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Abstract

Advances in technology and an increase in the amount and complexity of data that are generated in healthcare have led to
an indispensable revolution in this sector related to big data. Analytics of information based on multimodal clinical data
sources requires big data projects. When starting big data projects in the healthcare sector, it is often necessary to assess the
maturity of an organization with respect to big data, i.e., its capacity in managing big data. The assessment of the maturity of
an organization requires multicriteria decision making as there is no single criterion or dimension that defines the maturity
level regarding big data but an entire set of them. Based on the ISO 15504, this article proposes a fuzzy ELECTRE structure
methodology to assess the maturity level of small- and medium-sized enterprises in the healthcare sector. The obtained
experimental results provide evidence that this methodology helps to determine and compare maturity levels in big data
management of organizations or the evolution of maturity over time. This is also useful in terms of diagnosing the readiness
of an organization before starting to implement big data initiatives or technologies.
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1 Introduction ogy for data analysis and the understanding of information is

evolving. With these developments, the concept of big data

Advances in technology during the last decade have led to
an exponential growth in data generation and storage. Data
come, for example, from different technological devices that
collect information about what we do. Accordingly, technol-
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has emerged (Qinghua et al. 2017; Bodas-Sagi and Labeaga
Big 2018). This concept is already helping industries to
become more efficient and effective (Marr 2015), includ-
ing organizations in the healthcare sector. In general, “big
data” not only refer to large volumes of data that organiza-
tions manage, but also to the wide variety of data sources
and types. Additionally, this concept refers to the veloc-
ity with which data are generated or changed. These three
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characteristics of a basic definition of the term big data are
known as the 3 V’s of big data (Schaeffer and Olson 2014;
Vélez 2012). The healthcare industry has also entered the big
datarealm, because research, innovation, product and service
development require big data management. This goes beyond
improving benefits and reducing costs in this industry. Big
data are used to predict epidemics, cure diseases and improve
the quality of patients life as many decisions in these fields
are directed by evidence and facts (Schaeffer and Olson 2014;
Kim et al. 2011; Palacio Palacio 2015; Gonzalez-Ferrer et al.
2018).

Due to the wide variety of specialties that characterize
the healthcare sector, different types of organizations exist.
Many of these organizations are small- and medium-sized
enterprises (SMEHs). So it is understandable that the imple-
mentation and adoption of information technologies centered
on big data vary widely (Palacio Palacio 2015). In order to
be competitive in a globalized market, SMEHs have carried
out a series of actions tending to implement information
systems that improve their market possibilities in terms of
innovation, agility and efficiency Info-Tech Research group
(2017). This is not always an easy task, as in many cases
the required investment, personnel for data processing or the
need and difficulty to find a tailored IT solution are chal-
lenging (Santos 2014; Garousi et al. 2017). Consequently,
the conditions for starting a big data initiative or project vary
between organizations or parts of the same organization. That
is why organizations, including SMEs and SMEHs, need to
assess their level of maturity or how capable they are in man-
aging big data processes. This assessment is carried out to
establish a baseline or benchmark, which refers to compar-
ing an organization to competitors, market leaders or best
practice.

To assess the maturity level of SMEs, and of SMEHs in
particular, four well-defined development trends can be iden-
tified. A first trend focuses on the development of models,
mainly based on qualitative information, as support for deci-
sion making under uncertainty in organizations (Cabrerizo
etal. 2017; Perez et al. 2016; Capuano et al. 2018; Jian et al.
2016). In this area, a first work can be highlighted, in which
the guidelines for the selection of investment projects are
established, using for this purpose a fuzzy model, which
is integrated with the ELECTRE methodology (Rouyen-
degh and Erol 2012). The work presents a methodology
that allows the modeling of different decision criteria by
using the concepts of fuzzy logic. In this same line of
research, multicriteria ELECTRE models can be found that
incorporate subcriteria for the evaluation of logistics plat-
forms that improve distribution channels of organizations
(Antn and Alarcén 2014). Another study outlines a pair of
models that help decision making under uncertainty using
different criteria, such as ER—evidential reasoning—and
AHP—analytical hierarchy process—for the localization of
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healthcare infrastructure, taking into account the optimal
point of operation of an organization (Dehe and Bamford
2015). One of the most promising areas for the application
of multicriteria models is the SMEs (small- and medium-
sized enterprises), where ELECTRE has shown its potential
in allocating loans to start-up companies, where a series of
qualitative criteria are used, which characterize the start-up
and its market operations (Angilella and Mazzu 2015). The
use of qualitative information in ELECTRE models is a key
element of these models. A modified ELECTRE model has
been proposed for the acquisition of agricultural products
through the use of mobile devices, eliminating the subjec-
tivity associated with the buying decision and this type of
products (Lian and Ke 2016).

