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Abstract
The aim of this study is to evaluate data maturity of a sample of Italian firms of different sectors and sizes, obtained through 
an online assessment submitted to 261 professionals and entrepreneurs operating in the data/IT domain. The paper's objective 
is to assess the relative importance of the factors that determine the success of big data initiatives, according to the company 
structure and managerial perspective. The questionnaire was digitally submitted to IT professionals and decision-makers in 
Italy through the LinkedIn platform. The assessment was divided into two sections: the first focused on the assessment of 
8 critical success factors for big data, whereas the second assigned weights based on an application of the analytic hierar-
chy process. The result of this process is a weighted-scores system that reflects the relative importance that managers and 
employees give to different domains. Respondents agreed to the importance of integrated architecture, data-friendly corporate 
culture, and integrated organization domains. Once the results consider the weights from the AHP, data friendliness becomes 
the most sought-after characteristic. The findings provide direction for further development of this assessment system.
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Introduction

Data science is the set of statistical techniques and methods 
necessary for the extraction, analysis, and interpretation of 
data. In the era of “Big Data”, where a huge amount of infor-
mation is available to companies, data-driven choices are 
essential for defining a company's medium and long-term 
strategies and can turn into a huge competitive advantage 
[14, 22]. The major internet and manufacturing companies 
such as Google, Facebook, and Apple hire the best data sci-
ence talents to work in their vast data science departments. 
Being a successful company today means making data-
driven decisions [12, 41]. Companies that have overlooked 

the potential of data science have observed their competitors 
seize market share and enlarge their customer base over the 
past years. Pioneers such as Facebook, Amazon, and Google 
instead developed dominant market positions. Nowadays, 
companies of all sizes are investing heavily in big data and 
AI initiatives to narrow the gap with the tech giants [8]. 
Although the value that data analytics brings to companies 
has been recognized [14, 15, 25], there is still confusion 
on how to properly integrate big data initiatives within the 
organization for long-term planning [24, 43]. This is one 
the main reason for the failure of more than half of big data 
programs worldwide [38, 43]. Being a data mature organiza-
tion means being able to spot new data-driven opportunities 
in advance, while they are still invisible to the competitors, 
using analytic insights to deliver business outcomes. Survey 
results from data-driven companies have shown that deci-
sions made with the help of data are more accurate, faster, 
and more cost-effective. According to a survey conducted 
by YouGov and commissioned by Tableau [21], business 
leaders reported that data-driven decisions lead to better 
decision-making, improved customer satisfaction, increased 
revenue, and greater cost savings. In addition, the survey 
found that data-driven decision-making leads to faster deci-
sion-making, with decisions taking days or weeks instead 
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of months or years. Furthermore, the survey revealed that 
data-driven decisions are more accurate, with fewer errors 
and more accurate predictions. Finally, the survey showed 
that data-driven decision-making leads to greater cost sav-
ings, with data-driven companies spending less money on 
research and development.

In this study, we analyze the data maturity of 261 Italian 
companies of different sectors and sizes to answer the fol-
lowing business questions:

•	 RQ1 What are the data maturity estimators considered 
most important by the managers interviewed for the suc-
cess of big data initiatives?

•	 RQ2 Does the relevance of data maturity estimators to 
industry experts differ depending on the size of the com-
pany or industry?

To respond our research questions and score what the 
ripeness level of the enterprises is, we relied on an eight-
dimensional assessment system derived from the literature 
De Mauro et al. [9]—the CBDAS—consensual with the 
existing big data maturity models. The CBDAS applies the 
analytic hierarchy process to assign weights to the critical 
success factors for big data initiatives. We analyze how 
respondents (Senior Manager and IT decision-makers) 
agreed or disagreed with questions that underlined the 
importance of each success factor proposed. As a result, the 
paper derives insights on the importance that the manag-
ers give on data-driven choices and on the validity of the 
CBDAS to apply to companies of different sizes and industry 
sectors.

Big Data Maturity Models

The big data maturity models represent robust frameworks 
that support the evaluation of old and new big data initiatives 
among specific aspects or domains to rule whether they can 
generate new knowledge for a company [14, 28, 32–34].

These models help organizations to create a structure 
around their big data initiatives and provide guidance on 
how to structure processes, technologies, and analytics to 
achieve success [1, 14].

Big data maturity models are comprised of different 
stages that guide organizations in understanding their cur-
rent level of big data initiatives and how to move forward 
with their big data strategy. These models follow a logical 
progression through defined levels, starting from a founda-
tional stage of weakness to reaching the ultimate goal of full 
maturity [31]. Each stage is identified by criteria that must 
be met to advance to the next level. These criteria build 
upon each other, with each stage requiring the fulfillment 
of lower-level criteria and additional requirements. This 

structure enables business managers to determine the nec-
essary steps to achieve further improvement [6, 16, 27].

