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Abstract. Advances in Artificial Intelligence (Al) technologies are creating new
opportunities for organizations to improve their performance; however, as with
other technologies, many of them have difficulties leveraging Al technologies
and realizing performance gains. Research on the business value of information
technology (IT) suggests that the adoption of Al should improve organizational
performance, though indirectly, through improved business processes and other
mediators, but research so far has not extensively empirically investigated the
way Al creates business value. The paper proposes a capability-based view of Al
adoption based on the conception that, with the adoption of Al, an organization
develops Al-enabled capabilities — abilities to mobilize Al resources to effec-
tively exploit, create, extend, or modify its resource base. This leads to higher
organizational performance through cognitive process automation, innovation,
and organizational learning. The first step in this research is to clarify the Al
adoption construct. The goal of the paper is thus to provide a conceptual defini-
tion, and deeper insights into the components of the Al adoption construct at the
organizational level.

Keywords: Artificial Intelligence, Adoption, Conceptualization, Business Pro-
cess Management, Business Value

1 Introduction

Artificial Intelligence is driving intelligent automation, augmentation, and innovation
as well as transforming every aspect of society at individual, organizational, and soci-
etal levels [1]. Although it has no single accepted definition, we understand Al as a
simulation of human cognitive functions using intelligent agents. Intelligent agents are
capable of receiving percepts from the environment and performing actions [2]. Al is
likely to be a general-purpose technology [3], characterized by pervasiveness, inherent
potential for technical improvements, and innovational complementarities [4].
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Although Al has been around since the 1960s, it has reemerged on the stage as a key
technology that will likely play a central role in realizing performance and competitive
value for organizations [5]. Vast amounts of data (Big Data), cloud computing, data
management, programming frameworks, and Al services provide a readily available
platform for adopting Al technology.

However, organizations have difficulties with leveraging Al technologies and real-
izing performance gains [6]. There is much research on the business value of IT, but Al
is a distinct kind of technology because it can perform cognitive tasks usually per-
formed by humans. This ability opens up a lot of possibilities and opportunities for
innovation [5]. The key characteristics of the value proposition of Al are speed, scale,
granularity, learning (accuracy), and Al-assisted decision-making [7, 8]. Furthermore,
Al is highly dependent on data and domain knowledge, making it challenging to inte-
grate and align with existing business processes [9]. The literature on this topic is
scarce. There is a lack of empirical research on how Al adoption impacts the perfor-
mance of business processes and organizations.

To address the gap, we draw from the concept of IT capability [10]. Researchers
have shown that an organization’s ability to effectively leverage its IT investments by
developing a strong IT capability can lead to improved organizational and process per-
formance. The concept has been adapted for technologies such as Business Analytics,
Business Intelligence, and Big Data Analytics [11-13]. We posit that Al-specific ability
to create intelligent agents capable of self-learning and decision-making can enable sig-
nificant performance gains [14].

The motivation behind this study was to define a concept that would capture all com-
ponents of Al adoption at an organizational level in the context of Business Process
Management (BPM). The concept is an important and foundational element that will
support and enhance efforts to measure the impact and value of Al technology. The
conceptualization procedure included literature identification and nine in-depth semi-
structured interviews to confirm and refine the definition. Interviews included manag-
ers, academics, and experts from financial services, insurance, government organiza-
tion, Al technology providers, and the energy sector. The concept would then be oper-
ationalized as a measurement scale to conduct empirical research. In the paper, we de-
scribe Al adoption as the successful deployment and use of Al resources (data, Al in-
frastructure, skills, competencies, etc.) in business processes. The level (success) of
adoption is measured by the development of Al-enabled capabilities (components of
Al adoption), which represent the ability to mobilize Al resources for specific business
needs through the successful implementation of Al applications, tools, or technology.

The remainder of the paper is structured as follows. In the next section, we present
the adoption of Al in the BPM context. In section 3, we describe the conceptualization
procedure and the detailed results of the capability-based view of Al adoption and its
dimensions. Finally, we summarize our study and discuss future work.