A second development trend is centered on the analysis of
the characteristics, the questioning and challenges related to
the management of big data in organizations. In a first article,
different free tools (OSS—open-source software) for carry-
ing out data analysis have been analyzed. In this work the
main characteristics (ownership; workload; source code; low
latency; complexity) that these tools must possess accord-
ing to the qualities of big data in organizations in different
sectors of the economy are described (Chandarana and Vijay-
alakshmi 2014). The research literature provides evidence for
the growing need of SMEs to work with big data, as they now
handle high volumes of information, finally with the aim to
achieve a closer relationship with their clients, or patients in
the health sector. As an alternative answer to the challenge
of big data management, cloud computing solutions are a
trend. However, SMEs have been “reluctant” to use tools on
the Internet, sometimes due to some technical limitations, as
in many regions of the world SME:s still do not have access
to the Internet (Schaeffer and Olson 2014). In this line of
research, the benefits of applying free tools for big data in
SMEs are evident, because this type of organizations often
does not have sufficient financial, human and technological
resources to put into operation, contract, maintain or out-
source a technological infrastructure based on commercial
big data tools and services.

A third trend focuses on the maturity models used in
organizations for software development, where a first article
emphasizes the importance of maturity models in software
engineering in small- and medium-sized enterprises (MIS-
SMEs) (Dfaz-Ley et al. 2010). Thus, many companies are
implementing processes for the improvement in models,
seeking to increase the maturity of software development
processes, where the adaptation and application of ISO/IEC
15504, a reference for maturity models, have allowed to
decrease the amount of resources required by SMEs for soft-
ware development in Spain (Garzas et al. 2013). In Garousi
et al. (2017), a comprehensive bibliographical review is pre-
sented that seeks to consolidate a list of maturity evaluation
models, associated with the challenges, benefits and results
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that these can bring to organizations (Garousi et al. 2017;
Goksen et al. 2015). Accordingly, many of the maturity mod-
els have to do with improving and optimizing the software
development process and with increasing the flexibility and
adaptability of the software to the business processes of an
organization (Kuhrmann et al. 2016). Additionally, free soft-
ware (OSS—open- source software) is a paradigm for software
development, in which groups are used for the collaborative
development, so pooling knowledge and skills can lead to
a better quality of the products, compared to conventional
software development methods. However, the literature is
not always clear in the use of methods for the evaluation of
OSS; this is why a maturity evaluation method for OSS has
been proposed by the developer community (Kuwata et al.
2014).

A fourth development trend focuses on the use of analyt-
ical tools to assess the maturity level of big data processes
in organizations, where in Roglinger et al. (2012) a frame
of reference for the capture, modeling and analysis of the
evolution of software models worldwide is established. For
this analysis, a series of analytical indicators of maturity are
defined for organizations, based on the DELTA model, which
evaluates five aspects of the organization. These aspects are
the following (Lismont et al. 2017): (1) data, (2) enterprise
or organization, (3) leadership, (4) targets or techniques and
applications, and (5) the analysts who apply these techniques.
The set of these aspects shows at what stage or level of matu-
rity the organizations is positioned, in terms of the use of
analytical techniques for data processing. In a later article, it
is shown how projects can be developed for the measurement
of maturity, gathering the most important characteristics
used for the development of maturity models (Gorog 2016;
Proenca and Borbinha 2016). Also, and independently of
a specific business process, there is an article that mentions
how to incorporate the concepts of maturity into business pro-
cess management (BPM), considering specific BPM aspects
for each organization (Scheel et al. 2015.) A recent article
that presents a systematic review of the BPMMs (business
process maturity model) most commonly used by the organi-
zations reveals that although many of the BPMMs have been
developed in the last decade, these still have an incipient use
and are showing that empirical studies must be carried out in
order to demonstrate the usefulness of the implementation of
BPMMs, separating the evaluation method from the matu-
rity model as such, which acts as a frame of reference for the
evaluation of the performance of the processes (Tarhan et al.
2016).

Despite this development with respect to maturity mod-
els and the exponential growth of data that SMEs worldwide
have experienced, there is a lack of models that allow to
measure the level of maturity of software and the use of big
data tools that are commercial or of the OSS type, to sup-
port organization’s BPM processes. In particular, there is a

need for models that evaluate the maturity level by using
tools that integrate highly qualitative information and lead
to decisions under uncertainty with regard to the acquisi-
tion, improvement and adaptation of technology, according
to the requirements that emerged with big data in SMEs in
the healthcare industry.

In this article, a multicriteria fuzzy model is proposed to
evaluate the degree of maturity of big data management in
organizations—in particular, in organizations that operate in
the health sector. The proposed model allows to evaluate
how mature or capable an organization or parts of it are with
respect to the management of big data processes. This is car-
ried out with the main objective of creating the conditions
to establish a baseline in an organization. This will reveal, if
the organization or a part of it is mature enough to initiate
big data initiatives or projects, or, in the opposite case, to
indicate the aspects that must be improved before reaching a
level of maturity that allows to undertake these projects with
a greater probability of success. However, determining the
maturity level with respect to big data is also useful for track-
ing the evolution of maturity in an organization over time or
comparing it to the competition or market leaders. For the
development of the here proposed model, five dimensions
of the business are considered and evaluated. According to
a “Transforming Data with Intelligence” (TDWI) big data
methodology (https://tdwi.org/), these are (Halper and Stoler
2014):

Infrastructure,

— Data management,
Organization,
Governance and

— Analysis.

where each of the dimensions is defined by a series of char-
acteristics. These will be described in a qualitative way,
according to the principles of fuzzy logic. The degree of
maturity will be evaluated in terms of the criteria defined
by a set of decision makers matching the before mentioned
dimensions and applying the structure of a fuzzy ELECTRE
rating model (Rouyendegh and Erol 2012). A decision maker
is an expert who provides the input to the model, based on his
knowledge and experience. The degree of maturity obtained
from the proposed model will allow SMEHs to take a series
of actions. These aim at the optimization, improvement and
acquisition of information technologies and of big data that
allow them the generation of competitive market advantages
derived from the management of large amounts of informa-
tion from different sources (Camba et al. 2016).

