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Abstract

Although firms with advanced analytics and machine learning (which is often called AI) capabilities 

are considered to be highly successful in the market by making decisions and actions based on 

quantitative analysis using data, the scarcity of historical data and the lack of right data infrastructure 

are the problems for the organizations to perform such projects. The objective of this study, is to 

identify a road map for the organization to reach data capability maturity to become AI matured 

organizations. First, this study defines the terms, AI capability, data capability and AI matured 

organization. Then using content analyses, organizations’ data practices performed for AI system 

development and operation are analyzed to infer a data capability roadmap to become an AI matured 

organization.
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1. Introduction

Recently, as computing power permits com-

plex calculations using big data, analytics has 

advanced from legacy analytics to advanced 

analytics and machine learning (which is of-

ten called AI) using big data ranged struc-

tured, semi-structured and unstructured 

data. Despite the promises of AI, many in-

cumbents are struggling with AI projects due 

to lack of data. It is estimated that “about 50% 

of AI projects world-wide are halted or delaye

d…data quality is among the biggest AI project 

challenges… companies pursuing such proj-

ects generally lack an expert understanding 

of what data is needed for machine-learning 

models and struggle with preparing data in 

a way that’s beneficial to those systems 

[Council, 2019]”. 

Since the success with AI is dependent on 

access to data sources, the scarcity of histor-

ical data and the lack of right data infra-

structure are the problems for the organ-

izations to perform AI projects [Ransbotham 

et al., 2017]. AI systems are different from 

legacy analytics in that they revolve around 

massive data. For example, AI requires not 

only input datasets to generate the model for 

prediction but also test datasets to validate 

the model [Agrawal et al., 2018]. Further, the 

model’s performance is improved with re-

al-world data as it operates. The performance 

of AI improves with the amount of data. Thus, 

the biggest challenge that organizations face 

in deploying these AI systems is to establish 

data infrastructure and collect data for AI. 

To resolve these issues. an increasing num-

bers of firms are making efforts to have suffi-

cient data for AI systems in terms of volume, 

variety and velocity by persuading data own-

ers [Def. a senior level employee accountable 

for the quality of one or more datasets] to share 

the data if the data owners are within the or-

ganization; through data consolidation if the 

data are fragmented across data sources; 

through purchase from the market or contract 

for data supply [Spiekermann, 2019]; and 

through investment in data to bring new sour-

ces when it is not possible to obtain data due 

to market competition [Daugherty and 

Wilson, 2018].

In this study, we initially review the charac-

teristics and key capabilities of AI matured 

organizations through literature review. 

Using content analysis methodology, data ca-

pabilities required to successfully implement 

AI initiatives are identified. Finally, this re-

search identifies a road map for the organ-

izations to reach data capability maturity to 

become AI matured organizations. In partic-

ular, the following research questions are put 

forth:

1) What are the characteristics and key ca-

pabilities of prominent AI matured or-

ganizations?

2) What different data capabilities are 

needed to become an AI matured organ-

ization?

3) What is the road map to reach data capa-

bility maturity to become an AI matured 

organization? 

Addressing the lack of study on data capa-

bility road map, this study is conducted using 

content analyses in media and literature to 

observe organizations’ data practices regard-

ing AI system development and infer a road-

map for organizations to improve their data 

capability.

2. Research Methodology

Content analysis is often used in media 
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Eisenhardt’s step [1989] Study design of this research

1. Definition of research question Three research questions were defined

2. A priori specification of constructs 

(3. Literature review).

Potentially important constructs such as data capability and capability 

maturity were identified from the literature on AI strategy and strategic 

alignment. Those constructs were defined during the literature review.

3. Selection of contents (4. Data 

practices associated with AI)

Well-known written material about organizations’ data practices and capability 

associated with AI, are analyzed to measure the defined constructs.