As organizations mature in their big data journey, they 
gradually gain the ability to effectively utilize big data to 
their advantage. The process typically starts with an aware-
ness stage where organizations first become aware of big 
data and its potential, then progress to a stage where they 
start building their big data infrastructure and capabilities. 
With increasing proficiency, organizations start to see suc-
cess in their big data initiatives and make data-driven deci-
sions. Finally, when organizations reach a mature level in 
their big data initiatives, they have the ability to harness 
advanced analytics and machine learning to drive growth 
and gain a competitive advantage [5, 13].

Overall, big data maturity models provide organizations 
with the structure to create strategies and achieve success in 
their big data initiatives. By leveraging these models, organi-
zations can gain a better understanding of their current state 
and make changes to improve their big data initiatives.

By leveraging a big data maturity model, data maturity 
can be evaluated at the sub-domain level when it refers to 
micro-level factors, such as routines and organizational 
requirements, at the domain level when it refers to the 
macro-level factors to assess the needed conditions to reach 
maturity stages. While macrolevels generally assess strate-
gic factors of big data initiatives’ success, microlevels make 
clear the actions to be taken to guide maturity within organi-
zations [6, 16, 27].

The aspects investigated through the maturity models 
can be many, such as IT management, business intelligence 
ecosystem, and data warehouse adoption, among others. 
In general, big data maturity models give the company the 
maximum value when used to analyze how business pro-
cesses and strategies integrate with big data initiatives, pro-
viding management with the needed information to support 
strategic and operational decisions [2].

Data models help to outline the optimal choices for a 
path of improvement of the business management system. 
The absence of specific procedures regarding the assessment 
and operation of maturity models may represent a limitation 
for the use of the model as an organizational and diagnostic-
prescriptive management system.

So far, only a few of the big data maturity models present 
in the literature contain details on the development, valida-
tion, and evaluation processes of the model itself, constitut-
ing a limit to the validity and usefulness of many proposals 
[31, 33]. We rely on the Consensual Big Data Assessment 
System (CBDAS) proposal [9], which starts from a holistic 
and conceptual integration of existing models. It encom-
passes the key elements of success that are coherent with big 
data’s essential components and agrees with the most cited 
models in literature [2, 17]. The CBDAS offers a robust con-
ceptual framework complemented by a practical assessment 
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and recommendation system to grant usefulness and appli-
cability for industries.

The CBDAS framework was leveraged as judged from 
the authors the most comprehensive big data maturity model 
after a comparison of various models was conducted. Previ-
ous research, including the systematic reviews by Comuzzi 
and Patel [6] and Olszak and Mach-Król [28], and dos 
Santos-Neto and Costa [33], revealed that only a limited 
number of maturity models effectively illustrate the matu-
rity stages, which is crucial for evaluating an organization's 
performance. These models are varied in scope, with some 
focusing on specific aspects and others aiming to provide 
a holistic assessment. Various maturity models have been 
proposed for specific aspects of big data, such as IT manage-
ment [4] and business intelligence [18], Mikalef et al. [26], 
or data warehouse adoption. However, it is widely acknowl-
edged that the scope of big data encompasses much more 
than these specific areas and extends to the operational pro-
cesses of organizations and the support of decision-making 
processes [6, 12, 30, 40]. The multidisciplinary nature of big 
data makes aspect-specific maturity models insufficient for a 
comprehensive and holistic evaluation [6, 36].

Furthermore, the lack of alignment between maturity 
models and assessment models can cause confusion for 
users and hinder their use as organizational management 
tools (2019).

To overcome these issues, big data maturity models need 
to broaden their scope to include industry surveys and gray 
literature, and an assessment tool is required to complement 
the maturity model to make it practically applicable in indus-
tries [2, 37].

Different authors aimed to make the constitutive elements 
of their maturity model tangible and measurable to ensure 
its practical applicability [4, 26, 42].

In general, big data maturity models are mostly used as 
a descriptive tool, assessing the current situation against a 
framework, while only a minor part of these models provides 
normative, prescriptive recommendations for performance 
improvement [2, 20].

The completeness of the maturity model in terms of scope 
is a critical factor to consider for the implementation of big 
data programs in real-world industries as it ensures its prac-
ticality and actionability [5, 13]. The CBDAS provides both 
a descriptive tool for assessing the current state against a 
framework and a normative, prescriptive component for 
performance improvement recommendations. It is aligned 
with the key elements of big data and is consistent with 
widely recognized big data maturity models. This assess-
ment system has the potential to drive future research by 
providing clear understanding of the critical success factors 
for big data programs and the specific requirements for each 
subfactor to achieve organizational success, fulfilling the call 

by researchers for consolidation of existing maturity models 
rather than creating new ones [4, 26, 42].