The following section presents the methodology that has
been applied for the development of the proposed model.
The methodology allows characterizing the maturity of big
data processes, the definition of the dimensions as well as
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their associated criteria. The here applied methodology is
based on the TDWI methodology. In this context, the struc-
ture of the rating model as well as the definition of decision
makers in terms of the criteria that define each dimension
will be described. In this same section, a basic case study
is presented to describe the operation of the model. Subse-
quently, the analysis of experimental results is outlined in a
separate section, which focuses mainly on the analysis of the
model in terms of different hypothetical SMEHs, based on the
criteria defined for each dimension. This leads to the main
conclusions and recommendations of this work that allow
organizations to address big data challenges within SMEHs
in the healthcare sector, from the perspective of measuring
the level of maturity in big data management.

2 Methodology

One of the starting points for assessing the level of maturity
in big data management of a SMEHs is the characterization
of a series of criteria regarding the operations of the business.
The evaluation of maturity is carried out through the solution
of a multicriteria problem with qualitative information, for
which a methodology is proposed that consists of the fol-
lowing stages (Angilella and Mazzu 2015): definition of the
evaluation criteria, definition of the fuzzy sets that establish
the levels of maturity and definition of the importance of each
of the criteria used in the maturity evaluation.

2.1 Selection of the evaluation criteria

The methodology TDWI (Halper and Stoler 2014) was used
to select the criteria for assessing the maturity of big data
management in SMEHs, which allows a deeper understand-
ing of the business and the technical challenges associated
with the use of tools for business intelligence (BI) and data
warehousing (DW). Accordingly, the TDWI methodology
establishes five stages of maturity: nascent, pre-adoption,
early adoption, corporate adoption and mature/visionary.
These stages imply that an organization, which operates for
example at the “early adoption” stage, has to go through
the stage of “corporate adoption” in order to get to a higher
level of maturity, where “corporate adaption” requires the
measurement of maturity for the entire organization, and not
only parts of it. That means that the scope of measurement
and maturity broadens and refers to the corporate level. A
company must pass through this level to reach, if this is
the objective of an organization, the highest level, which is
named “mature/visionary.” Consequently, the achievement
of maturity levels follows a stage gate process. In this sense,
for the organization the stages also represent, in a prescriptive
way, a route of development to follow.
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Fig.1 Measurement scale for big data maturity management

For the case of the proposed model, and according to
the characteristics that define a SMEH, the definition of the
TDWTI and the maturity assessment outlined in Info-Tech
Research group (2017), the following five levels of big data
maturity are applied (Fig. 1):

Level 0—"“Inexistent.” The organization, due to the vol-
ume of data it handles, does not treat or process big data
at present. Consequently, big data management is inexis-
tent. The organization is “immature” with respect to the
management of big data (level 0).

Level 1—“Exploring.” The organization is exploring the
topic of big data and/or is planning to start a big data
initiative.

Level 2—*“Analyzing.” The organization is getting
involved in basic data analysis (big data) and seems dedi-
cated to take the step toward defining and communicating
its “big data strategy.”

Level 3—*Integrating.” The organization is already inte-
grating massive data from traditional data sources and
business processes to gain knowledge and an integrated
understanding of them.

Level 4—*“Innovating.” The organization is fully capable
of running big data projects successfully. Big data are
being treated as an asset of the organization, and this
asset is used to innovate and create new products and
services.

These levels, which will be applied for the proposed model,
are similar to the levels of other maturity models, e.g., to
the ISO 15504 standard, which defines the following levels:
Level 0—immature organization, Level 1—basic organiza-
tion, Level 2—managed organization, Level 3—established
organization, Level 4—predictable organization, Level 5—
optimized organization.

Table 1 enumerates, at the level of an example, the build-
ing blocks for a big data maturity evaluation. These include
dimensions, criteria and characteristics for a maturity evalu-
ation.

2.1.1 Definition of the dimensions used in the evaluation

For the evaluation of big data management maturity in
SMEHSs, four dimensions have been proposed [28] (Table 1):
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Table 1 Categories of

Criteria Characteristics

. . . Dimension
dimensions, criteria and
characteristics (example) G Peo ple
G2: Process

G3: Technology
G*: Data

gi: Staffing/training

g,: Business focus/commitment

g Big data management and governance
g5: Policy

g3: Business focus/commitment

g;: Technology in place

g;: Data volume

g,: Data type

L N W kR L WK WL W

g3 Data quality

G!: Human resources and talent.

