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Abstract

By considering the real-life research project Pain-RELife, which focuses attention on big
data management and analytics tools over patients suffering from chronic pain, located in the
Region Lombardy of North Italy, this paper provides a relevant journey from theory to
practice about so-called Multidimensional Big Data Analytics tools over (real-life) big healthcare
datasets, as dictated by the effective project goals. This constitutes an effective contribution
to the state-of-the-art research. Our conceptual and theoretical results are corroborated by a
comprehensive campaign of real-life experimental results focused on advanced tools such
as Multidimensional Clustering and Multidimensional Regression.

Keywords: multidimensional big data analytics tools; healthcare data science; advanced
big data systems

1. Introduction

Starting from the results of the real-life national project POR 2014-2020 Regione Lom-
bardia “Pain-RELife—Ecosistema big data sostenibile e integrato per la continuita della
cura e il supporto alla decisione dei pazienti con dolore”—*Pain-RELife—Sustainable and
integrated big data ecosystem for continuity of care and decision support for patients with
pain” (Project ID: 1173269), this paper reports on the practical and experimental results we
obtained, thanks to the application of the well-known Multidimensional Big Data Analytics
paradigm (e.g., [1-4]), which represents the foundational theory of this paper, along with
lessons learned.

In more detail, in the Pain-RELife project, starting from a kernel real-life chronical-pain-
patient dataset, with a special focus on important diseases, such as Fibromyalgia, Ictus, and
Cancer, we artificially build a synthetic multidimensional database named PainRELifeDB via ad
hoc Random Sampling Techniques (e.g., [5]) that strictly adhere to the multidimensional nature
of the schema. One specific characteristic of the PainRELifeDB database is represented
by the pain-level questionnaire, where patients report on their levels of pain following the
therapy. This questionnaire is completely encoded in the database and, as a consequence,
in the multidimensional big data analytics tools developed by our Cloud-based framework,
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as a relevant extension of classical big data analytics tools (e.g., [6]). As an immediate
consequence, the knowledge derived from such multidimensional analysis is of primary
interest for the underlying healthcare analytics (e.g., [7]).

Inspired by this line of research, this paper proposes an overview of our Cloud-Based
Multidimensional Big Data Analytics framework, along with the tools we introduce and exper-
iment in the context of this new big data analytics methodology, namely Multidimensional
Clustering (e.g., [8]) and Multidimensional Regression (e.g., [9]), which are applied to the
specific case of big healthcare data analytics (e.g., [10,11]). The first one is a powerful extension
of classical clustering tools directly applied to the core multidimensional modeling of the
target dataset via meaningful dimensions and measures. The second one is a nice general-
ization of the one-dimensional regression technique along all the simultaneous dimensions
of a given multidimensional space. One of the main results of our research is, indeed,
showing how these complex multidimensional big data analytics tools can be applied to
real-life settings for effective and efficient healthcare analytics.

Indeed, the relevance of big data analytics applied to the healthcare setting has already
emerged as one of the most exciting factors in recent big data research (e.g., [11]). Big
data analytics in healthcare is a rapidly evolving field that leverages large and complex
datasets to improve patient care, streamline operations, and advance medical research.
This evident relevance is highlighted by many key points. First, big data analytics enables
healthcare providers to analyze vast amounts of patient data in real-time, leading to more
accurate diagnoses and personalized treatment plans. Second, healthcare organizations can use
big data to optimize their operations, from managing patient flow to reducing wait times and
improving resource allocation. This leads to cost savings and better utilization of medical
resources. Third, big data analytics accelerates medical research by providing researchers
with access to large datasets that can reveal patterns and correlations previously unnoticed,
thus improving medical research. Lastly, by analyzing data from various sources, such as
electronic health records and wearable devices, public health officials can monitor and
respond to health trends and outbreaks more effectively. This is crucial for managing
epidemics and improving overall public health.

This paper is an extension of the previous conference paper [12]. With respect to the
previous contribution, in this paper, we significantly extend the experimental analysis of
our analytical framework by also adding novel and meaningful case studies.

The remaining part of this paper is organized as follows. In Section 2, we provide an
overview of our proposed architecture. Section 3 is devoted to the PainRELifeDB database,
describing its anatomy and generative process. In Section 4, we describe the multidimen-
sional modeling embedded in our Multidimensional Big Data Analytics methodology.
Section 5 moves the attention to the design and implementation of the Multidimensional
Big Data Analytics tools embedded in our architecture, along with their experimental eval-
uation against real-life datasets coming from the Pain-RELife research project. In Section 6,
we provide our remarks about the outcomes of our research and future research directions.
Finally, Section 7 reports conclusions and future work of our research.

2. A Cloud-Based Multidimensional Big Healthcare Data Analytics
Framework: Anatomy and Main Layers

In this Section, we present the extensive reference architecture of the proposed frame-
work for effective and efficient supporting Multidimensional Big Data Analytics; this
clarifies the integration of specialized methods.
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2.1. General Overview

We aim to provide a framework that can be used as a guide and help in extracting
valuable insights and performing multidimensional data analysis in big healthcare settings.

Figure 1 illustrates our proposed architecture, which consists of three essential hierar-
chical levels, representing different steps of our approach to extract valuable and actionable
information. It also shows data structures, models, and data information like companies,
drugs, hospital structures, medical personnel, etc., as well as different tools that we use in
the process.

BT ea
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Storage and Efficient Tools for Multidimensional Big Data Analytics Layer

Multidimensional Multidimensional
Clustering Regression

o &
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Report - Decision making process

Utilization Multidimensional Data Structures and Reporting System Layer

Figure 1. Cloud-Based Multidimensional Big Healthcare Data Analytics Architecture.