4. Multiple data collection methods (4. 

Data practices associated with AI)

Organizational publications, research articles, trade publications and web site 

documents are analyzed to provide different perspectives and richness in data.

5. Analyses of Data (5. Road map to 

improve data capability)

A road map to reach data capability maturity is generated from the analyzed 

data. A teaching case for data capability was selected to give researcher an 

acquaintance to the material to be analyzed. This is recommended approach 

for theoretical study [Quinn, 1980].

<Table 1> Research Design

studies to analyze media content as the sam-

ple of the study [Neuendorf and Kumar, 2015; 

Macnamara, 2005]. In this study, the data are 

collected from diverse sources such as organ-

izational publications, research articles, web 

site documents and trade publications. 

Written documents about organizations’ data 

practices regarding AI development and oper-

ation are analyzed and the road map to reach 

data capability maturity are generated 

inductively.

In designing inductive research, a priori 

specification of constructs based on extant 

literature helps link data collection to the 

study questions [Eisenhardt, 1989]. Based on 

previous research on AI strategy and strate-

gic alignment, key elements (such as data) 

required to implement the AI strategy are 

identified. Using the requirements, content 

analyses are performed to observe organ-

izations’ data practices performed to imple-

ment the AI strategy and infer a roadmap for 

organizations to improve their data cap-

ability. The media/written documentation 

samples are chosen based on theoretical sam-

pling [Glaser and Strauss, 1999]. The sample 

involved data practices associated with AI, 

which matches with the objective of this 

study. 

In the following table, the design for this 

study is described and compared to the recom-

mendations by Eisenhardt [1989].

Although content analysis has dis-

advantage in terms of methodological rigor, 

this study used multiple approaches to resolve 

this issue. To improve construct validity, this 

study first identifies potentially important 

constructs from extant literature. To build 

construct (data capability) measures, several 

sources of evidence were used [Yin, 1994; 

Eisenhardt, 1989]. To improve reliability, re-

search steps were detailed and documented 

as shown in <Table 1>.

3. Literature Review

3.1 IT/IS capability

Being defined as “an ability to perform a 

coordinated tasks utilizing organizational re-

sources [Helfat and Peteraf, 2003: 999].”, the 

capability is regarded as an important con-

stituent of an organization in resource-based 

theory (RBT) [Byrd and Turner, 2000; 
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Broadbent and Weill, 1997]. IT resources 

along with organizational processes and other 

resources such skills and knowledge of the hu-

man resources are combined to build an organ-

izational capability such as R&D [Byrd and 

Turner, 2000; Broadbent and Weill, 1997]. 

Those RBT scholars assert that inimitable and 

non-substitutable resources and capabilities 

determines value creation and sustainability 

of an organization.

Rooted in RBT, IS/IT capability is the abil-

ity of deploying IS/IT resources such as net-

work, application and technology config-

urations and the knowledge and skills of the 

IT personnel to support firm’s strategies 

[Peppard and Ward, 2004; Bharadwaj, 2000; 

Byrd and Turner, 2000; Broadbent et al., 1999; 

Broadbent and Weill, 1997; Henderson and 

Venkatraman, 1994]. The alignment of IS/IT 

strategy with the business strategy are em-

phasized to obtain strategic benefits from 

IS/IT [Ward and Peppard, 2002; Peppard and 

Ward, 2004]. By analyzing business problems 

and changes in business environment, organ-

izations can not only effectively capture busi-

ness opportunities and improve business per-

formance but also maximize the return of IT 

assets [Earl, 1992].

With lack of alignment, business objectives 

can be ignored; business objectives and 

strategies cannot be translated into action 

plans; and applications could be solely de-

pendent on the user’ wishes [Teo and Ang, 

2001]. Misalignment between business and 

IT planning can be resolved or minimized 

through shared domain knowledge and im-

proved communication between IT and busi-

ness executives [Sauer and Willcocks, 2002; 

Pepper and Ward, 1999; Reich and Benbasat, 

2000; Luftman et al., 2007; Huang and Hu, 

2007].