— People, their skills, abilities and leadership in big
data.

— The strategic approach and the commitment of the
management with respect to big data.

G2: The processes.

— Big data management and big data governance.
— Policies for big data.
— Business objectives and big data.

G3: The technology.

— Available technology for big data.

G*: The data.

— The volume of big data.
— Data types and sources.
— Data quality.

2.1.2 Definition of criteria and characteristics associated
with the dimensions of big data maturity

Based on Info-Tech Research group (2017), the following 44
criteria are defined for the dimensions, which determine the
maturity of big data management in an organization.

gi : The people, their skills, abilities and their leadership
in big data.

1.
g11-

1.
812°

1.
813-

The organization, i.e., the SMEH, has the staff,
the skills, capacities and time that is required to
execute a large data project, either with internal
staff through new hires or outsourcing.

There is a budget for training and instructing peo-
ple to manage big data.

Sufficient collaborators are available to imple-
ment, support and maintain any new initiative or
implementation regarding big data.

g} 4: Staff is allocated to implement, support and main-
tain any new initiative or implementation with
respect to corporate analytics regarding big data.

gisz The organization is willing to bring in external
advisors or consultants for issues, where internal
staff does not have the required skills.

g,: Thestrategic approach and commitment of the man-
agement in big data.

g%lz Planning for big data initiatives is a collaborative
effort to meet the objectives of the organization,
defined by top management and implemented by
the ICT department.

g%zz The organization believes in sharing the knowl-
edge, comprehension or understanding obtained
from big data among the business units of the orga-
nization.

g%S: Top management has a vision for the future of big
data in the organization.

g;4: Top management considers big data as one of the
key elements for meeting future business goals.

g%sz The different business units are willing to adopt
big data as a new standard within the organization.

gf: Big data management and big data governance.

g%lz The organization has hired full-time employees,
in ICT or business areas, to assume specific roles
and functions in big data.

gfzz The organization has full-time employees dedi-
cated to the analysis of big data, either ICT or
business areas.

g%3: A steering committee (or equivalent) is in place to
direct the big data approach.

g%“: Well-defined processes to digitize data are
implemented throughout the organization.

g%s: Access to a big data “platform” or “system” is
provided through a well-defined process.

@ Springer
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g%6: The organization knows and has a clear under-
standing, what types of data are currently used
and available.

g%7: Access to data sources can be provided in an agile
and timely manner, when necessary.

g%sz Big data are managed as an integral part of the
business architecture of the organization.

g%: Policies regarding big data.

g%lz The organization complies with the laws and reg-
ulations (privacy legislation, like “habeas data” in
Colombia, etc.).

g%z: The data retention policy is aligned with the strate-
gies of making data available for decision making,
knowledge seeking and analysis.

g%S: Security policies to protect data storage and trans-
mission are established.

g%: Business objectives and big data.

g%lz A big data program for the organization is in place,
which is closely aligned with business areas and
objectives.

ggzz Quantifiable metrics are applied to assess the suc-
cess of big data activities or initiatives.

g§3: The big data program or activities of the organi-
zation have a dedicated and revolving budget for
infrastructure and support.

g§4: The organization is applying big data analytics,
clearly defined tools and methods.

ggs: The organization is trying to incorporate big data
as a component of its projects or programs, daily
work and business processes.

gi: Technology available for big data.

gi’lz The organization is willing to use new platforms
like Hadoop to store and process massive data.

gfzz Currently, the organization is analyzing available
data and generating reports or scorecards from that
data.

g‘;’3: The organization can secure and encrypt large
amounts of data.

g14: At present, the organization has the necessary
technological infrastructure to integrate data from
different sources, structures, types and platforms.

g‘l': The volume of big data.

g‘l‘lz The organization administrates a volume of data
which are less than 1 Terabyte (TB).

g‘l‘z: The organization administrates a volume of data
that is between 1 Terabyte (TB) and 1 Petabyte
(PB).

g‘1'3: The organization administrates a volume of data
which is bigger than 1 Petabyte (PB).
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g‘z': Data sources and types.

g‘z‘l: Currently, the organization is already taking advan-
tage of structured data (transaction data, payroll data,
etc.).

ggzz The organization is capitalizing on unstructured data
(blogs, video, social media, documents).

gg3: The organization is exploiting more than 90% of its
internal data (which is being leveraged).

gg4: The organization is trying to take advantage of exter-
nal data.

g‘z‘s: The organization is integrating data from internal and
external sources for big data projects.

gg6: The organization integrates the knowledge, compre-
hension or understanding (insights) obtained from big
data in its processes and decision making.

gg: The quality of the data.

gglz The organization’s data and metadata are of high
quality, complete and consolidated.

ggz: End users in the organization rely on the quality
of data.

gg3: The organization converts data, so that the result is
“consumable” (ready to be processed by the “end
user”).

gg4: The organization has a well-established data hier-
archy (for example, concerning the relationship
of a category in healthcare or medicine with sub-
categories or areas)).

ggs: The organization is applying some international
quality standard for data management.