2 Adoption of AI and BPM Context

Our exploratory research (Table 1) shows that organizations can achieve significant
performance gains when aligning Al adoption with business processes. Findings from



empirical studies generally suggest that organizational processes mediate IT’s impact
on organizational performance [13, 15-17]. Thus, we adapted the integrative model of
IT Business Value [18] to analyze the impact of Al adoption at the process and organ-
izational level. We study the adoption of Al in the setting of BPM, focusing on opera-
tional and dynamic capabilities developed to manage and improve business processes.
Based on a literature review [5, 6, 8, 14, 19-21] and in-depth exploratory interviews
on the topic of Al and BPM, we identified three key ways Al can generate business
value: 1) Cognitive Business Process Automation, 2) Business Process Innovation, 3)
Organizational learning and by extension improved Decision-Making Performance.
These capabilities comprise the BPM context and process level, through which Al
adoption impacts organizational performance.

Cognitive automation is recognized as one of the key ways Al adoption can produce
business value [5, 22]. The aim of cognitive automation has often been to speed up
information flow and to provide decision support [23]. However, automation systems
lack many of the human cognitive skills now made possible by Al technologies.

Cockburn, Henderson, and Stern present Al as an enabler of innovation, with the
ability to spawn complementary innovations [3]. Al adoption affects business process
innovation mainly by modifying underlying process models through self-learning [24]
and by organizational learning’s ability to spark innovation [22]. Numerous cases show
the impact of Al on innovation — for example, in reducing unconscious bias during the
hiring process (Harver!), modeling a person’s immune process system for drug devel-
opment (CyroReason?), performing a visual search in e-commerce, personalizing cloth-
ing and accessories (Stitch Fix?), or optimizing agricultural performance (Agtech®).

Various authors present evidence of Al’s ability to enable double-loop learning and
promote organizational learning through human-computer collaboration [6, 25-27].
Aydiner et al. [19] report that technological infrastructure and related systems affect
decision-making performance. We conclude that as Al includes cognitive decision-sup-
port capabilities, adoption of it will directly or indirectly (through organizational learn-
ing) affect decision-making performance, reducing the time and effort required to make
a decision. Faster decision-making has a significant positive impact on business process
performance [19].

This view incorporates both Al-enabled strategies of automation and augmentation.
The following figure (Fig. 1) presents the contextualization of the IT Business Value
Generation Process model [18], outlining the impact of Al adoption on business pro-
cesses. This view identifies the areas where Al can be applied and supports the concep-
tualization of Al adoption.
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Fig. 1. Al adoption and Business Value Framework

3 Conceptualization of Capability-Based View of AI Adoption

The conceptualization followed the recommended literature guidelines for the develop-
ment of conceptual definitions [28, 29]. The definition of “adoption of artificial intelli-
gence” was developed in three stages:

1. collecting possible attributes of the “adoption of artificial intelligence” construct by
examining and assembling a set of definitions from the literature and in-depth semi-
structured interviews,

2. compiling the key potential attributes and generating a preliminary definition of
“adoption of artificial intelligence,” and

3. refining the definition of “adoption of artificial intelligence.”

3.1 Literature Identification

To identify any existing definitions, we conducted a review of information systems
literature (SCOPUS and Web of Science). The literature review included papers on Al
adoption constructs and models at the organizational level. We identified two empirical
studies using diffusion of innovations (DOI) theory and the technology-organization-
environment (TOE) framework [30, 31]. Al adoption constructs and measurement
scales we found measured the adoption related to antecedents and determinants of read-
iness for adoption, the process of adoption, and adoption intention. Since we found no
constructs assessing Al adoption level as an exogenous, component-based (unlike an-
tecedents or determinants) variable related to the level of deployment, actual use, or
utilization of specific applications and technologies, we deemed it necessary to develop
a new construct.