3.2 AI Capability and Value Generation

Based on IS/IT capability definition above, 

AI capability can be defined as the ability of 

deploying AI resources (such as internal and 

external data, algorithm, digital network to 

connect the firm’s ecosystem, and human re-

sources) to support organization’s strategy. 

The AI capability is considered to be critical 

for organizations to generate value through 

AI-based predictions, decision makings and 

offering choices without relying on workers 

as in traditional business processes. To build 

AI capability, Ransbotham et al. [2017] sug-

gests the followings to organizations: hiring 

and educating AI related personnel for train-

ing AI as well as continuous learning after 

AI deployment; executives making a trip to 

Silicon Valley to better know about the strate-

gic implication of AI for their business and 

to build AI capability; agile process for AI mod-

el development and improvement after de-

ployment; investment in data and data infra-

structure; prioritizing AI projects and foster-

ing a fail-fast culture to embrace high un-

certainty in AI project success; and learn 

about AI human teaming. They further elabo-

rate human resource requirements -- adopt-

ing AI broadly across an organization requires 

three types of personnel: 1) technical people, 

2) technical people who have business domain 

knowledge, and 3) people with project man-

agement and consulting skills, who can net-

work and bring all those people on board 

[Ransbotham et al., 2017]. 

Importance of firm’s AI capabilities on value 

generation, organizational resource require-

ments to build such capabilities has been iter-

ated by many scholars. While Mikalef et al. 

[2019] emphasize data driven culture and or-

ganizational learning, Gupta et al. [2019] em-
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AI capability

Human resource Ransbotham et al. [2017]. Tarafdar et al. [2019]

Leadership/Management role/Change 

management
Ransbotham et al. [2017], Gupta et al.[2019]

Agile process Ransbotham et al. [2017]

Data and operating platform
Ransbotham et al. [2017], Tarafdar et al. [2019], 

Iansti and Lakhani [2020]

Portfolio management Ransbotham et al. [2017]

Culture Ransbotham et al. [2017], Mikalef et al. [2019]

Organizational flexibility Ransbotham et al. [2017], Fountaine et al. [2021]

<Table 2> Organizational Resources and Routines Needed to Build AI Capability

phasize the role of management. Management 

roles include anticipating business needs for 

applying big data, coordinating big data-re-

lated activities, understanding implications 

of the output generated from big data, and 

working with relevant stakeholders such as 

functional managers, suppliers and customers. 

Tarafdar et al. [2019] emphasize “data science 

competence, business domain proficiency, en-

terprise architecture expertise, operational 

IT backbone, and digital inquisitiveness (p. 

38)” to build AI capability.

Organizational resources and routines 

needed to build AI capability are summarized 

in <Table 2>.

3.3 Maturity of AI capability

Coined by Fountaine et al. [2021], the 

AI-powered organization refers to an organ-

ization that excel at creating value by leverag-

ing AI when opportunity arises. Not only that 

AI maturity is impacted by organizational re-

sources and routines described above, AI ma-

turity can be affected by agility of the organ-

ization to find AI opportunities and capture 

the opportunities by rearranging organiza-

tional resources and routines. Positive effects 

of IT capability (human, technology and rela-

tionship capability) on organizational per-

formance are fully mediated by organization’s 

agility based on survey of executives of manu-

facturing firms, ICT and finance etc. [Kwahk 

and Hong, 2011]. In Kim [2010], value creation 

using IT is determined not only by the extent 

of alignment between IT strategy and organ-

izational strategy but also by flexibility of or-

ganizational architecture such as organiza-

tional structure and incentive systems. The 

ability of the organization to respond rapidly 

to the changing needs of the business environ-

ment and reconfigure their strategy and asso-

ciated organizational architecture is called 

dynamic capability [Kim, 2010]. Similarly, 

the effectiveness of change management in AI 

adoption is associated with the flexibility of 

organizational structure, work practices 

(including human-AI teaming) and culture 

[Ransbotham et al., 2017].