2.2 Importance of each of the evaluation criteria

One of the most important difficulties in adopting a model
of multiple criteria decision aid or analysis (MCDA) is to
determine the importance of each of the criteria that represent
the model. For this purpose, different methods have been
proposed in the literature to determine this importance (Bana
e Costa 1990; Jacquet-Lagréze 1995; Jacquet-Lagréze and
Siskos 1982; Mousseau et al. 2001; Dong et al. 2017, 2016;
Zhang et al. 2018; Liu et al. 2017).

The concept of “criteria” has different definitions accord-
ing to the compensatoriness of the multicriteria method to be
used (Bouyssou and Marchant 2007), where the concept of
compensatoriness defines the nature and degree of trade-offs
between the criteria. In a completely compensatory method-
ology, such as the multiattribute utility theory (Ralph 1993),
weights are interpreted as trade-offs, and these depend on
the scale and range of the criterion. In non-compensatory
models, such as ELECTRE (Figueira and Roy 2002) and
PROMETHEE (Brans and Smet 2016), the weights take an
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Table2 Range of qualities that R 4
describe the average of the LTs (linguistic term) Average (p) Scale (x¢;)
grades associated with each of Extremely good (EG) p=5 9
the dimensions

Very good (VG) p<5 7

Good (G) p<4 5

Medium bad (MB) p<3 3

Bad (B) p<?2 2

Very bad (VB) p=1 1

Table 3 1-9 fuzzy conversion scale—Gaussian fuzzy sets

LTs Centroids o

1 1 0

2 2 0.4
3 3 0.6
5 5 1.0
7 7 1.4
9 9 1.8

intrinsic value according to the measure of importance of a
criterion and is independent of the scale used.

Each of the characteristics associated with each criterion
is evaluated by a decision maker (DM), considering the fol-
lowing qualitative numerical scale:

Do not know,

Disagree,

Neither disagree nor agree,
Agree,

Strongly agree.

S

In this way, the value reached by each criterion can be
calculated as the average of the score for each of the charac-
teristics that are grouped in Table 2 (Rouyendegh and Erol
2012).

According to this numerical qualitative scale, each dimen-
sion can be represented as a linguistic variable, where the
fuzzy sets can be defined as follows (Rouyendegh and Erol
2012):

N2
1 [xcis;i —GY)
ujsi=eoxp | =3 (L) (1

0d

where i represents the number of dimensions or charac-
teristics that allow to evaluate the level of maturity (i =

1,2,...,nc); js indicates the number of fuzzy sets for
the linguistic scale variable according to Table 2 (js =
1,2,...,6); nc indicates the number of criteria; and u j, ;

indicates the membership value for a dimension of belong-
ing to a fuzzy set that constitutes the linguistic scale variable.

According to (Rouyendegh and Erol 2012; Sevkli 2009)
and equation (1), which defines the structure of the fuzzy
sets associated with each criterion, the numeric definition is
as follows:

Table 3 shows that the fuzzy sets increase their base as
maturity levels increase. That is due to the fact that a wider
scale is required to explain higher levels of maturity for dif-
ferent dimensions, seeking to achieve greater differentiation
with respect to the criteria of “organization,” “infrastruc-
ture” and “big data management strategy”’ (Halper and Stoler
2014).

2.3 Experimental design

For the analysis and validation of the proposed model, the
qualitative decision matrix will be constructed. This is carried
out through the participation of four decision makers (DM),
who are experts in this area of knowledge. For this matrix,
five levels of maturity (inexistent, exploring, analyzing, inte-
grating and innovating) are used as the DM is considering
each of the criteria for each group of dimensions to evalu-
ate big data maturity based on this structure. The evaluation
is carried out by using the LTs (linguistic terms) shown in
Table 2.

To evaluate the behavior of the model in this hypotheti-
cal example, evaluations are provided for four SMEHs, each
representing a different maturity level, according to the eval-
uation performed by the DM and as shown in Table 4.

Unlike the fuzzy ELECTRE model, the proposed model
will carry out the evaluation in terms of the concordance
and dominance that an SMEH has over each of the maturity
levels defined above. Likewise, the model incorporates as
a variant both the importance of the DM in the evaluation
and the importance of each of the criteria that make up the
dimensions. This makes the model flexible for this type of
evaluation.

2.4 Fuzzy ELECTRE model
ELECTRE (elimination and (et) choice translating algo-

rithm) is a family of multicriteria evaluation methods,
originally developed in 1966 (Benayoun et al. 1966) that
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Table 4' Qualitative assessment Criterion DMI DM2 DMndm

of the big data maturity level in

SMEHs SMEHs Cl C]y] C1,2 Cl,ndm
C2 Ca Can C2,ndm
Cnc Che,1 Cne Che,ndm

are part of the methods of over classification or outranking
methods. The evolution of ELECTRE methods is described
in Rui Figueira et al. (2016). One of the fundamental objec-
tives of these methods is to select an alternative by assessing
the concordance with a set of desirable points of reference and
its discrepancy with respect to other reference points. Gen-
erally, these types of models include three basic concepts:
index of agreement, index of discordance and values or ref-
erence thresholds (Rouyendegh and Erol 2012; Angilella and
Mazzu 2015; Sevkli 2009).