The Consensual Big Data Assessment System 
(CBDAS)

The CBDAS is a consensual framework designed on a 
theoretical framework that outlines the key success factors 
(CSFs) of data analytics. This framework encompasses the 
factors and sub-domains, and the criteria of success of big 
data initiatives. The structure of the CBDAS consists of two 
sections: the first section assesses the current maturity levels 
of enterprises at various levels of granularity—from factor 
to subdomain level—while the second section evaluates the 
relative importance of the CSFs for industry experts. The 
assessment system is comprised of 59 questions, with 44 
questions focusing on the maturity levels of the CSFs and 
sub-domains and 15 questions addressing the underlying 
business needs. The results are obtained through a standard-
ized questionnaire with one closed-ended question per item 
and analyzed using software, such as Cognito, Zapier, and 
Google Sheets. The CBDAS is a quantitative method that 
generates 156 potential outcomes based on the combination 
of sub-domain maturity levels and their interdependencies. 
The second section of the questionnaire evaluates the impor-
tance of each factor using the analytic hierarchy process 
(AHP) which evaluates individuals’ and groups’ judgments 
and converts them into numerical values for objective com-
parison. The output of the AHP is used as input to evaluate 
the relevance of each organizational area from the manager's 
perspective, recognizing that the relevance of each factor 
may vary depending on context and may not be applicable 
to all organizations.

Methodology

Our aim was to explore the critical data maturity indicators 
that managers consider for the success of big data initia-
tives and determine if their importance changes based on the 
company size or industry. To achieve our scope, we gathered 
input from industry experts through the administration of the 
CBDAS framework.

We leveraged multilinear regression and Principal Com-
ponent Analysis (PCA) to understand which domains are 
strong predictors of the final questionnaire score, we uti-
lized. PCA helps uncover the fundamental structure of the 
data, while multilinear regression reveals the relationships 
between variables.

Then, we applied the Analytical Hierarchy Process 
(AHP) to assess the experts’ subjective perception of the 
relative importance of each domain and answer our RQ1. 
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AHP assigns weights to factors to determine their relative 
significance.

We conducted the Analysis of Variance (ANOVA) tests 
to check for statistical differences among groups and address 
our RQ2. ANOVA tests the null hypothesis that the aver-
ages of different groups come from the same distribution, 
determining if there is a significant difference in the means 
of two or more groups.

To summarize, we employed PCA, multilinear regression, 
AHP, and ANOVA tests to analyze the data from industry 
experts and address our research questions. These methods 
were selected for their appropriateness to the study and their 
widespread use in the field of data analysis.

Data Collection

In this work, we analyzed the responses of 261 employees 
from Italian companies to a Likert-scale questionnaire (rang-
ing from 1—strongly disagree to 5—strongly agree), where 
the participants were asked to answer questions that meas-
ure a company data maturity. The participants were mostly 
company managers and IT experts (139 managers, 122 IT 
experts). We used the LinkedIn platform to draw a sample of 
professionals worldwide to conduct the online assessment. 
Although the LinkedIn community is not encompassing the 
population of industry representatives exhaustively, it might 
be considered suitable for targeting professionals in scope. 
The process of sample selection leverage publicly available 
information about the respondents provided by LinkedIn 
users, which increases the credibility of the sample and per-
mits control over its composition.

The inclusion criteria were related to:

(a)	 the seniority of the respondents: Senior Managers and 
Directors;

(b)	 the position covered in their organization: IT Director, 
IT Responsible, IT Specialist, Senior Data Specialist, 
Senior Data Scientist, Senior Business Analyst, IT 
Consultant;

(c)	 their confirmed experiences and skills in the areas of 
Data Analytics, Big Data, and IT Management.

With the inclusion criteria defined, we identified a poten-
tial audience of over 320,000 unique respondents who were 
targeted through LinkedIn campaigns conducted from 
October to December 2021. To ensure the validity and reli-
ability of the data collected, we applied exclusion criteria 
to exclude (a) incomplete assessments and (b) companies 
operating outside of Italy, as the focus of the study was on 

the Italian market. Our sample was derived from a starting 
pool of 297 respondents, and ultimately consisted of 261 
complete responses.

Assessment Structure

The CBDAS assessment was structured in two parts: 
the first part is composed of 40 questions divided into 
8 domains and allows the evaluation of data maturity on 
critical success factors for big data initiatives; the second 
part is made of 15 questions that focus on the pairwise 
comparison of data maturity characteristics of the com-
pany, which represent a multifactorial combination of the 
8 critical success factors.

In the following chapter we present the results of the 
survey.

Questionnaire Results

The questionnaire results are summarized in Figs. 1 and 2, 
where the respondent proportion for each question is rep-
resented as vertical bars of distinct colors. The full ques-
tionnaire answers are available at https://​github.​com/​Simon​
eMal/​AHP_​datas​et for consultation.