To conduct a component-based conceptualization, we separately examined the con-
cepts of “adoption” and “Artificial Intelligence.” We followed the recommendations of
Podsakoff et al. [28] and implemented several techniques to collect potential attributes



and generate an illustrative set of definitions for the focal construct. The procedure in-
cluded examining the definitions from dictionaries and antonyms of both concepts, a
literature review, and in-depth semi-structured interviews with subject matters experts
and practitioners.

We examined definitions of “adoption” in dictionaries and top MIS journals to ex-
tract common attributes centered on actual use after the adoption of the technology. The
common attributes were implementation, integration, deployment, use, and exploita-
tion. We discarded attributes centered on the adoption process: investment decision,
acceptance, selection, planning, and configuration.

We examined definitions of “Artificial intelligence” in dictionaries and information
systems literature. Al has no single accepted definition, and definitions are very gen-
eral, focusing mostly on two key attributes: learning and perception. Some definitions
emphasize computer capacity to mimic human intelligence; others are more precise,
defining Al as the technologies enabling the simulation of human cognitive functions.
The term intelligent agent is often presented as the central unifying theme [2]. The Al
Group of Experts at the OECD [32] defined an intelligent agent or Al system as a ma-
chine-based system that can, for a given set of human-defined objectives, make predic-
tions, recommendations, or decisions influencing real or virtual environments. It does
so by using machine and/or human-based inputs to 1) perceive real and/or virtual en-
vironments, 2) abstract such perceptions into models through analysis in an automated
manner (e.g., with ML, or manually), and 3) use model inference to formulate options
for information or action. Al systems are designed to operate with varying levels of
autonomy. To identify more specific characteristics and uncover conceptual themes of
Al adoption, we further investigated Al types, Al features, Al technologies, and Al
application domains.

We expect Al to have promising capabilities that enable or facilitate the transfor-
mation or redesign of business processes [1]. Thus we analyzed and extracted attributes
from definitions of specific Al technologies, including Biometrics, Collaborative Sys-
tems, Computer Vision, Deep Learning, Expert Systems, Generative Adversarial Net-
works, Image Analysis, Image Recognition, Knowledge Engineering, Knowledge Rep-
resentation, Automated reasoning, Planning, Optimization, Verification, Logic Net-
works, Machine Learning, Natural Language Generation, Natural Language Pro-
cessing, Natural Language Understanding, Neural Networks, Ontology Creation, Pat-
tern Recognition, Robotic Process Automation (RPA), Robotics & Smart Robotics,
Speech Recognition, Text Analysis, Video Analysis, and Virtual Agents.

To organize the extracted attributes in conceptual themes, we used the lens of busi-
ness capabilities or application domains rather than technological capabilities [5]: Ro-
botics and cognitive automation, Enhanced process automation, Cognitive insights,
Cognitive engagement, Cognitive interaction, and Cognitive Decision Support.

3.2 Exploratory Research

According to established guidelines [28, 29], the findings from the literature review
were supplemented with interviews to extract additional definitions and attributes from
experts. Organizations and experts were selected because of their work with Al or on



Al-related projects. During all of the nine in-depth semi-structured interviews, we dis-
cussed the broader scope of Al adoption and the interviewees’ experiences with Al
implementation, deployment, and use. We aligned their views on the technology with
the extracted conceptual themes (presented application domains), as these were the
classifications experts and practitioners were most comfortable with. We present the

excerpt of the results in Table 1.

Table 1. Excerpt of the main findings from the interviews.