According to the criteria that evaluate the level of maturity
of a SMEH with respect to big data, a multicriteria evalua-
tion method is proposed, inspired by the structure of a fuzzy
ELECTRE method. The proposed method incorporates for
the evaluation the importance of dimensions and decision
makers. This method applies the following steps:

Step 1: Definition of the qualitative decision matrix. The
proposed model considers a matrix composed of j
decision makers (DMs) (j = 1,2, ...,ndm) and i
evaluation criteria (i = 1,2, ..., nc), which con-
form a matrix that shows the importance that each
DM assigns to each criterion by considering the lin-
guistic values defined in Table 2.

It is worthwhile mentioning that each input of the
matrix is described by three values that numerically
determine a fuzzy set, as described in Table 3.

Ci.j ={Cui.j» Cmij» Cui,j} (2

Accordingly, the calculation for the matrix is as fol-
lows:

dm -
Z;l:nf ldmj * Ck,i,j 3)

ndm

ki, j =

where k indicates the number of maturity levels used
for the evaluation (k = 1,2, ...,np); idm; indi-
cates the importance of each DM for the evaluation.
The importance of each criterion for a SMEH
depends on the mission and vision of the organiza-
tion. Unlike the traditional fuzzy ELECTRE model,
this model allows to incorporate the importance of
each dimension in terms of the mission and vision

@ Springer

Step 2:

Step 3:

(id;) and in general the business objectives of a
SMEH. This way, the estimation of the concordance
indices can be carried out as follows:

idmi

_ e 4
Yo cidm; @

idmn, i =
Due to the structure of each fuzzy set, the structure
of the decision matrix can be expressed as:

Xk = ———— (5)

where z indicates the number of components in a
fuzzy set (z = 1 (low), 2 (medium), 3 (high)).
Finally, the decision matrix can be expressed numer-
ically as follows:

X11 X12 ... Xlnc

X21 X22 ... X2nc
X=| . . . ) (6)

Xnpl Xnp2 - - - Xnpnc

Construction of the normalized decision matrix.
The normalization of the matrix is necessary to have
the entries of each of the X in the same order of mag-
nitude. The normalized decision matrix is derived
as:
1/xi k .
rij = —————(for minimization) (7)
nc 2
\ Zi:l l/x,-,k
Xi k o
rij = ——————(for maximization) (8)
nc 2
Dt Xk
rirr ri2 .- ne
1 122 ... npc
R=1| . . . )
nll Tni2 - - - Tninc
Calculation of the normalized fuzzy decision matrix

regarding the criteria. Generally, the fuzzy impor-
tance of the criteria can be described by each
criterion w; = (I;, m;, u;), taking into account the
matrices VV; (in Dnashvar, Proenca and Borbinha
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2016). According to the set of matrices V’V;:, the fol-
lowing procedure can be applied for each criterion:

Gi = (i mj, up) (10)
b=l ®La® QL) " (11)
mj = (mi,l Qmipn® - ® mi,np)l/np (12)
uj = (Mi,l RQuin®@---® ui,np)l/n‘" (13)

To locate each criterion in the same order of mag-
nitude, we proceed to the fuzzy normalization (FN)
of each criterion:

m = [wl,i’ Wi » wu,i] (14)

where

.y nc nc nc
Gr = (Zli, > mi, Zui) (15)
i=1 i=1 i=1

- < l; m; u; ) (16)
w; = ~ . N
' Yol Y my T Y ui

Step 4: Estimation of the hierarchization matrices. To obtain
the hierarchical matrices:

V=, Vi, Vil (17)
where the entries of each of the matrices can be
estimated:

Uik = ki X Wi (18)
Uniei = Thyi X Wpii (19)
Vuki = Tki X Wi (20)

2.5 Materials and methods

To evaluate the behavior of the model with respect to the
assessment of the big data maturity level of a SMEH, the
following metrics will be used:

— Indices of concordance: The concordance indices le’az
represent the degree of dominance that a level of maturity
of a SMEH has with regard to each of the maturity levels
that have been established as a reference for this study.
Thus, the concordance indices can be calculated:

. iy (wz,i,al + wz,i,aZ) Lc;
Cal,aZ = nee (21)

where ncc is the number of criteria that meet the domi-
nance value for each of the matching matrices and i¢; is
the index of importance of each criterion i.

The equations above show a conditional sum in terms of
the criteria in which the proposal a; (base SMEH) dom-
inates proposal ap, where ncc indicates the number of
columns that fulfill the condition.

— Indices of Discrepancy or mismatch:These indices show
the discrepancy between a proposal a; (base SMEH) and
a proposal a; (reference maturity levels). These discrep-
ancy indices are defined as follows:

nd z .2
. Do Vg, i+ — Vgy i
Dl . = (22)
1,42 an UZ . UZ
i=1|"ay,i az,i

where z = 3.