As shown in Figs. 1 and 2 more than half of the respond-
ents agreed, or strongly agreed to the importance of “Inte-
grated architecture”, “Data Friendly” and “Integrated organi-
zation” domains. This can also be seen in Fig. 2, where the 
sum of the Likert score is shown. This result is not surpris-
ing, since data friendliness and an integrated data architec-
ture in a company are of paramount importance for mak-
ing data driven decisions. Data integration in a company 
involves connecting data sources across different systems 
and applications to create a unified view of data. This pro-
cess is essential to ensure the accuracy and reliability of 
data, and to enable data-driven decision-making and helps 
improve data quality and reduce data silos. To achieve data 
integration, companies can use a variety of methods, such as 
data federation, data replication, data virtualization, and data 
warehouse consolidation. Data friendliness in a company 
refers to the collective beliefs and behaviors of the people 
working in the organization regarding the use of data. To 
create a data friendly culture, organizations should ensure 
that everyone in the company is aware of the importance and 
value of data and data-driven decision-making. In addition, 
organizations should provide data literacy training and work-
shops, establish data governance policies and processes, 
and create an environment, where data are easily acces-
sible, trusted, and used to drive decisions. An integrated 

https://github.com/SimoneMal/AHP_dataset
https://github.com/SimoneMal/AHP_dataset
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organization in a company refers to a unified approach to the 
management of data and resources across all departments 
and business units. This approach ensures that all data are 
collected, stored, managed, and shared in a consistent and 
reliable manner.

Notably, most of the respondents have considered the 
“Data interface” domain the least important among the 
eight. A data interface is an interface that provides access to 
data by allowing users to interact with the data in some way. 
It may consist of web app, e standalone app with (GUI) or a 
command-line interface (CLI). Data interfaces allow users 
to view and manipulate data in a structured and organized 

way. The reason why the respondents have considered this 
domain less important than the others is maybe due to the 
omnipresence of such interfaces and the unquestionable high 
level of user friendliness achieved in the last years.

Correlation Among Parameters

We calculated a correlation coefficient matrix between every 
domain listed in Table 1. To do that, we used the Spear-
man correlation coefficient [35], which has the advantage 
of not being limited to continuous numerical variables but 
can also be applied to discrete ordinal variables. Moreover, 

Fig. 1   Relative percentage of 
answers for each of the eight 
domains
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Table 1   Assessment submitted to the participants

Domain Questions

DATA STRATEGY (1) The company has a solid data analysis strategy
(2) The company uses data analysis to make strategic decisions
(3) Data analysis is not an important part of the company's transformation strategy
(4) The Corporate Data Strategy has been documented, approved, and communicated by Top Management 

to the entire organization
(5) Leadership promotes the use of data analytics throughout the company
(6) There is a list of key analytical projects or analysis priorities whose progress is regularly tracked
(7) The legal procedures on data usage and management are documented and communicated to the entire 

organization
(8) There are regular audit processes on data usage and management within the organization

DATA-PROCESS INTEGRATION (9) Business processes are guided by numerical evidence, which directly impacts the way the company 
operates

(10) The Key Performance Indicators related to data processes are stored and could be analyzed in real-
time

(11) The organization uses automated analyses (e.g., systems that suggest in-depth analysis or build mod-
els, alert systems based on control levels, reports that automated data processing and output delivery)

(12) Your company has organizations (internal or external) that focus on data engineering, software devel-
opment, data quality to ensure proper support to analytical processes

(13) Managers and process owners know what data are available in the company to support their business 
decisions

TECH INFRASTRU​CTU​RE (14) The data infrastructure is adequate to the size of the organization, and the organization is using the fol-
lowing types of data management technology where needed: cloud systems, big data architectures

(15) The organization is able to monitor more data pipelines. Therefore, the organization is able to manage 
multiple analytical projects in parallel

(16) The organization has designed its data architecture to integrate multiple sources and facilitate data 
access and analysis

(17) The computational power and the size of the available memory are adapted to the current information 
injections

(18) Systems comply with high-security standards and are subject to periodic intrusion tests
(19) How many of the following technologies use your organization to analyze your data? (Spreadsheets, 

reports, dashboard, predictive analysis/machine learning, deep learning, and other aspects of the AI)
(20) Only a few managers in the company have access to the analysis results

INTEGRATED ARCHITECTURE (21) The organization collects and manages structured (i.e., sales data in tabular format) and unstructured 
(i.e., Video and Audio) data types for its analysis activities

(22) Employees can access data as needed, including structured and unstructured data, through a well-
defined governance process

(23) The data formats are standardized and documented
(24) There is a single data model to which all the business units refer

DATA INTERFACE (25) Analysis solutions are designed to provide the best user interface to the right person (for example, 
corporate analysts, business users, data scientists, data engineers, et al.)

