Activity” is selected. In regard
to D2 “Time Oriented Strategic Alignment”, “Mid-
Term” applies to this Al use case, because with this Al
technology, the bank does not solve a single business
problem, but applies a possible solution to the issue of
online fraud, which is and will remain highly relevant.
However, as in the long run it is highly likely that the
way (online) banking is performed will differ from the
way it is conducted today, these security measures will
not be sufficient enough to prevent fraudulent behavior
in the long-run. The Al use case is currently still being
tested. Hence, for D3 “Level of AI Use Case Maturity”
the “Pilot” stage is selected. For D4 “Source of
Business Value Improvement”, the “Information
Effect” applies, as data generated by the user is analyzed
in order to determine whether the user is legitimate or
fraudulent. Moreover, to determine the characteristic of
D5 “Al Technology Operator”, the Al technology must
be more closely investigated. Behaviosec explains that
the algorithm works alone when tracking and analyzing
the user’s behavior and alerts if fraud is detected.
However, the next steps — going after the fraudster and
stopping all financial actions and requests made in this

context — are the responsibility of the relevant bank
representative. In other words, the Al gives a statement
for each user upon which the bank representative must
act. Therefore, the characteristic “Al in the Loop of
Human Intelligence” is assigned. Coming to the
benefits, which the Al use case should provide at the
organizational level, two characteristics in D6 “Benefit
to Business Value” can be identified: First, as the Al
technology is able to reduce fraud, “Risk and
Compliance Performance” applies; the risk of
customers becoming victims of criminal activity is
reduced. Second, this increases customer satisfaction.
Thus, customers will engage more in online banking
activities, which can lead to an increase in Danske Bank
revenue. Hence, “Revenue Performance” also applies.

6. Discussion

The developed taxonomy shall contribute to closing
the research gap of strategically assessing Al use cases
in terms of their potential business value contribution at
the organizational level. As presented in the related
work section of this paper, extant studies do not offer a
structure for analyzing the fundamental strategic
characteristics of how Al technology (respectively Al
use cases) contributes to business value creation at the
organizational level. Thus, we conceptually and
empirically identified the core levers of Al use cases that
are relevant for strategic decision-making on Al in
organizations. The structure of the taxonomy shall make
the complexity of strategic analysis of Al use cases more
manageable without excluding relevant information.
The main beneficiaries are Al decision-makers. In fact,
the taxonomy provides them with a tool to classify,
examine, and compare different Al use cases prior to
implementation in their business. Thus, the taxonomy
supports the process of informed organizational
decision-making, helping organizations to take
advantage of AI’s benefits. In addition, especially for
practitioners who are not yet very familiar with the
concept of Al, the taxonomy’s structure allows for the
prioritization of an area within the business, in which an
Al use case should create business value. By analyzing
Al use cases from a strategic perspective with respect to
business value contribution at the organizational level,
researchers can further deepen their understanding of
the factors affecting the organizational business value of
Al use cases. Furthermore, the taxonomy provides
researchers with a conceptual frame for informing their
empirical research endeavors at the organizational level.
With the insights gained through the taxonomy how one
Al use case can create different forms of business value
in different organizational contexts, a more in-depth
theorization of Al in organizations shall be enabled.
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7. Limitations

Of course, this research does not come without
limitations. First, the generalizability of the results
found is limited, as it only proves the taxonomy’s
coherency in categorizing known Al use cases and we
used only one case of Danske Bank to showcase the
applicability of the taxonomy. Second, the taxonomy’s
level of analysis is from a highly strategic perspective.
Therefore, the taxonomy does not take into
consideration aspects such as the necessary resources —
including human AI experts, necessary infrastructure,
and data sets — nor does it highlight the time it takes to
implement the Al use case. Thirdly, as one Al use case
can generate various forms of business value in different
settings, it might be possible that there are further
factors supporting this than the taxonomy was able to
identify, which however is in line with the extendibility
criterion of taxonomies. Fourth, the data set used for
taxonomy developments is not comprehensive as only
Al use cases from BestPractice.Al were collected.

8. Concluding remarks

We extracted the key characteristics necessary for a
strategic assessment of an Al use case in terms of its
potential business value contribution, and consolidated
these in a taxonomy. Our taxonomy provides managers
with a guiding tool for informed decision-making when
deploying Al in businesses and shall help them to reap
the benefits of Al in a structured manner. The taxonomy
provides researchers with a better understanding of the
impact of Al on businesses in terms of one Al use case’s
capability of creating various forms of business value in
different organizational contexts. This shall pave the
way for IS research to enhance theorizing on Al
business value in organizations. Launching from this
paper, we see future research avenues. For instance, the
taxonomy can be adapted and extended to focus on a
deeper level of abstraction. In fact, it could take into
consideration aspects covering specific resources
needed for deployment and running Al use cases, as
well as other time-strategic questions such as time
required for implementation. Another potential area for
future research would be to classify additional Al use
cases from sources other than the one we drew from
(BestPractice.Al), and combine them with the already
collected Al use cases to reaffirm, extend or adapt the
taxonomy, and to also engage in cluster analysis. With
help of the cluster analysis, archetypes could be
identified that would provide insights into the most
common structures of business value contributions from
Al use cases at the organizational level.
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