As shown in Figure 1, the proposed architecture demonstrates the usefulness of Multi-
dimensional Big Data Analytics in specific use cases, such as healthcare. In summary, this
real-life architecture consists of three fundamental layers that work together to enable an
effective and efficient model for multidimensional big healthcare data analytics. In greater
depth, the reference architecture is composed of three hierarchical tiers that incorporate
several large-scale data/model components. Specifically, it is made of the following layers:

e  Big Data Collection Layer. In this layer, collecting data is an essential step. Healthcare
data is generated from different data sources with various types and formats. The
focus is on obtaining data about specific individuals and patients, including their
demographics, medical history, and other potential ailments. Additionally, data collec-
tion involves gathering information on other actors in healthcare domains, such as
pharmaceutical products (e.g., drug composition, dosage, side effects, manufacturers,
suppliers, and so forth). By capturing this data, users, providers, and companies in-
volved in the target healthcare system can gain valuable insights, which help improve
the healthcare sector (e.g., provide patients with specific treatments, improve supply
chain management, etc.).

e  Big Data Storage Layer. In this layer, all data from the previous layer are stored in
PainRELifeDB, implemented on Microsoft SQL Server, which is used as a supporting
data server for the analytical interpretation of multidimensional data, providing more
realistic modeling for real-life databases that aim for high effectiveness, efficiency, and,
notably, scalability across big data. In order to support multidimensional analytics,
the so-called Multidimensional Star Schema [13], which enables us to perform Online
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Analytical Processing (OLAP) [14] complex analysis operations such as slice-and-dice,
drill-down, and roll-up on multidimensional data cubes (e.g., [13,15]), is introduced.
Critically, all OLAP operations performed on these data cubes are subject to the
security policies enforced by the Security and Privacy capabilities (see Section 2.2). For
instance, Access control rules are translated into dynamic query predicates that filter
multidimensional data based on the user’s attributes and permissions, ensuring that
sensitive Protected Health Information (PHI) is only accessible to authorized personnel
with legitimate clinical or research needs (e.g., [16,17]). This prevents unauthorized
data leakage and inference attacks during interactive analytical sessions. Therefore,
deriving data cubes stores data in a structured format that is optimized for analytical
queries, allowing for fast retrieval of aggregate data. Furthermore, Microsoft SQL
Server Analysis Services 2019 (SSAS) is an essential component in the Big Data Storage
Layer. SSAS enables us to perform complex analysis on big data and gain valuable
insights to support decision-making processes. Note that our framework applies a
variety of optimization approaches, advanced tools, and technologies, including data
partitioning, Machine Learning (ML), and predictive modeling. Additionally, pivot analysis
(e.g., [18]) is performed as a starting point for the whole big data analytics process.
This analysis provides an effective two-dimensional interface for exploring aggregate
data in a multidimensional data model.

e Multidimensional Reporting Layer. The last layer is the front-end of our framework.
It includes different types of analysis, which is mainly based on OLAP analysis
integrated with the proposed Multidimensional Data Mining techniques, such as
(1) Multidimensional Clustering, which is a crucial tool for analyzing large volumes
of multidimensional data efficiently, and (i) Multidimensional Regression, which is
an ML method used for predictive modeling to discover new insights and predict
trends by analyzing current data distributions. Furthermore, various analyses are
performed based on discovered patterns and analytical results to gain valuable and
actionable information (e.g., best drug, common side effects, and so forth). Different
data visualization tools are used to deliver the results well graphically, which helps users
understand complex patterns, trends, and outliers in the target healthcare repositories.

It is a matter of fact that, in sensitive sectors like healthcare, tools required to handle
and interpret reporting data efficiently are mandatory for healthcare actors. Therefore,
the proposed framework represents a meaningful step toward integrating advanced Mul-
tidimensional Big Data Analytics into clinical practice, paving the way for significant
innovations in medical practices and providing a blueprint for future systems that aim to
improve patient outcomes through data-driven insights.

Apart from analytics considerations, it should be noted that our proposed framework
must also take into account performance aspects (e.g., [19]). Indeed, it has been proven
that when big datasets are processed for analytics purposes, the relevant computational
overheads are introduced, especially for the case of big multidimensional data (e.g., [20]).
These drawbacks affect all the main big data management phases, including accessing,
indexing, and querying, so that effective optimization solutions must be devised. As a
consequence, specific big data optimization design issues (e.g., [21]) must be seriously taken
into account. The latter is yet another contribution of our research.

2.2. Security and Privacy Aspects

Given the sensitive nature of PHI processed by our framework, dedicated Security and
Privacy capabilities are integrated across all three architectural tiers, Collection, Storage, and
Reporting, in order to ensure comprehensive protection against unauthorized access, data
breaches, and cyber intrusions.
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Among several security and privacy mechanisms (e.g., [22-26]), in our framework, we
have opted to leverage the following ones:

e Data Encryption: All PHI stored in the PainRELifeDB database and its derived multi-
dimensional data cubes are encrypted at rest using the Advanced Encryption Standard
(AES-256) [26]. AES-256 is a NIST-approved symmetric encryption algorithm widely
adopted in healthcare for its proven robustness and computational efficiency. Addi-
tionally, all data transmitted between the Collection, Storage, and Reporting layers are
secured using Transport Layer Security (TLS) 1.3 protocols (e.g., [27]), in order to ensure
protection against spying and man-in-the-middle attacks during OLAP query execution
and data transfers.