(26) Employees do not receive guides on how to access the data
(27) It is easy to get data in a format not covered by existing interfaces; the technical support needed is 

minimal, and the request is standardized
(28) Corporate data are accessible through a business intelligence interface that allows users to combine 

different data sources, create graphs and tables with a high degree of customization, and allows users to 
share the most interesting views with other stakeholders

(29) Data Scientists and Business Analysts are able to connect any application developed with the latest 
data available at the needed level of detail

ANALYTICAL SKILLS (30) The knowledge of data science techniques is widespread in the organization, even outside the business 
units dedicated to data analysis

(31) The analysts use tested and documented tools and methodologies to respond to the business questions 
of the organization, which requires analytical support

(32) There is a career model for Business Analysts and Data Scientists
(33) The company has a clear recruitment strategy for data professionals
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this method can spot strictly non-linear correlations and 
can assess how much two variables are correlated by a 
monotonic function [44]. For linear relationships, the two 
methods give similar answers. The value of Spearman’s R 
is between − 1 (indicating a perfect negative correlation) 
and + 1 (indicating a perfect positive correlation). Weak cor-
relations have R values 0 < |R| < 0.2 , moderate correlations 
0.2 < |R| < 0.6 and strong correlations 0.6 < |R| < 1 We 
have created a correlation Matrix using the software R 4.1.2 
and the command rcorr. The results are shown in Fig. 3.

It was to be expected that only positive correlations had 
to be found, since all questions in the Likert scale go in 
the same direction. The strongest correlations happen to be 
between data process integration and data-friendly approach, 
where R = 0.78 indicates a strong correlation. It also appears 
a strong correlation between the domain integrated archi-
tecture and data interface with a Spearman’s R = 0.72. A 

strong correlation among parameters is also referred to as 
multicollinearity.

Multicollinearity Analysis

To deepen the analysis of the correlation among parameters, 
we have examined the phenomenon of multicollinearity in 
our data. Multicollinearity refers to the high correlation 
between predictors in a multiple regression model, which 
can hinder statistical analysis and affect the robustness and 
accuracy of coefficient estimates. To mitigate this challenge, 
it is necessary to detect and address multicollinearity. This 
can be achieved through a dimensionality-reduction tech-
nique called Principal Component Analysis (or PCA) [19, 
29].

The first step in this kind of analysis is understanding how 
many components are needed to explain most of the variance 
in the sample. To this purpose a useful tool is the scree plot 
(see Fig. 4), that depicts the explained sample variance as a 
function of the number of principal components.

A rule of thumb criteria to understand how many compo-
nents are really needed to retain most of the information and 
reduce complexity, is the so-called elbow method. With the 
elbow method one looks at the start of the bend in the line 
(“elbow”), that in our case happens at dimension n. 3. We 
may, therefore, expect that in our case just three domains 
will be able to explain > 80% of the sample variance.

The biplots plot shows the domain variables as vectors 
(arrows). These vectors can be interpreted as follows [10]:

Angle—The angle that each vector makes with an axis is 
related to how much that variable contributes to that prin-
cipal component, the smaller the angle the greater the con-
tribution. In our case the process_data variable contributes 
the most to dimension 2 (and dimension 2 contributes for the 
15.1% to the total variance), while the domain process_data 
contributes negatively to dimension 2.

Table 1   (continued)

Domain Questions

(34) There is a broad and modular program for analytical skills development open to all employees and 
modulated according to career aspirations and personal interests

(35) The organization invests in the training of data analysts
INTEGRATED ORGANISATION (36) Business Analysts and Data Scientists operate in an integrated manner with the rest of the organization

(37) Analysts are in contact with corporate opportunities and challenges; they can directly impact decisions 
and influence the corporate strategy

(38) Analysts' priorities are defined according to urgencies and are not linked to the company's opportuni-
ties

DATA FRIENDLY APPROACH (39) The entire organization is pervaded by widespread knowledge and live interest in data, and the role of 
analytics is recognized in guiding the company to success

(40) Top Managers are consistently leveraging the recommendations generated by data and algorithms

Fig. 3   Spearman correlation matrix among domains scores
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Length—The longer the vector the more variability rep-
resented by that variable. In our case the variable data_strat 
contributes the most to the variance of dimension 1.

Directions—The angles/direction between vectors of 
different variables are proportional to their correlation, 
the closer the direction the greater the correlation of those 
parameters. As can be also seen in Fig.  5 the domains 
Data Interface (data_interface) vs Integrated Architecture 
(integ_arch) and Analytical Skills (analytical_skills) vs Data 
Friendly (data_friendly) are highly correlated.

The colours in the above plot represent the total contribu-
tion of each variable to the total variance. The domains that 
contribute the most are in order Data Strategy (data_strat) 
Integrated Architecture (integ_arch) and Data Interface 
(data_interface). Together these variables explain > 85% of 
the total sample variance.

To confirm this result, we performed a multilinear regres-
sion of these three variables on the total score (Fig. 6).