Findings Theme

Financial Services; 5900 employees; Chief Data Officer (CDO)

Al adoption emerged in the analytics department. The organization adopted Business in-
a new business strategy that relied on advanced techniques for pattern recog- sights, Data man-
nition to gain customer insights. The goals were to increase process perfor- agement, Auto-

mance and generate revenue based on Al capabilities. The new business strat-
egy defined data as a critical resource. They appointed a CDO to manage a
data management sector. The organization is dealing with automation in the
scope of the Lean initiative, improving business processes by creating more
value with fewer human resources. Are focused on processes where decisions
are not deterministic (e.g., credit scoring). Integrated Al with their products
(e.g., in personal finance management and in automating classification of
revenue and expenses).

mated decision-
making, Engage-
ment, Al tech-
niques

Insurance company; 5200 employees; head of the team responsible for developing DWH/BI/AIL

solutions

Are integrating chatbots for customer support. Organization-wide deploy-
ment of advanced Al functionalities for decision support (e.g., a model for
automated detection of insurance policy renewal). Are focused on automation
and optimization of processes. They identified several opportunities for RPA.
They are developing a central data repository to eliminate data silos and are
gathering publicly available data from the environment. After data is availa-
ble in the data warehouse, they search for opportunities with Business Intel-
ligence and Al methods.

Human—com-
puter interaction,
Decision support,
Al technology,
Data acquisition

Financial services; 1010 employees; head of Analytics Department

Implemented and deployed a next-best-offer solution for salespeople. The
organization is using machine learning and decision trees in marketing.
They are mostly concerned with the propensity to buy and with churn man-
agement, and they see the most value in Al-enabled predictive analytics.
They are focused on ensuring high-quality data.

Decision support,
Al techniques,
Business in-
sights, Data man-
agement

3.3  Five-Dimensional Conceptualization

Based on the example of Sonenshein et al. [33], we organized the extracted attributes
into a smaller set of themes and then aggregated them into dimensions. As indicated in
Figure 2, we organized the attributes into 17 related themes and five dimensions: Data
Acquisition and Preprocessing, Cognitive Insights, Cognitive Engagement, Cognitive



Decision Assistance, and Cognitive Technologies. The construct derived from the con-
ceptual definition is a multidimensional, second-order construct, reflective — reflective
type 1 [34].

Al techniques

Biometrics .
Data Acquisition and

Natural Language Processing Preprocessing Data acquisition

Robotic Process Automation (RPA) Cognitive Data preprocessing

Robotics Technologies

Vision Context awareness
Cognitive Insights Leaming
Adoption of Analytics
Artificial Intelligence
Reasoning Cognitive
Solving knowledge-intensive problems Decision Assistance Cognitive Engagement Cognitive agents

Prescriptive analytics Personalization

Process automation

Fig. 2. Organizing attributes into common conceptual themes and dimensions.

In the last stage of the conceptual analysis, we refined the conceptual definition of the
examined construct by discussing it with subject matter experts and peers to examine
the definition and solicit questions about the concept. As a result, we modified the scope
of the definition. Next, we present the resulting definition.

The conceptual definition of the focal construct: “the successful deployment and use
of Al resources in business processes.” We use the term Al resources for Al-related
elements that must be brought together to ensure the successful deployment and use of
Al technology. Key Al-related elements are scalable infrastructure, Al assets (data,
trained models, etc.), Al skills, domain knowledge, expertise, capabilities, partnerships,
Al talent, processes, privacy policies, etc. The definition of a construct must incorporate
the “property” the concept characterizes and the “entity” to which that property relates
[29]. We defined the property for “Adoption of Artificial Intelligence” as “the organi-
zation’s ability to develop a set of distinct Al-enabled capabilities (the ability to mobi-
lize Al resources to exploit strategic assets and achieve innovative changes), through
the successful implementation of Al applications, tools, or technology.” The property
applies to the entity of an organization.

Al is primarily concerned with data, which is exploited, examined, renewed, or re-
configured through Al-enabled capabilities. We argue that Al, by itself, cannot be a
capability. Al becomes a part of a capability when it is applied to a problem and given
a goal. Al needs goals; otherwise, it cannot learn. This characteristic is not so different
from one of humans; we cannot learn anything without a goal either. Without a goal,
there is no frame of reference for evaluating performance and, thus, no way to improve.
By conceptualizing “Adoption of Artificial Intelligence,” we describe the level of the



adoption through the development levels of five distinct and progressive Al-enabled
capabilities (components of Al adoption). In a broader scope, these capabilities not only
support business processes but become an integral part of an organization’s ability to
generate value from its data. Next, we present conceptualized dimensions.