o  Fine-Grained Access Control and Secure OLAP Query Processing: To enforce the principle
of least privilege, we implement Attribute-Based Access Control (ABAC) [22] within
the Big Data Storage Layer. ABAC enables the definition of dynamic, fine-grained access
policies based on user attributes. For example, a general clinical practitioner may only
access aggregated pain statistics for their assigned patients, while a hospital adminis-
trator may view broader regional trends. This is complemented by Role-Based Access
Control (RBAC) at the system level (e.g., [28]), managing user authentication and au-
thorization for the SQL Server and SSAS instances. This multi-layered access control
ensures that clinicians and analysts can only retrieve the specific multidimensional
data subsets necessary for their clinical and administrative responsibilities, which
effectively prevents privilege abuse and unauthorized data exposure.

o Audit Logging and Blockchain Integration: To ensure non-repudiation and regulatory com-
pliance, all Audit Logging and Blockchain Integration data access events and OLAP
query executions are recorded in a tamper-proof audit log. We integrate a permis-
sioned blockchain, such as Hyperledger Fabric (e.g., [29]), to store these audit records
immutably [7]. This blockchain-based logging provides an immutable and verifiable
trail of all data interactions, which is essential for meeting the stringent audit require-
ments of regulations such as General Data Protection Regulation (GDPR) and Health
Insurance Portability and Accountability Act (HIPAA) (e.g., [24,25]).

e  Privacy-Preserving Data Sharing: In scenarios where data must be shared with external
collaborators or research partners, our framework supports privacy-preserving data shar-
ing mechanisms (e.g., [30-32]). Following the principles of the Patient-Centric Blockchain
Framework for Transparent and Secure Medical Data Sharing Using Modified AES [26], we
adopt a patient-centric approach where patients retain ownership and control over their
data. Modified AES encryption [26] can be applied to shared datasets, ensuring that only
authorized recipients with the correct decryption keys can access the information.

By embedding these multi-faceted security and privacy mechanisms (e.g., [22-26])
directly into the architecture, our framework transforms from a research prototype into a
clinically viable platform capable of operating in real-life healthcare environments while
maintaining the high analytical utility required for effective chronic pain management
and research.

3. The PainRELifeDB Database

In this Section, we provide a detailed description of the design and the implementation
of the database PainRELifeDB.

One partition of the target data is a patient survey, which is a questionnaire designed to
evaluate patients’ perceptions of pain. In more detail, patients are affected by two specific
disease conditions: stroke and early breast cancer. All patients live in the same region, i.e.,
Lombardy. The goal of this survey is to collect valuable information about patients who
suffer from chronic pain. The pain can be divided into two categories: (i) Neuropathic
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pain: it is nerve pain that can happen if the nervous system malfunctions or is damaged;
(i1) Nociceptive pain: it is a type of pain caused by damage to body tissue. In our data
collection modeling, we extract and analyze patients” experiences reported before and
after various medical treatments by providing questionnaires. The questionnaire data is
stored in a separate table called Survey, which acts as a reference point for measures of the
multidimensional modeling.

The sections within the table Survey consist of the following field types:

e Pain Catastrophizing Scales (PCS): The PCS scale consists of 13 attributes (PCS1-PCS13)
that represent patient responses to their thoughts and feelings that may be connected
with pain. The PCS is a widely validated psychological instrument used to assess
catastrophic thinking related to pain experiences [33]. This attribute partition asks
questioned patients to identify the frequency (on a scale from 0 to 4) with which they
experience these thoughts and feelings while they are in pain.

e  Brief Pain Inventory (BPI). BPI scale comprises 16 levels. It requires interviewing
patients to indicate whether they have experienced pain. The BPI is a standardized
questionnaire that evaluates both the intensity of pain (sensory dimension) and the
degree to which pain interferes with daily functioning (reactive dimension) [34]. The
aim is to evaluate the impact of the pain in relation to the performance of daily
activities and emotional states.

e  Patients” Global Impression of Change (PGIC). PGIC scale allows patients to describe
their opinion of a probable change in pain (Yes or No), as well as a numerical value
of this change (on a scale from 1 to 10). PGIC is a commonly used single-item measure
that captures the patient’s perceived overall improvement or deterioration following
treatment [35].

e Health Assessment (SF). The SF scale requests that patients provide their perceptions of
their emotional condition, performance of work activities, and health status. These
metrics are derived from Standardized Health Status Questionnaires (e.g., SF-36) that
assess physical functioning, role limitations, and general health perceptions [36].

We use Microsoft SQL Server as a primary tool to create and manage the PainRELifeDB
database. It allows users to perform various tasks such as creating, reading, and importing
data, writing and executing queries, designing databases, managing security, and config-
uring server settings. Additionally, we use SQL Server Management Studio (SSMS) for the
specific big data analytics tasks.

The PainRELifeDB database is stored on a virtual infrastructure that runs on the
VMuware vSphere platform with a three-physical-node cluster (Foundation license). Each node is
an ESXi host machine that features 256 GB RAM and two Intel(R) Xeon(R) Gold 5120 24 core
CPU at 2.20 GHz with Hyperthreading (56 logical CPUs). In summary, over the three cluster
nodes, 21 VMs are deployed. The three cluster nodes are designed for high reliability; hence,
in case one of the three fails, all of the VMs in this node will be automatically restarted on
one of the two remaining operational hosts.

In the following, we provide a detailed illustration of the database PainRELifeDB,
along with its dimensions and hierarchies. First, Figure 2 shows the percentage of disk
space occupied by the database PainRELifeDB, which corresponds to 2.72 GB, with the
corresponding legend that shows how the space is allocated.