Fig. 4   Scree plot of the prin-
cipal components. The elbow 
method suggests that the first 3 
PC are enough to explain > 80% 
of the sample variance

Fig. 5   Biplots of the three principal components. The scalar projection of the single vector on each axis represents the contribution of that vari-
able to the principal component. For ease of visualization a colour scale proportional to the net contribution has been added
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Call:
lm(formula = total_score ~ data_strat + data_interface + integ_arch, 

    data = df_scores)

 

Residuals:
    Min      1Q  Median      3Q     Max 

-5.0028 -1.0504 -0.2449  1.3782  2.9536 

 

Coefficients:
               Estimate Std. Error t value Pr(>|t|)    

(Intercept)     5.65326    0.56090  10.079   <2e-16 ***

data_strat      4.62304    0.20976  22.039   <2e-16 ***

data_interface  2.42456    0.19200  12.628   <2e-16 ***

integ_arch     -0.04355    0.21169  -0.206    0.837    

---

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

 

Residual standard error: 1.759 on 293 degrees of freedom

Multiple R-squared:  0.861, Adjusted R-squared:  0.8596 
F-statistic: 605.1 on 3 and 293 DF,  p-value: < 2.2e-16 

The coefficient of determination R2 = 0.86 confirms that 
alone these three variables combined can explain 86% of the 
sample variability.

From the PCA and multilinear regression emerges that 
the Data Strategy, Data Interface, and Integrated Architec-
ture domains are good predictors of the questionnaire final 

score. This means that the broad range of questions posed in 
these domains are similar in nature to those of other domains 
and correlate well with other questions. It should be noted 
that this result does not evaluate the respondent subjective 
perception of the domains relative importance (evaluated 

Fig. 6   Graphical representa-
tion of the multilinear regres-
sion obtained with the R "lm" 
command. The plotted points 
are 20 rather than 297, because 
since the questionnaire has 
discrete values, the points are 
overlapped
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through AHP) but is only a reflection of the relative correla-
tion among domains.

Stratification by Company Sector and Size

A series of demographic questions were asked to the par-
ticipants when the assessment was submitted to them. We 
collected information about the characteristics of the com-
pany to which they belonged. The questions were focused 
on the company size and the sector in which it operates. 
This allowed us to stratify for such parameters and search 
for statistically significant differences, to answer our RQ2.

The results of this stratification are shown in Figs. 7 and 
8.

The stratification by company size shows that the only 
domain, where there could verify differences among the 
different-sized company is the data-friendly approach. 

However, such differences must be ascertained by means 
of appropriate statistical tools. We performed an ANOVA 
(ANalysis Of VAriance) test [11] to search for statistical 
differences among groups. ANOVA tests the null hypoth-
esis that the averages of the groups belong to the same 
distribution by testing the variance between and within 
groups. We first tested for significant differences among 
domains, the results of which are shown in Table 2.

Since the p value is p <  < 0.05, we can reject the 
hypothesis that the different domains have equal means 
(i.e., there are significant differences). Regarding the 
scores of companies of different sizes, the results were 
opposite and are summarized in Table 3.

Since the p value >  > 0.05, we observe no statistically 
significant differences among different company sizes in 
this case. This can be interpreted as companies of varied 
sizes having the same data-maturity aspirations and ambi-
tions. The stratification for the company sector also shows 
similar results. Figure 8 and Table 4 show no statistically 
significant differences in data needs and maturity scores 
among companies operating in different sectors.

The Analytic Hierarchy Process

Introduction to the AHP

The AHP is a structured technique for organizing and ana-
lyzing complex decisions. It was developed by Thomas L. 
Saaty in the 1970s, and is based on the concept of hierar-
chies, which are structures that can be used to represent a 
problem in terms of its components and sub-components. 
AHP uses hierarchical decomposition to break down a com-
plex decision problem into its component parts, and then 

Fig. 7   AHP-weighted average score by industry size. The results look 
very similar among different company sizes

Fig. 8   AHP-weighted average 
score by industry sector. The 
results look similar among dif-
ferent company sizes
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uses a combination of mathematics and psychology to evalu-
ate them and come up with an optimal solution.

The AHP methodology consists of three main steps, 
namely, pairwise comparisons and local priority vectors, 
weighted super matrix, and super matrix formation and cal-
culation. In the pairwise comparison step, the user compares 
each component to every other component and rates them 
according to their relative importance. In the weighted super 
matrix step, the relative importance scores from the pair-
wise comparison step are combined to generate a relative 
importance score for each component. Finally, the relative 
importance scores are used in a mathematical optimization 

process to generate the optimal solution to the decision prob-
lem. This solution can then be used to make an informed 
decision and select the best option.

Here is an example of how the AHP can be used to decide. 
Let us say we are trying to decide which car to buy. We may 
have several criteria that we want to consider when making 
our decision, such as price, safety, performance, and style.