Value creation using AI is also affected by 

how AI skills and assets are organized. 

Organizing for AI relates to where AI skills, 

resources, activities and authority are 

located. Placing AI specialists on the hub can 

establish firm’s “AI assets and capabilities 

such as common analytical tools, data proc-

esses and delivery methodologies [Fountaine 

et al., 2021, p. 16].” This centralization of in-

novation assets avoids duplication, coherence 

of firm’s development efforts, greater division 
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of labor among specialists, maximizes econo-

mies of scale [Shilling, 2013]. In addition, the 

centralization fosters firm-wide AI deploy-

ment using a common framework in idea gen-

eration, development and diffusion. However, 

it might not be as agile as decentralization 

to fit to divisional needs. A hybrid model con-

sisting of a center of excellence with a number 

of decentralized groups is another alternative 

of organizing AI assets [Ransbotham et al., 

2017]. The center of excellence provides direc-

tions and guidance to other internal units in 

deploying AI. 

As time passes and the maturity of AI capa-

bilities increased, AI processes become stand-

ardized and can be reside in spokes [Fountaine 

et al., 2021]. They assert that the deploy-

ability of standardized AI processes/teams 

and responsible oversight of the AI processes 

with effective control points are indicators of 

the maturity of AI capability. When firms 

“need innovation rapidly some companies put 

more gray-area strategy and capability build-

ing in the hub, so that they can monitor in-

dustry and technology changes better and 

quickly deploy AI resources to head off com-

petitive challenges [Fountaine et al., 2021, 

p. 16].” 

Based on the above discussion, an organ-

ization with agility that excel at creating value 

by leveraging AI capability when opportunity 

arises can be said to be an AI matured 

organization. 

4. Data Practices Associated with AI 

The strategic approach to AI emphasizes 

business strategies and goals that can be ad-

vanced through firm’s AI capability. Since or-

ganizations with AI capabilities can deliver 

profoundly improved value propositions to 

customers, suppliers and employees, increas-

ing number of organizations are taking a stra-

tegic approach to capture and analyze data 

by adopting digital technology and leveraging 

digital opportunities [Ross et al., 2017]. To 

support the strategic approach, establishing 

data supply chains is key. Based on the defi-

nition of AI capability in the previous section, 

data capability for AI is defined as the ability 

of supplying data resources to support organ-

ization’s AI strategy.

Advanced analytics and ML (Machine 

Learning) require a large amount of data in 

terms of volume, variety, and velocity. Volume 

means that the organization has to have suffi-

cient data in order for algorithms to extract 

patterns for predictions. Variety means a het-

erogeneous data sets from multiple reliable 

sources to address any inadvertent biases in 

datasets. For example, the diagnosis done 

with radiology image can be triangulated via 

other sources such as a sample of blood. 

Velocity means that the organization needs 

real-world data to improve model’s perform-

ance as it operates. That is, the performance 

of learning based analytical algorithm is im-

proved with experience as it operates 

[Agrawal et al., 2018; Schmelzer, 2020].

As an effort to provides variety of data with 

volume for analytical needs, organizations 

have long been used data warehouse solution. 

Data warehouse refers to an analytical data-

base and consists of data from the company's 

operational database and external databases. 

An external data refers to data purchased from 

an external company at a certain cost. When 

data is loaded into data warehouse, ETL 

(Extract, Transformation and Loading) proc-

ess is performed. The first function is data 

extraction and cleaning function. ETL refers 

to the function of extracting the necessary da-
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ta for decision support from various opera-

tional and external databases, and trans-

forming conflicting data to fit the predefined 

schema before being loaded into data 

warehouse. ETL is done periodically in batch 

mode. Data warehouse is an essential element 

of organization’s OLAP (On-line analytical 

processing) environment that provides deci-

sion makers with advanced data analysis ca-

pabilities in real time.