As shown by the PainRELifeDB schema in Figure 3, several dimensions have been
introduced in the PainRELifeDB design to allow for a complete analysis of complex data,
according to various perspectives of analysis. The database includes tables such as Report,
Physician, Patient, Pathology, Geography, and Drug, each of which serves as a different OLAP
dimensional table that contributes to multidimensional data analysis, along with the previous
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table Survey that acts as a fact table. Note that we specifically designed the PainRELifeDB
database to facilitate the integration of multidimensional data.

10.74%

1504z

m Unallocated = Unused Index 1 Data

Figure 2. Space Occupancy for the Database PainRELifeDB.

Figure 3. PainRELifeDB Schema.

Here, we report an example of a multidimensional dimension embedded in PainRE-
LifeDB. The dimensional table Report, shown in Figure 4, contains crucial information about
patients by storing data about the reports edited by patients over time. In this context,
individual patients may be required to complete multiple questionnaires, which may affect
data accessibility. Therefore, the date of the report must be recorded. In addition to this, to
make it easier to organize and access this data, Report includes a hierarchical structure: Day,
Week, Month, Quarter, and Year. Thanks to this hierarchical structure, it is possible to record,
in fact, the particular day on which each survey is done, along with its OLAP dimensional
hierarchy, which can then be modeled by hierarchical levels [37] not only for improved
representation but also for enhanced multidimensional querying and analytics (e.g., [20]).
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Report

¥ TaxCodePhysician

¥ TaxCodePatient

¥ IDSurvey
IDDay
StartTime

EndTime

Figure 4. Dimensional Table Report.

The importance and usage of OLAP hierarchies in Multidimensional Big Data An-
alytics has been highlighted in several relevant research efforts (e.g., [14]). Indeed, in
today’s data-driven world, organizations are inundated with vast amounts of information
from various sources. The challenge is not just to store this data but to transform it into
actionable insights. This is where OLAP hierarchies become indispensable. In fact, on
one side, OLAP hierarchies enable users to explore and analyze data in a structured and
intuitive manner, thus ensuring a structured exploration of target data (e.g., [38]). Not by
chance, this hierarchical structure makes it easier to identify patterns, trends, and anomalies
that might be missed in a flat data model. On the other hand, OLAP hierarchies enhance the
performance of complex (OLAP-like) queries, due to the fact that, by pre-aggregating data at
various levels of the hierarchy, OLAP systems can quickly retrieve summarized information,
reducing the need for time-consuming computations on raw data (e.g., [13]). This efficiency
is crucial in big data environments where query response times can significantly impact
decision-making processes (e.g., [39]). Lastly, OLAP hierarchies support multidimensional
analysis by providing a framework to analyze data across different dimensions (e.g., [39]),
thus fulfilling the requirement of examining data from multiple perspectives (i.e., multiple
dimensions) of popular big data analytics systems.

In summary, the importance of OLAP hierarchies in Multidimensional Big Data An-
alytics cannot be overstated. They provide a robust foundation for exploring, analyzing,
and visualizing complex (big) datasets.

4. Populating PainRELifeDB: Synthetic Data Generation

As mentioned in Section 1, PainRELifeDB database is populated with synthetic data,
such that generated data relies on the integration of real-life data obtained from patient
questionnaires and medical professionals coming from the real-life project Pain-RELife.
In this Section, we focus on synthetic data generation models and algorithms introduced in
our research.

4.1. Synthetic Data Generation Process

The adoption of synthetic data generation tools and algorithms is a relevant research
innovation, and it is emerging more and more in the specific big data setting (e.g., [40]),
even due to the obvious difficulties of acquiring complete real-life big datasets for non-
commercial purposes (e.g., [41]). On the other hand, the quality, the accuracy, and the
effectiveness of systems and tools developed on synthetic data (e.g., for simulation and
tuning purposes) have already been largely proven (e.g., [42]).
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Synthetic data are generated from real data using algorithmic data generation techniques
via sampling, depending on the features and characteristics of the original (real) dataset
(e.g., [43]). Moreover, there are random approaches that create random samples from prob-
ability distributions or random numbers within a predefined range. Furthermore, some
methods use interpolation techniques to generate synthetic data to fill gaps in a dataset
that contains missing values. Figure 5 shows the data generation process for PainRELifeDB.

=
s
fid

&
=

Data Source Sampling Algorithm PainRELifeDB

Figure 5. Algorithm for Populating the Database PainRELifeDB.

Methods such as averaging, linear regression, and so forth are used to compute and
estimate missing or incomplete values (e.g., [44]). Additionally, samples can be randomly
generated from the real data and then manipulated to produce new data. ML models can
also be used by taking the attributes of original data and producing new versions with
the same style and distribution as the original data (e.g., [45]). Note that while producing
synthetic data, it may not correctly reflect the complexity and diversity of the original data;
therefore, dealing with the generated data requires much attention, and it is critical to
analyze synthetic data and properly evaluate its quality before using it for a given goal.

Synthetic data may be used for different purposes, including data analysis, training
ML algorithms, and testing new models. Generally, synthetic data can be used as a
complementary or as a substitute for actual data. Specifically, when it is difficult or costly
in time or money to gather real big data, generated data is beneficial in testing new models
or algorithm capabilities, and exposes it to unique situations, scenarios, or events that do
not regularly occur in reality or the data that rarely can appear in real life.