— Maturity level: The dominance of the maturity level of
an SMEH over the reference maturity levels, which have
been established for this study, is stronger when the lev-
els of agreement C§ ,, are high, whereas the discrepancy

levels D§1 ay AT low, and additionally, the following con-

dition will be met:
Cotan = C; Dy o= D (23)

where C is the average of the concordance values C P
and D represents the average of the discrepancy values

Z
Dal,a2'

3 Experimental results

To illustrate the behavior of the proposed model, a hypo-
thetical SMEH with the following qualitative evaluation
characteristics is considered for this study (see Table 5).

Step 1: Taking into account Table 6, the numerical decision
matrix that is derived from the qualitative decision
matrix, in terms of the fuzzy sets representing each
quality, is

6.0 4.0 35 45
6.0 45 55 40
50 35 25 33
40 25 33 23
33 28 23 20
1.8 23 15 23

Step 2: From this numerical decision matrix, the normal-
ized numerical decision matrix is obtained:

@ Springer
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Z?Z'feiergrifi;ﬁggvaluaﬁ‘m Criterion DMI DM2 DM3 DM4
SMEH (P0) Cl1 G VG VG G
C2 MB VG MB MB
C3 MB G MB MB
C4 G VG MB MB
Tab‘le.6 Exarpp lef fuzzy Maturity level Criterion DM1 DM2 DM3 DM4
decision matrix with five
defined maturity levels for Inexistent (P0) Cl VB VB MB B
application in a SMEH
C2 B VB MB MB
C3 VB VB B B
Cc4 B VB MB MB
Exploring (P1) Cl G VG VG G
C2 G VG MB MB
C3 VG G G G
C4 G G MB MB
Analyzing (P2) Cl G G G G
C2 MB G MB MB
C3 B MB MB B
C4 G MB B MB
Integrating (P3) Cl MB VG MB MB
C2 MB MB B B
C3 G MB MB B
C4 MB MB B VB
Innovating (P4) Cl MB MB G B
C2 MB B MB MB
C3 B MB B B
C4 VB B B MB
Table 7 Ipdices Qf cpncordar}ce c c, Cs
for each hierarchization matrix
o 8.2 o 10.25 (o 12.3
(o 6.45 c3, 8.0625 Cs, 9.675
Chs 6.0125 (or N 7.5 Cis 8.9875
Coa 5.6625 Ci4 7.0625 Cia 8.4625
Cs 5.225 C s 6.4375 Cis 7.65
Table 8 .Indices of concordance Concordance Discrepancy
and dominance for the
considered SMEH Co.r 10.250 1 Do.x 0.833 1
Co2 8.063 2 Do > 0.000 2
Co3 7.500 3 Do 3 0.000 2
Co4 7.063 4 Dy 4 0.000 2
Cos 6.438 5 Dy s 0.000 2
Average 7.863 Average 0.167
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Table 9 Qualitative

characterization of each SMEH Criterion M1 ove DM D
by four DMs considering four SMEH 1 C1 G MB MB G
criteria i) B MB G MB
C3 G G MB G
Cc4 B G G B
SMEH 2 Cl VG VG G MB
C2 G G MB MB
C3 G VG VG VG
Cc4 VG G VG MB
SMEH 3 Cl EG EG VG VG
C2 VG EG EG G
C3 VG VG EG VG
C4 EG G EG EG
SMEH 4 Cl VB MB B VB
C2 VB B B VB
C3 B VB VB B
Cc4 B VB B MB

Step 3:

Step 3:

0.230 0.205 0.189 0.246
0.230 0.230 0.297 0.219
0.192 0.179 0.135 0.178
0.153 0.128 0.175 0.123
0.125  0.141  0.121  0.109
0.067 0.115 0.081 0.123

Subsequently, the process continues to obtain the
fuzzy sets that determine each of the criteria. Matrix
w represents the fuzzy sets obtained for each of the
evaluation criteria.

0.323 0.323 0.323
0.240 0.242  0.243
0.215 0.214 0.214
0.220  0.219 0.219

N
Il

According to matrices R and W, we proceed to
obtain the hierarchical matrices that allow the esti-
mation of the concordance indices C? and also

ai,az’
of the indices of discordance, Dy, ..

0.0746  0.0493  0.0407  0.0543
0.0746  0.0555 0.0639  0.0483
0.0622  0.0432  0.0290  0.0392
0.0497  0.0308 0.0378  0.0271
0.0404 0.0339 0.0261 0.0241
0.0217  0.0277 0.0174  0.0271

V1=

[0.0745  0.0497  0.0405 0.054
0.0745  0.0559 0.0637  0.0481
0.0621  0.0435 0.0289  0.0391

V2= 0.0497  0.0310 0.0376  0.0270
0.0404 0.0342  0.0260  0.0240
| 0.0217  0.0279  0.0173  0.0270
[0.0745  0.0500 0.0405  0.05407]
0.0745  0.0562  0.0637  0.0480
V3= 0.0621  0.0437  0.0289  0.0390

0.0496  0.0312  0.0376  0.0270
0.0403  0.0343  0.0260  0.0240
| 0.0217  0.0281  0.0173  0.0270

— Based on the hierarchical matrices, the concordance

indices are obtained (see Table 7).