Data Acquisition and Preprocessing: “the organization’s ability to extract data
from structured and unstructured sources, new and legacy systems, and internal and
external sources and to prepare it for analysis.” The three basic routines are data ex-
traction, data preprocessing, and continuous ensuring of data quality. Their purpose is
to deal with Big Data (ever-increasing volume, variety, and velocity of data) collected
from internal and external sources. Preprocessing includes consolidation, organization,
validation, cleaning, transformation, reduction, summarization, labeling, and loading
into a data warchouse, data lake, NoSQL database, relational database (RDBMS), or
other applications. High-quality data is an important business resource and asset and
has tremendous impact on an entity’s performance [35]. We propose to measure the
dimension by assessing the successful deployment and use of data management appli-
cations and tools (e.g., Information propagation, Data warehousing/Data Lake, Data
capturing system [0T/SCADA, Content Creation, Discovery, Creation, Computational
Creativity, etc.).

Cognitive Insight: “the organization’s ability to use Al to detect patterns in data
and interpret their meaning.” This dimension is conceptualized around themes of con-
text awareness, learning, and analytics. Al enables a recognition of patterns or clusters
of data that would be otherwise invisible to a human [36]. It can interpret events and
contextualize recognized patterns to derive their true meanings. The learning aspect of
Al allows for making predictions on the basis of past experiences [37] and, by the con-
tinuous learning process, for improving insight over time [5]. Cognitive analytics
(Knowledge representation, Inference, Reasoning, Learning & adaptation, Hypothesis
generation & validation, Domain cognitive models, and Machine learning, or Deep
learning) offer better results in terms of speed, scale, accuracy, and granularity. We
propose to measure the dimension by assessing the successful deployment and use of
Al-analytics applications and tools (e.g., Predictive Sales, Churn Management, Fraud
Detection, Risk Management, etc.).

Cognitive Engagement: “the organization’s ability to support Al-enhanced human—
computer interaction and collaboration.” Engagement consists of several key elements,
including understanding, perception of intention, and domain knowledge [38]. Under-
standing encompasses natural language processing, natural language understanding,
automated speech recognition, and text-to-speech conversion. Leveraging contextual
information about humans to develop human-like empathy and communication skills
in human—computer interaction or collaboration applications involves perception of in-
tention, tone, sentiment, emotional state, environmental conditions, and the strength
and nature of a person’s relationships [5]. All the elements are used for reasoning
through the total of all structured and unstructured data to determine the optimal ap-
proach for engaging a person [39]. This ability enables automated interactions to relia-
bly support customers’ activities and prompt their engagement [40] in customer-facing
business processes. Organizations are also increasingly using cognitive engagement to
interact with employees (to support routine activities), augment information, improve



knowledge acquisition/exploration/understanding, and to support the collaborative for-
mulation of goals and decisions [5]. We propose to measure the dimension by assessing
the successful deployment and use of Al-enabled applications and tools related to user
engagement (e.g., Virtual assistants, Chatbots, Avatars, Recommendation systems,
etc.).

Cognitive Decision Assistance: “the organization’s ability to use Al in decision-
making processes.” Al technologies and techniques enable Al-assisted decision-mak-
ing and render decision support more intelligent. Some common abilities descriptive of
Al’s capability are as follows: to speed up information flows, to provide predictive and
adaptive decision support, to utilize automated reasoning to solve knowledge-intensive
problems, to make sense out of ambiguous or contradictory messages in large data sets,
to recognize the relative importance of different elements in a situation, to respond
quickly and successfully to a new situation, and to apply knowledge to manipulate the
environment [41]. We propose to measure the dimension by assessing the successful
deployment and use of Al-assisted decision-making applications and tools (e.g., Al-
enabled Decision Support System, Expert Systems, Fuzzy logic systems, Optimization,
Knowledge Engineering, etc.).