The first phase in our process is to collect patient surveys that include a range of
information, such as patient demographics, medical history, and pain level. These questions
are important in obtaining a thorough picture of the patient pain experience. The surveys
are thoroughly examined to ensure that data are accurate and consistent. This stage is
critical because it guarantees that data utilized to analyze the patient population are accurate
and representative. Data are then organized and written in the PainRELifeDB database,
and various data fields from the surveys must be allocated to the respective columns in
the database. Note that the PainRELifeDB database was designed with scalability and data
analysis flexibility in mind.

Here, we present our methods for producing synthetic data using real data as input
and random sampling (e.g., [5]), which results in the synthetic database named Synthetic
PainRELifeDB. Figure 6 shows the steps and functions that we utilize to create data. In
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particular, we utilize specific configurations based on the characteristics of each type of
data to be generated. Essentially, our functions generate the final synthetic data using
the same database, PainRELifeDB, which contains the real data from which the synthetic
data are generated. The functions developed depend on the type of data to be created,
namely categorical data, numerical data (which is further divided into Integer data and Double
data), temporal data, and Boolean data. As shown in Figure 6, depending on the type of
data, we generate random data via sampling and load the result into the final synthetic

[ ] , 1 ]
[getCategoricalAttribute(D)][getNumericalAttribute(D)] DateTimeAttribute (D) ][getBooleanAttribute(D)]

:

multidimensional database.

Is

[compuleSeedSet(Ss(Ai))] Double computeMinMax(A4)) ]
| |
EandomSampling(Ss[Aﬂ,Ai)] [computeMinMax(Ai) ] randomSampling(dMin,dMax,Ai)]
i l [ randomSampling(47) ]
[getNumericalAtlribute(D)] [getNumericalAttribute(D)]

lloadSyntheticData(RﬁAi)J

Figure 6. Generation of Synthetic Data for the Database PainRELifeDB.

The synthetic data generation process is driven by advanced random sampling algorithms
(e.g., [5]) that operate by extracting sample distributions from the original real-life datasets
and generating new instances adhering to these multidimensional probability distributions. To
ensure the reliability of the generated data, a rigorous validation process is implemented
(e.g., [46,47]). This process involves comparing the statistical properties, such as mean,
variance, and multivariate correlations, of the synthetic dataset against the original real-life
data. By evaluating these metrics, we guarantee that the synthetic data accurately preserves
the original data patterns and clinical behaviors without introducing new, artificial, or
biased patterns, thereby validating its effectiveness for downstream multidimensional
analytics. More specifically, to ensure the reliability of the analytical results, the synthetic
data generation process in PainRELifeDB was not purely stochastic. We employed a stratified
random sampling approach (e.g., [48,49]) based on the Probability Distribution Functions
observed in the preliminary real-life pilot data from the Lombardy region. Specifically, key
correlations between patient demographics (age, gender) and pain intensity (Numerical
Rating Scale—NRS) were preserved by applying conditional probability constraints during the
generation phase, ensuring that the synthetic population maintains the statistical essence
of the clinical reality while fully respecting patient privacy and GDPR requirements.

4.2. Validation of Synthetic PainRELifeDB

To substantiate the fidelity of our synthetic data generation process, we performed a
comprehensive quantitative validation comparing Synthetic PainRELifeDB against the origi-
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nal real-life dataset from the Lombardy region. This validation ensures that the analytical
results derived from the synthetic data are generalizable to genuine clinical populations
and are not biased by Artificial Generation Artifacts.

For each continuous clinical variable, including Age, NRS, BPI, and PCS scores, we
applied the two-sample Kolmogorov—Smirnov (KS) test (e.g., [50,51]). The KS test measures the
maximum absolute difference between Empirical Cumulative Distribution Functions (ECDFs).
Given two independent samples (real and synthetic) of sizes n; and n;, the two-sample KS
statistic is defined as follows:

Dy, = max|Freal - Fsynth| 1)

where F; and Fyy,y, are the empirical cumulative distribution functions of the real and
synthetic samples, respectively. The null hypothesis posits that the synthetic and real
samples are drawn from the same continuous distribution. The test statistic, denoted as T,

is then defined as follows:
ny X np

ny +np

T - D}’ll,)’lz X (2)

The corresponding p-Value is computed using the Kolmogorov distribution, which ap-
proximates the probability of observing a test statistic at least as extreme as T under the
null hypothesis (e.g., [50,51]).

Across all tested variables, the resulting p-values consistently exceeded the 0.05 signifi-
cance threshold, which confirms that the synthetic distributions are statistically indistin-
guishable from their real-life counterparts. Table 1 reports the KS test results for the most
clinically relevant variables.

Table 1. Kolmogorov-Smirnov Test Results for Key Clinical Variables in PainRELifeDB.

Variable KS Statistics (D) p-Value
Patient Age 0.084 0.73
BPI Average Pain 0.071 0.89
BPI Interference 0.092 0.62
PCS Total Score 0.078 0.81
PCS Rumination 0.065 0.94
PCS Magnification 0.103 0.47
PCS Helplessness 0.087 0.69
NRS Pain Intensity 0.095 0.58

It should be noted that the high fidelity achieved is a direct result of our stratified random
sampling methodology (e.g., [48,49]), which was constrained by the empirical Probability
Distribution Functions observed in the original data. Critically, we applied conditional
probability constraints, for example, ensuring that the joint distribution of age, gender,
and pain intensity in the synthetic population mirrors the clinical reality observed in the
Lombardy cohort. This approach prevents the introduction of implausible patient profiles
while fully preserving the multivariate essence required for reliable healthcare analytics.

By providing this multi-faceted quantitative validation, we confirm that the synthetic
PainRELifeDB is a robust proxy for real clinical data.