As an effort to increase velocity of data, or-

ganizations develop data supply chain that 

is “dynamic, constantly evolving and con-

stantly fueled by real-time data [Daugherty 

and Wilson, 2018, p. 175]”. This relates to or-

ganizations’ implementing digital strategy 

using digital technology such as IoT devices 

to capture and fuel real time data from dis-

parate sources. As increasing number of firms 

implement digital strategy a, new techno-

logical solutions such as data lake has been 

implemented to store unstructured data and 

to provide some structure for analysis. A data 

lake is a data repository that stores diverse 

forms of raw data. The data lake allows users 

to view raw data holistically. 

Additionally, data can be bought from the 

market or contracted for data supply. The data 

marketplace goes beyond a data sharing com-

munity and is operated by companies mone-

tizes data distribution [Spiekermann, 2019]. 

Some marketplaces go beyond simple broker-

ing between data supply and data purchasers. 

They provide specialized data services such 

as consulting and analytical services. With 

such value-added services, they want to 

lock-in customers within a specific environ-

ment. In other words, as the value and im-

portance of data grows, a data marketplace 

has emerged that makes it easy for all compa-

nies to access data, regardless of size, without 

being limited to a specific industry.

For another type of data supply, partner-

ship with other companies, the public domain, 

data-as-service providers, and external data 

analysis providers can be made. While some 

partnerships are on a commercial basis, oth-

ers are based on agreement. For both cases, 

defining the terms and conditions under which 

the data may be used is necessary. During 

this data supply process, many issues such 

as privacy, security, liability, and market 

competition can occur [Harrison et al., 2019]. 

Thus, policies and agreement among involved 

parties must be established. When two or more 

parties are entering a data sharing agree-

ment, the agreement must be based on trust 

and shared goals among stakeholders. Based 

on their shared goals, the parties should col-

laboratively set up agreements and policies 

on data access, data protection, pricing, copy-

right, and liability [Allen et al., 2014]. Such 

policies and agreements are codified in data 

sharing agreements.

Lastly, data can be crowd sourced and 

outsourced. Crowd sourcing for AI system is 

defined as the practice of obtaining data for 

AI tasks from a large group of people who sub-

mit their work, typically via internet. Because 

AI system requires a large amount of data for 

training and testing, the crowd sourcing has 

been around for some time. Not only data itself 

but also metadata are crowd-sourced. 

Labeling MRI scans in healthcare and labeling 

attributes on videos are examples of 

crowd-sourcing the metadata. Reported prob-

lems in crowdsourcing include unreliable la-

bels due to negligence and lack of motivation 

in crowd workers [Abhigna et al., 2108]. The 

organizations should review the crowd sourc-

ing results (i.e., tagging results) to see how 

relevant the results are for the organization's 
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Model zone

Cataloging

Data Quality Monitoring

Curating

Modeling

Raw zone

Curation zone

<Figure 1> Data Flow in the Data Lake

purposes. When organizations have multiple 

workers doing the same task independently 

perhaps around the globe for example, one way 

to checking the relevancy of tagging is to ex-

amine if the tags appear multiple times in 

three to five independent workers' results per 

task. 

5. Road maps to improve data capability

5.1 Data Platform Stage

Collecting, storing and cataloging data 

from internal and external sources are 

pre-requisite for an organization to analyze 

data to innovate products, services, proc-

esses and business models. Since advanced 

analytics and ML involves real-time 

streaming and rapid ingestion of data, data 

lake and cloud technology fit to the needs 

of advanced analytics and ML. The data 

lake enables organizations to perform data 

analysis using data from a variety of sour-

ces (<Figure 1>).

In the data lake, the data pass through three 

zones: raw, curation and model zones. 