Cognitive Technologies: “the organization’s ability to integrate Al technologies
with other IT resources, services, and devices.” This dimension was isolated by the
conceptualization process for cases where organizations do not deploy and use Al in a
specific application domain as a particular application or a tool. Cognitive Technologies
Al-enabled capability is the highest level of adoption, when Al is not merely used, but
utilized (implying innovation or creative use beyond the intended use). Al technologies
can radically transform data utilization and processing within existing value-creating
processes. Their ability to learn and adapt continuously due to self-awareness and input
from actors (with whom it interacts) and contexts (in which it is embedded) amplifies
the resourcefulness of Al technologies [40]. The summative effects can be seen in the
interactions between the knowledge of the Al-enabled device or service and the
knowledge and actions of a human. We propose to measure the dimension by assessing
the successful integration of Al technologies in other IT resources, services, and de-
vices. The Al technologies most suitable for integration include Machine learning,
Deep learning, and neural networks, Natural language processing, Genetic program-
ming, Sensor networks, Augmented reality, Computer Vision, Speech recognition, and
RPA [22].

We posit the presented dimensions impact all of the proposed ways (automation,
innovation, organizational learning, decision-making) of business value generation, alt-
hough to a different extent.

4 Discussion and Future Work

Al has the potential to change the workforce positively: automating repetitive tasks and
freeing up workers to be more creative and productive with augmenting human capa-
bilities. Although there is widespread consensus about the potential of Al [9], the tech-
nology and its impact on the workforce and by extension process performance is not
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fully understood. Organizations have difficulties leveraging Al technologies and ex-
tracting business value. A review of relevant studies and exploratory interviews by us
confirmed that organizations are mostly at an early stage of Al adoption. Studies [9,
42] have reported that only 5 percent of organizations have extensively incorporated Al
and that 20 percent have partially used it. Most are in the phase of evaluating a proof
of concept and identifying business cases on which to apply the technology. There are
no real “out of the box” solutions. Al is about data and domain knowledge. The results
of our interviews show that organizations struggle with data management — especially
data governance — and with the organization-wide deployment of Al. Thus, the study
sought to identify the key Al-enabled capabilities to deploy and use the technology
effectively. Building on these capabilities, organizations can realize opportunities that
Al offers.

The objective of this study was to conceptualize Al adoption and capture specific
dimensions that are potentially responsible for generating business value. Following
Podsakoft’s [28] guidelines, we developed dimensions based on extracted attributes
and properties of the concept. Conceptualization was guided by the purpose of uncov-
ering the details of the process of generating business value through Al. The goals were
to assess adoption level, define Al adoption components as Al-enabled capabilities, and
identify the most promising Al applications and technologies. The result is the refined
definition of Al adoption as “the successful deployment and use of Al resources in busi-
ness processes.” Five developed progressive levels of Al-enabled capabilities include
1) Data Acquisition and Preprocessing; 2) Cognitive Insight; 3) Cognitive Engage-
ment; 4) Cognitive Decision Assistance; and 5) Cognitive technologies.

The next step of the research will be to operationalize the proposed dimensions to
be able to assess the total level of Al adoption. Based on the proposed framework, we
plan to develop a measurement model and conduct a comprehensive study using a ques-
tionnaire survey. The results will validate the proposed model and provide empirical
evidence as well as a more detailed view of the business value generation process of Al
technology.

Researchers can use the concept of Al adoption or its specific dimensions in different
contexts to assess the level of adoption, uncover management strategies, and understand
the impact and value of Al. (e.g., moving from organizational to the process level and
assess the impact on specific process types, BPM goals, or specific organizational and
environmental dimensions).
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