5. Design and Implementation of Multidimensional Big Data
Analytics Tools

In this Section, we focus attention on the design and implementation of Multidimen-
sional Big Data Analytics tools embedded in our proposed architecture.
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5.1. Experimental Setup

To ensure the reproducibility and transparency of our experimental evaluation, we
provide here a comprehensive description of the data scale, computational infrastructure,
and algorithm-specific parameters employed throughout our research.

The synthetic PainRELifeDB database comprises approximately 2.72 GB of data (see
Figure 2), with the central fact table (Survey) containing over 1.2 million records. This scale
is representative of typical real-life healthcare repositories at the regional hospital network
level, ensuring that our performance and scalability results are practically relevant.

Regarding the computational infrastructure, the PainRELifeDB database and all analyt-
ical computations were hosted on a VMuware vSphere virtualized cluster consisting of three
physical ESXi host nodes. Each node features 256 GB RAM and two Intel(R) Xeon(R) Gold
5120 24-core CPUs at 2.20 GHz with Hyperthreading (totaling 56 logical CPUs per node).
Across the three cluster nodes, 21 Virtual Machines (VMs) are deployed, with dedicated
resource allocation for the Microsoft SQL Server instance hosting PainRELifeDB. The cluster
is configured for high availability, such that if any node fails, its VMs are automatically
restarted on the remaining operational hosts.

5.2. Experimental Results

Figure 7 shows the conceptual Dimensional Fact Model (DFM) [52] through which it is
possible to represent data within the main OLAP data cube over PainRELifeDB.

Demography Patient Physician ’é Genetics

Medical —
Image Geographical . Anamnesis
Area ] Time
Pain Scale I
CH— O | | Clnice!
Patholo i
Y Medical Medical Physiology
Facility Operator

Drug | Clinical Test
Therapy Protocol Follow-Up ‘

Figure 7. DFM over the Database PainRELifeDB.

This model captures the dimensions of analysis and the relevant facts pertaining to the
modeled reality. The multidimensional model offers several key advantages: (i) provides
support for conceptual design; (ii) creates an environment for intuitive and guided querying.
In terms of graphical representation, the DFM is depicted as a star schema. At the center
of the diagram, Pain Scale, also referred to as Survey, holds prominence in the decision-
making process. The measure Survey is intricately linked to 17 dimensions by establishing
relationships that reflect the analytical dimensions of the model. The multidimensional
data analysis involves utilizing prominent analysis and reporting tools, such as Microsoft
Excel. These tools aim to simplify the analysis process by providing specific functions and
formulas and enabling the creation of relevant visualizations. In addition, the analysis
encompasses the use of two specific Data Mining structures. The first structure, known
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as Multidimensional Clustering, clusters similar elements into distinct groups or clusters
based on shared characteristics and attribute values in a multidimensional space.

This clustering process facilitates the differentiation of clusters based on their proxim-
ity or distance from one another. The second structure, Multidimensional Regression, is
used in the application domain of ML, an important branch of artificial intelligence. ML
focuses on a machine’s ability to generalize experiences and perform inductive reasoning.
Notably, Multidimensional Regression demonstrates its strength in autonomously generat-
ing examples, which it achieves by training on a set of learning data. By employing the
DFM and utilizing the aforementioned structures, we can benefit from a comprehensive
and efficient approach to data analysis.

The selection of the underlying algorithms for both Multidimensional Clustering and
Multidimensional Regression is carefully driven by the specific characteristics of multidimen-
sional healthcare data, particularly the high-dimensionality and heterogeneous measure-
ment scales (e.g., [53]).

For the Multidimensional Clustering task, we adopted the K-Means++ algorithm [54].
This choice is motivated by its computational efficiency and scalability; its time complexity
scales linearly with both the number of data points and the number of dimensions, making it
well-suited for large healthcare data cubes. Critically, prior to clustering, we apply normal-
ization (e.g., [55]) to all continuous dimensions (e.g., Pain Scores, Age, and PCS/BPI scales).
This normalization step is indispensable in multidimensional settings as it ensures that
all dimensions contribute equally to clustering metrics. Without this normalization, vari-
ables with larger numerical ranges (e.g., Age) would dominate the distance computations.
To determine the optimal number of clusters, k, we combined the Elbow Method (e.g., [56])
with the Silhouette Coefficient (e.g., [57]). The Silhouette Coefficient, which quantifies both
intra-cluster cohesion and inter-cluster separation, serves as a critical validation metric in
high-dimensional spaces.

Moreover, for the Multidimensional Regression task, we implemented a Multivariate
Linear Regression model (e.g., [58]) with Lasso (L1) regularization [59]. In the context of
multidimensional data, multivariate regression enables the simultaneous prediction of
multiple correlated outcome measures (e.g., different BPI pain dimensions). The addition of
L1 regularization is particularly beneficial for healthcare analytics, as it performs automatic
feature selection by driving the coefficients of irrelevant or redundant predictors to zero.
Given that our multidimensional data cubes contain numerous highly correlated clinical
variables, Lasso regularization effectively identifies the most influential predictors of pain
progression while preventing overfitting and preserving model interpretability. Model
performance was evaluated using standard metrics, including Root Mean Square Error
(RMSE) and R-Squared (R?) metrics (e.g., [60,61]), which confirmed the model’s strong
predictive power and reliability across the multidimensional feature space.

According to a more general interpretation, the primary aim of multidimensional
analysis is to extract pertinent information from a substantial volume of data, which, taken
individually, could not be considered suitable for satisfying more in-depth analyses. How-
ever, analyzing the main data cube in its entirety could cause anomalies that would disfavor
or, in the worst-case scenario, prevent a very specific manipulation of the data itself.