First, we would break down the problem into its compo-
nent parts. In this case, the component parts would be the 
criteria that we want to consider when making our decision.

Next, we would use the pairwise comparison method to 
rate each component relative to every other component. For 

Table 2   ANOVA output

The p value <  < 0.05 indicates that we can reject with a high degree of confidence the hypothesis that the average scores of companies by 
DOMAIN are the same

ANOVA

SUMMARY​

Groups Count Sum Average Variance

DATA STRATEGY 3 1.726453388 0.575484463 0.000372
DATA-PROCESS INTEGRATION 3 1.767461022 0.589153674 0.000201
TECH INFRASTRU​CTU​RE 3 1.389559865 0.463186622 0.003198
INTEGRATED ARCHITECTURE 3 1.310043357 0.436681119 0.000883
DATA INTERFACE 3 1.030418065 0.343472688 0.001125
ANALYTICAL SKILLS 3 1.852298318 0.617432773 0.000828
INTEGRATED ORGANISATION 3 2.077575264 0.692525088 0.001193
DATA FRIENDLY APPROACH 3 2.597837495 0.865945832 0.008814

ANOVA
Source of variation SS df MS F p value F crit

Between groups 0.557008477 7 0.07957264 38.31854 7.88E−09 2.657197
Within groups 0.033225746 16 0.002076609
Total 0.590234223 23

Table 3   ANOVA output

The p value >  > 0.05 indicates that we cannot reject the null hypothesis that the average AHP-weighted scores of companies by SIZE are the 
same

ANOVA (company size)

SUMMARY​

Groups Count Sum Average Variance

Small 0–50 employees 8 4.433638116 0.554204765 0.023713
Medium 50–500 employees 8 4.47730905 0.559663631 0.027267
Large > 500 employees 8 4.840699608 0.605087451 0.031556

ANOVA
Source of variation SS df MS F p value F crit

Between Groups 0.012485788 2 0.006242894 0.226917 0.798916 3.4668
Within Groups 0.577748435 21 0.02751183
Total 0.590234223 23
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example, we would rate the performance criterion relative 
to the price criterion, the safety criterion relative to the style 
criterion, and so on.

Finally, we would combine these ratings and generate 
a relative importance score for each criterion. The rela-
tive importance scores can then be used in a mathematical 
optimization process to generate the optimal solution to the 
problem.

In this case, the optimal solution would be the car that 
best meets all our criteria.

Mathematical Framework and Results

The AHP process is a quantitative method for making 
decisions based on the relative importance that people 
arbitrarily assign to certain factors. This process requires 
answering pairwise comparison questions structured in the 
following way:

Or

Or

Weights for the single criteria are then computed accord-
ing to the formula:

(A) is X times more important than (B)

(A) is as important as (B)

(B) is X times more important than A

 which is the geometric mean (criterion 1) of the ques-
tion’s scores. The weights are then calculated by dividing 
each geometric average for the sum of all the other criteria:

The 15 questions in the second section of the CBDAS 
require the respondent to choose between a pairwise com-
parison of data maturity characteristics and how much it 
counts on a specific aspect vs one other to improve big data 
management, according to the organization's reality.

In our specific case, the AHP process was used to evalu-
ate the following company characteristics, derived from the 
conceptual CBDAS:

1.	 The proliferation of a data culture across the entire 
organization.

2.	 Availability of IT services.
3.	 Managers' support in data-driven projects.
4.	 Care of analytical talents within the company.
5.	 Satisfaction of technological needs.
6.	 Business sponsorship to facilitate data-driven decision-

making.

The respondents were allowed to rank one of the options 
from equally important to three times more important, 

V1 =
3
√
x11 ∗ x12 ∗ x13,

W1 =
V1

V1 + V2 + V3

.

Table 4   ANOVA output

The p value > 0.05 indicates that we cannot reject the null hypothesis that the average AHP-weighted scores of company sector are the same

ANOVA (company sector)

SUMMARY​

Groups Count Sum Average Variance

Consulting 8 4.445729 0.555716 0.030538
Consumer goods 8 5.172092 0.646512 0.035667
Education 8 4.705451 0.588181 0.030794
Manufacturing 8 3.972509 0.496564 0.015973
Services 8 4.37681 0.547101 0.040978
Transformation 8 5.208651 0.651081 0.022189
Other 8 6.123635 0.765454 0.054318

ANOVA

Source of variation SS df MS F p value F crit

Between Groups 0.379039697 6 0.063173 1.918852 0.096414 2.290432
Within Groups 1.613199204 49 0.032922
Total 1.992238901 55
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according to the respondent’s perspective on its organiza-
tion reality. It is crucial to figure out that not all the domains 
could always be relevant to a particular context [40]. For the 
same reason, certain factors may be more important than 
others in specific sectors. To consider these possibilities we 
allowed the respondents to assign different weights to each 
organizational need in this section of the assessment. The 
resulting AHP super matrix is shown in Table 5.