The average values of the concordance and discrepancy
indices obtained from the hierarchical matrices are given
in Table 8.

The hierarchization of the indices of concordance and
discrepancy can be observed in the Table 7. This allows
to describe the dominance of the level of maturity of the
modeled SMEH, based on the value of maturity defined
by the DM for each level. It can be highlighted that
the highest concordance value occurred with respect to
the level of maturity which corresponds to the level of
“innovating,” where the level of discrepancy also was
the highest, which reinforces even more that the modeled
SMEH should be considered as “innovating” in terms of
its capability in big data management. An overview of the
maturity levels obtained by each of the SMEHs, which

@ Springer
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Linguistic Variable - Maturity Level

| SMEH_4 ‘ | SMEH_2 |

| SMEH_1 |

SMEH_3

Analyzing
Integrating

—e— Innovating

7 s 3 7 8

Criteria Value

Fig. 2 Mapping for the different levels of maturity, obtained for the
SMEHs considered in Table 9, regarding the linguistic variable that
represents the maturity level

Maturity Level Map

5 Initial Profile /'

s - o /A ° ° o™
g3 L= (o ® o=
52 ) o\\\ ° °

1 .2 '3 ® ® =2

= Final Profile
0 -
3

4 5 6 7 8
Maturity Level

—e—Inexistent  —&— Exploring Analyzing Integrating  —8— Innovating

Fig.3 Mapping of the evolution of each criterion for the assessment of
SMEH,

were evaluated qualitatively, is shown in Table 9. The
SMEHs can be mapped on the linguistic variable that
shows the fuzzy sets associated with each level of matu-
rity (see Fig. 2). In this figure, it can be observed that
SM E H achieved a level of maturity between “integrat-
ing” and “innovating,” where the level of membership for
“integrating” was u; = 0.91, while the level for “inno-
vating” was u; = 0.17. This indicates that this SMEH
is at the level of “integrating,” whereas SM E Hy was
placed at a “inexistent” level with a membership value
of u; = 1.0. Finally, SM E H, and SM E H; were located
at higher membership levels, i.e., “innovating,” with a
membership value of u; = 1.0, which is in accordance
with the characteristics evaluated for each SMEH.

To observe the evolution of maturity levels of a SMEH,
the profile of maturity limits is defined for each criterion i
by the following vector:
bi = (bi1,bi 2,5 binp) (24)
Each of the maturity levels for a criterion is defined by the
group of DMs that were considered for this study. These lev-
els show how DMs perceive maturity in terms of the criteria
that define an evaluation dimension, and agree with the fuzzy
sets shown in Fig. 2.

InFig. 3, the evolution of the level of maturity for SM E Hy
can be observed for each criterion, where each criterion
undergoes a qualitative progressive improvement in the eval-
uation of each of the dimensions of maturity. This figure
shows the initial as well as the final profiles of criteria. The
initial profile shows the intrinsic importance of each criterion
for SM E Hy. However, to achieve a homogeneous matu-

@ Springer

rity level for each criterion over time, it is necessary that
the importance associated with criteria (ic;), which have a
slower evolution, has a greater importance index value. This
will be reflected directly in a greater amount of resources
and in a continuous improvement, in particular of the crite-
ria related to the dimensions “processes” and “technology,”
which contribute in defining big data maturity. This improve-
ment should be observed for the most relevant aspects that
describe each criterion, as defined above.

4 Conclusions and future work

This paper presents a fuzzy model, based on the structure of a
fuzzy ELECTRE model, for a multicriteria evaluation of big
data maturity in SMEHs. The model incorporates the impor-
tance of each evaluation criterion, as well as the importance
of each DM with respect to the final evaluation. The proposed
model also helps to diagnose, how prepared an organization
is for introducing big data initiatives or technologies (big data
readiness). The main contribution of this research consists in
applying the fuzzy type of ELECTRE in a new context, mea-
suring the level of big data maturity in SME in the healthcare
sector (SMEHs). Unlike traditional ELECTRE models, the
proposed model was modified, considering the dominance
of a proposed maturity evaluation for a SMEH over a series
of proposals that show the level of maturity of a SMEH and
taking into account the defined dimensions that are similar
to the ones used by the TDWI methodology.

The proposed model allowed a more comprehensive eval-
uation of big data maturity of a SMEH as traditional models.
This is because a linguistic variable is used that shows the
qualitative characteristics that define a level of maturity and
also as a map of characteristics that define a big data matu-
rity profile for each of the dimensions. That allows to identify
the intrinsic importance of each dimension in a SMEH and
to modify the importance that should be given to each cri-
terion or dimension with the aim to achieve a homogeneous
evolution of maturity over time.

With respect to future work, a methodology could be engi-
neered that automatically establishes the level of importance
for each criterion to achieve a homogeneous evolution of
maturity, in terms of the importance that the model allows
to assign to each of the participating DMs. This importance
could be assigned in terms of fuzzy sets with the aim to create
multidimensional spatial models, based on the effect of the
Cartesian product between the importance of DMs and each
assessed criterion.
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