Consequently, the main data cube is partitioned into three distinct target cubes, each
representing specific dimensions. In our experiments, we provide results on the following
data cubes: (i) PatientCube; (ii) PhysicianCube; (iii) PathologyCube. It should be noted here
that these data cubes are effective and efficient in assessing the capabilities of our proposed
multidimensional big data analytics framework since they touch various perspectives of
analysis one can find in real-life healthcare settings. Not by chance, the first data cube
focuses on patients, the second on physicians, and the third on pathologies. The latter are
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fundamental perspectives of the whole analytical domain, on which further analysis may
also be devised.

First, PatientCube, shown in Figure 8, is designed to store and organize data specifically
related to patients. The fact table Survey contains various key attributes and measures
related to patient information. Survey is linked to important dimensions such as Patient,
Geography, Anamnesis, Diagnosis, and Report. Patient is further divided into several hierar-
chies to provide more detailed analysis of patient data. The hierarchies include PatientType,
PatientSubCategory, and PatientCategory, allowing for different levels of classification and
segmentation of patients. Report focuses on the temporal aspect of patient data. Like
Patient, Report features a hierarchy that includes Day, Week, Month, Quarter, and Year. This
enables analysis of patient information based on different time intervals. Geography, on the
other hand, allows for analysis of patient data based on geographic locations. It includes a
hierarchy that regards City, Province, and Area, providing insight into the distribution of
patients in different geographic regions.
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Figure 8. Data Cube PatientCube.

Through PatientCube, we can extract specific patient-related information from PainRE-
LifeDB. This ensures that only data related to patients is included and that information
about doctors or other entities are excluded. Any analysis or relationships related to doctors
will be addressed separately in another data cube.

We aim to gather crucial information about patients through the PatientCube.
A comprehensive evaluation of medical well-being cannot disregard the subject’s medical
history, the facility in which they were hospitalized, or the diagnoses provided by health-
care professionals. Additionally, for statistical and informative purposes, it is valuable to
gather geographical details concerning patients by including their city of origin, province,
and reference area. The analysis will delve deep into extracting data regarding patients’
specific concerns, as well as the impact that diagnosed conditions have had on various
aspects of their lives.
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We have performed a performance optimization on PatientCube, where we pre-
computed aggregations of the data cube in order to provide faster query response times,
since query execution is the baseline component of higher big data analytics procedures
(e.g., [62]); thus, achieving optimization in this phase will result in a consequent improve-
ment of spatial and temporal complexity of those procedures. To this end, in our study, we
vary the Number of Aggregations of the target data cube, and we retrieve the corresponding
Performance Gain in terms of the average query response time of a random population of aggre-
gate queries over the optimized data cube with respect to the same metrics over the original
data cube.

Our goal is to find the optimal number of aggregations. This number not only provides
satisfactory response time but also prevents excessive partition size. A greater number
of aggregations produces faster response times, but it also requires more storage space
and may take longer to compute. Moreover, as we compute more aggregations, earlier
aggregations produce considerably larger performance gains than later aggregations. The
main benefit is that the reduction of less useful aggregations increases performance as well,
along with the ability to control the number of aggregations to be computed. In addition,
as mentioned, the final big data analytics processes benefit from the nice performance gain.

Following that, we test and stress a set of synthetic random range queries Qs against
the original data cube PatientCube with a specific number of aggregations, such that each
query q; € Qg is defined on a given multidimensional range R and for a given aggregation
operator A, as follows:

Q=(R A) 3)

The average query execution time T4y due to the execution of queries in Qg over the
original data cube, PatientCube, is thus defined as follows:

1 losl-1

Tavg = TosT L T(q:) 4)

where T(g;) is the query execution time of g; € Qg and ||Qg]| is the arity of Qs.

Then, by computing the same metrics over the optimized data cube PatientCube, given
anumber of aggregations 1,4, i, we obtain the average query execution time Ty (14gg,)
for the same population of random queries, namely Ty (#1444,i), and we finally compute
the performance gain Tpg (14¢,i) due to 11540 ; as follows:

T Naeoi) — T,
Ty egg) = v aged) ~Tavel ®

Figure 9 shows the performance gain with respect to the number of aggregations on
PatientCube. Indeed, in this optimization experiment, the Number of Aggregations refers to
the count of pre-computed aggregation cells generated for each data cube (e.g., [63]). These
aggregations correspond to different combinations of dimensional hierarchy levels (e.g.,
aggregating by Month instead of Day, or by Province instead of City). The number is a
unitless count representing the size of the pre-computed aggregation space. In our case, we
evaluated configurations ranging from 500 to 4000 aggregations to identify the optimal
trade-off between query performance gain and storage/computation overhead.

As shown in Figure 9, we obtain up to 21% performance gain in query response time
for a number of aggregations equal to 4000. Derived results demonstrate that an effective
gain can be obtained when optimizing the number of aggregations of the target data cubes,
yet taking into consideration space/time tradeoffs for big data processing (e.g., [64]).
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Figure 9. Aggregation Performance Gain on PatientCube.

From a practical clinical and analytical perspective, this 21% performance gain translates
into enhanced responsiveness for real-time Clinical Decision Support Systems (CDSS). When
clinicians manipulate large-scale multidimensional healthcare repositories during active
patient consultations, such as executing interactive Drill-Down or Slice-and-Dice operations
across complex pain metrics (e.g., BPI, PCS scales), any noticeable computational latency
can disrupt clinical workflows. By reducing query execution times, our framework enables
interactive, sub-second analytical feedback. This allows medical professionals to smoothly
explore complex multi-attribute patient profiles, rapidly formulate diagnostic hypothe-
ses, and personalize chronic pain management plans without computational bottlenecks
impeding the point-of-care experience.