In the Raw zone, data coming from multiple 

sources must be cataloged; and the data qual-

ity has to be monitored before moving to 

curation. 

In the Curation zone, users perform the fol-

lowing activities:

Step 1: Identify data in the archive

Step 2: Get the data; and convince the data 

owner to share data if necessary.

Step 3: Find and fix any issues with the 

data; and the data issues include 

unexpected values, mysterious 

variables, and data containing too 

much detail.

Step 4: Make the data findable and usable; 

and add tags and documentation so 

that the data can be found and used.

Step 5: Save the data and documentation

In the model zone, the data are fed to the 

algorithm for training models for prediction.

Among various types of cloud services, DaaS 

(Data as a Service) providers provide data 

lake and data warehouse solutions [Asay, 

2021], which helps firms collect, store, in-

tegrate, query, and analyze data. In addition, 

DaaS providers are starting or planning to 

provide various types of data marketplaces 

that broker data transactions for the firms 

looking for external data resources to secure 

analytical competitiveness.
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One of the most prominent examples of 

AI-matured organization is Alibaba. Alibaba’s 

expansion to Ant financial was based on data 

from Alipay’s mobile payment platform [Iansti 

and Lakhanim, 2020]. Alibaba is excelling at 

connecting businesses through an operating 

platform, “aggregating the data that flows 

among them, and extracting its value through 

analytics and AI [Iansti and Lakhani, 2020, 

p. 7].” With a common data architecture, data 

catalog and algorithm libraries, firm can ex-

periment and deploy AI-based digital services 

and processes across different lines of busi-

nesses to capture business opportunities. 

With “universal set of capabilities [Iansti and 

Lakhani, 2020, p. 8]” of data sourcing, process-

ing and advanced analytics/ ML model devel-

opment, organizations can digitally trans-

form their businesses.

With scalable technologies such as IoT, data 

lake, data warehouse, analytics, ML provided 

by the cloud service providers, firms can build 

a data platform to aggregate data from in-

ternal and external sources. This also allows 

the firms to analyze data using advanced ana-

lytics and ML to create value when oppor-

tunity arises.

5.2 Data Governance Stage 

Capturing, cleaning, integrating, curating 

and storing data could be enterprise-wide ac-

tivities [Daugherty and Wilson, 2018]. Some 

firms believe that “democratization of access 

to AI tools and decision-making power among 

managers and employees” creates more tangi-

ble value from AI and big data. For example, 

“Airbnb believes that every employee needs 

to have access to data platforms to make in-

formed decisions; and skills to use and inter-

pret data and tools [Di Fiore, 2018, p.3].” 

Democratize discovery is also indicated in 

TMC (Texas Medical Centre) example in 

[Daugherty and Wilson, 2018].

Enterprise-wide data trust frameworks is 

essential to ensure organization’s activities 

for data capturing, cleaning, integrating, cu-

rating and storing in relation to data lake. 

Data governance is a system of controlling and 

directing the use of data which includes “the 

policies and plans that allocate decision rights 

and responsibilities to organizational actors 

involved in managing data [Harrison et al., 

2019, p. 175].”

Since datasets for ML are likely to be com-

bined across organizational boundaries, the 

origin and the context in which the data are 

created must be recorded. If ML models used 

datasets taken from original production site 

without proper records or documentation, de-

cision outcomes produced by the ML model 

could have distortion. 