Application to the Survey

The associated weights are depicted in Fig. 9:
The results showed in Fig. 10 answer our RQ1 on the 

aspects which are judged as most important by the respond-
ents. Looking at the figure, one can see that once one con-
siders the weights from the AHP, data friendliness in the 
organization becomes the most sought-after characteristic, 

Table 5   AHP matrix results based on the interview of 261 Italian managers and entrepreneurs

Proliferation of a 
data culture across 
the entire organiza-
tion

Availability 
of IT ser-
vices

Managers' support 
in data-driven 
projects

Care of analytical 
talents within the 
company

Satisfaction of 
technological 
needs

Business sponsor-
ship to facilitate 
data-driven decision 
making

Proliferation of a 
data culture across 
the entire organi-
zation

1.0000 1.6061 0.9394 1.0000 1.6902 0.5926

Availability of IT 
services

0.6226 1.0000 0.5000 0.5000 1.2677 0.5505

Managers' support 
in data-driven 
projects

1.0645 2.0000 1.0000 0.8451 0.8923 0.8165

Care of analytical 
talents within the 
company

1.0000 2.0000 1.1833 1.0000 0.9646 0.6246

Satisfaction of tech-
nological needs

0.5916 0.7888 1.1208 1.0366 1.0000 0.6768

Business sponsor-
ship to facilitate 
data-driven deci-
sion making

1.6875 1.8165 1.2247 1.6011 1.4776 1.0000

Fig. 9   AHP weights for each of 
the dimensions chosen in this 
study. According to more than 
261 managers interviewed, the 
key factors for a company’s data 
maturity are that the business 
facilitates data-driven deci-
sions and the proliferation of 
data culture across the entire 
organization
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followed by “Integrated Organization” and “Analytical 
Skills.”

Discussions and Conclusions

We created an AHP-based evaluation system for estimat-
ing companies' data maturity and the importance that their 
managers and IT professionals assign to data-driven choices. 
Our results answer RQ1 and suggest that the data-maturity 
estimator that is considered as the most important by the 
respondents was “Data friendliness”, followed by “Inte-
grated Organization” and “Analytical Skills”. Moreover, we 
found that the relevance of the eight critical success factors 
included in CBDAS is statistically independent of the size of 
the company and the sector in which it is operating, making 
the assessment of general applicability for a broad range of 
business organizations, responding to our RQ2. Our findings 
suggest that, when companies look for new opportunities to 
use analytics, the presence of data-driven culture is of pri-
mary importance for making data initiatives able to generate 
business value [23, 39]. Data culture in a company refers to 
the collective beliefs and behaviors of the people working 
in the organization regarding the use of data. Organizations 
should ensure that everyone in the company is aware of the 
importance and value of data and data-driven decision-
making. To build a successful data culture in a company, 
it is important to provide data literacy training and work-
shops, establish data governance policies and processes, 
and create an environment, where data are easily accessible, 
trusted, and used to drive decisions. In addition, organiza-
tions should incentivize data-driven decision-making and 

recognize individuals who demonstrate a commitment to 
data-driven practices. We believe that managers’ support 
rule should be promoting a broad sense of data ownership 
by all employees and a solid connection between data pro-
fessionals and business functions [3, 6]. This enables data 
experts to directly impact business decisions and influence 
business strategy. By having top managers seeking advice 
from data analysts, organizations recognize and accept the 
central role of data in decision-making, business transfor-
mation, and innovation. Our research also highlighted how 
the characteristics identified by managers as relevant (i.e., 
corporate culture) do not correspond linearly to those with 
a higher degree of maturity. This mismatch between manag-
ers' perceptions and the implementation of concrete actions 
suggests the usefulness of a system of recommendations for 
bridging the existing maturity gap in higher priority areas.

The current study is affected by some known limitations 
that provide opportunities for future research. First, the lim-
ited sample size requires the assessment to be tested with a 
broader audience involving a larger number of enterprises 
respondents to confirm preliminary insights obtained from 
the current analysis. Second, the scope of the interviewed 
audience was limited to Italy, causing its findings to be prone 
to specific local dynamics. Third, more robust qualitative 
research is needed to assess the sufficiency of the critical 
success factors included in the assessment model that was 
used in this study. A future direction of the study would be to 
create a specific model for different company contexts capa-
ble of thoroughly evaluating how every aspect of data man-
agement change according to the complexity of the organi-
zational network [7, 13]. This will allow increasing the 
practical applicability of the rule-based recommendations, 

Fig. 10   Final scores weighted 
using the AHP process. The 
results now look quite differ-
ent, since the domain “data-
friendly” was considered the 
most important (higher weights) 
in the AHP process
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obtaining specific indications to be implemented in the pro-
cess of improving business choices.
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