That is why organizations should have such 

policies that the sources and context in which 

data are created must be recorded. When data 

is taken into data lakes, data have to be cre-

ated with the meta data and para data (i.e., 

data about the process by which the data were 

collected). Keeping records about how data 

is created, curated, moved and used, allows 

organization to maintain data quality 

throughout the data life cycle. With these rea-

sons, organizations should establish data 

trust framework for which metadata-based 

data lineage is particularly important [Pdpc, 

2019]:

∙ Backward data lineage showing a trail 

from use of data until the source of data 

∙ Forward data lineage showing a trail from 

the source of data until the use of data

∙ End to end data lineage showing the en-

tire trail of the data combining both back-
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Establish data governance

Lack of data/ Lack of data 

infrastructure

Establish data supply 

chain and data platform

Advanced stage

Established stage

Initial stage

<Figure 2> Data Capability Road Map

ward and forward lineage

One of the reasons for the data governance 

being more important than ever is that data 

should be in compliance with laws and regu-

lations dealing with privacy [Zarkadakis, 

2020]. Specifically, certain data treatments 

legislated are done accordingly and sensitive 

data should be protected against un-

authorized disclosure or modification. This is-

sue can be resolved with help from relevant 

data governance solutions that provide the 

data trust to protect both data providers and 

data customers [Felici et al., 2013]. DaaS pro-

viders should also be held responsible for de-

termining an appropriate approach to enable 

their client to use trustworthy data for 

analysis.

A road map to reach data capability ma-

turity is derived below in <Figure 2>.

6. Conclusion and Future Research

This research addresses the lack of research 

in data capabilities of AI matured organ-

ization and identifies key data capabilities to 

become an AI matured organization. Then key 

milestones that organizations need to build 

such capabilities are also identified. Accor-

ding to [Council, 2019], “the cost and hassle 

of collecting and preparing data comes as a 

shock for some companies.” The results of this 

study indicate the importance of data capa-

bility to become AI-matured organization. 

The data capabilities not only to support data 

sourcing, integrating, cataloguing, querying 

and model development but also safeguard 

those activities through proper data gover-

nance help organization experiment with 

model development and deployment across 

businesses responsibly; and enable organ-

izations to capture AI opportunities and be-

come AI matured organizations.

For the future research, study results will 

be compared with management interview and 

other IS literature. That is, the road map 

(themes) arise through the content analyses 

is triangulate via interviews with an IT man-

ager who had experiences in AI development 

as well as other IS literature. 

As future research, more rigorous maturity 

model for AI capability as well as data capa-

bility for AI, can also be developed. Maturity 

assessment in certain practice (e.g., busi-

ness-IT alignment) evaluates current status 

of organization’s practice and provides road-

maps to attain the more ideal status 

(ultimately to reach the most ideal status in 

those practices). To assess a maturity level, 

first, maturity criteria need to be identified. 

In other words, areas (categories) of the or-

ganizational practice to be assessed need to 

identified. For example, to assess business-IT 

alignment practice, five areas of business-IT 

alignment practices are identified by [Luftman, 

2003]: communication, competence, gover-

nance, partnership, technology scope and 
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skills. Then for each practice area (i.e., ma-

turity criteria), detailed practices that needs 

to be performed are identified. To determine 

the level of achievement on each practice area, 

measurement scale (e.g., 5 Likert scale) needs 

to be prepared. An average score of the evalua-

tion team for each practice area becomes basis 

of an average score of each practice area 

(category) as well as the organization’s overall 

maturity score for the assessed practice. The 

next higher-level score provides the roadmap 

for the organization to reach.

Similarly, each dimension of <Table 2> can 

be elaborated to assess the maturity of organ-

ization’s AI capability. Data and operating 

platform dimension of <Table 2> can be more 

detailed to assess the maturity of organ-

ization’s data capability. An organization 

with the highest score in every dimension can 

be said to be AI capability matured organiza-

tion. Additionally, the dimensions of <Table 

2> can further be studied from which agility 

dimension (e.g. Alibaba creates Ant financial 

based on data from Alipay’s mobile payment 

platform) can be sorted out. An organization 

with the highest scores on both AI capability 

dimensions and agility dimension can be said 

to be AI matured organization. The AI ma-

turity model provides “a management system 

with associated improvement roadmaps that 

guide strategies to continually improve, de-

velop, and manage [Edward and Tuikka, 2022, 

p. 21]” the AI capability and agility within 

their organization. 
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