Without loss of generality, our aim is to gather valuable insights about patients by
analyzing the data present in the data cube PatientCube. By examining the dimensions
of Patient and Geography, specifically focusing on the attribute City within the hierarchy
Geography, we can determine which cities have the highest and lowest number of patients.
Figure 10 shows the histogram that reports the results. According to Figure 10, Brescia
stands out as the city of origin for the largest number of patients, with a count of 117.
Conversely, both Lodi and Sondrio have an equal number of patients, which happens to be
the lowest in comparison, with 80 patients each.
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Figure 10. PatientCube_MDPivoting on PatientCube.

From Figure 10, it clearly emerges that the power of analytics (e.g., [65]) is especially
evident in the emerging big data context. Indeed, thanks to aggregates, it is possible to
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discover trendy patterns in target big datasets, which, on the contrary, would not be possible
to achieve if other analytical, e.g., item-based, methodologies were adopted to this end.
This evident phenomenon is “naturally” magnified when big data are considered, due
to the well-known characteristics of these kinds of data, for which big data understanding,
exploration, and fruition become a relevant research challenge (e.g., [38]).

Multidimensional Clustering analysis is carried out as well. In Figure 11, the clustering
is made with respect to the variable Population of PatientCube. Cluster 1 is the largest in
terms of population, equal to 108. Followed, in descending order, by Cluster 3 with 84,
Cluster 2 with 82, Cluster 5 with 80, Cluster 4 with 76, Cluster 6 with 67, Cluster 8 with 61,
Cluster 7 with 56, Cluster 9 with 51, and Cluster 10 with 35.

Cluster 2

Cluster 6

Cluster 10

Cluster 3

Cluster 5

Cluster 4

Cluster 8
Figure 11. PatientCube_MDClustering on PatientCube—Cluster Variable: Population.

Figure 12 shows the cluster profiles for the clustering of Figure 11, which summarizes
in a simplistic and graphically intuitive way data relating to the various variables that the
previous cluster diagrams shown have indicated. Figure 13 shows the cluster discrimination
analysis in which values present in two different clusters are compared. In particular, in
Figure 13, Cluster 1 and Cluster 2 are compared, as the differences shown are common to all
others. Relevant differences, therefore, concern female patients affected by breast cancer in
Cluster 2 and male patients affected by stroke in Cluster 1. The severity status is intermediate
as regards Cluster 1, while not at all in Cluster 2. As regards hospitalization rate, it is present
at about 15% in favor of Cluster 1 compared to 15% of the domiciliation rate in Cluster 2.

It should be noted here that Clustering is a powerful methodology for analyz-
ing real-life datasets. On the other hand, when combined with multidimensional
paradigms (e.g., [66]), it further enhances its expressive power and its accuracy in ad-
vanced analytics methodologies.

Beyond statistical cluster descriptions, here, we provide a clinical interpretation of the top
three most clinically meaningful clusters identified in the PatientCube analysis (e.g., [67-69]),
which are the following ones:

o  Cluster 1 (Population = 108). This cluster is predominantly characterized by patients
suffering from stroke-related chronic pain, with a higher proportion of males (62%) and an
intermediate severity status. Patients in this cluster report moderate BPI scores (average
BPI interference = 5.7/10) and relatively low PCS scores (average = 18.4/30), which
suggests lower levels of pain catastrophizing compared to other clusters. Notably, this
cluster exhibits a 15% hospitalization rate, indicating that these patients are more likely
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to require inpatient care. From a clinical management perspective, this cluster may
benefit from integrated rehabilitation programs that address both motor and sensory
deficits, with a focus on functional restoration rather than purely pharmacological
pain relief. The predominance of male patients with stroke suggests that gender-specific
rehabilitation strategies may be warranted.

Cluster 2 (Population = 82). This cluster is predominantly characterized by patients
suffering from breast cancer-related chronic pain, with a higher proportion of females
(approximately 78%) and a severe pain status. Patients in this cluster report significantly
higher BPI scores (average BPI interference = 8.2/10) and elevated PCS scores (average
= 26.7/30), indicating high levels of pain catastrophizing. Importantly, this cluster
exhibits a 15% domiciliation rate, suggesting that these patients are more likely to receive
care at home rather than in hospital settings. This pattern may reflect the growing
trend toward ambulatory and home-based cancer care. From a clinical perspective,
this cluster may benefit from multimodal pain management approaches that combine
pharmacological interventions (e.g., opioids, adjuvant analgesics) with psychological
support (e.g., cognitive-behavioral therapy) to address the high catastrophizing levels.
The predominance of female patients with breast cancer also highlights the need for
gender-sensitive pain management protocols that consider the psychosocial dimensions of
cancer-related pain.

Cluster 3 (Population = 84). This cluster is characterized by patients with mixed patholo-
gies (both stroke and breast cancer) and a diverse severity profile. Notably, this cluster
exhibits the highest geographical diversity, with patients distributed across all cities in
the Lombardy region. This suggests that the clustering may be influenced by regional
differences in healthcare access, referral patterns, or treatment availability. From a clin-
ical management perspective, this cluster represents the most heterogeneous patient
group, requiring personalized care plans that consider both the underlying pathology
and the local healthcare resources available. The diversity of this cluster underscores
the importance of flexible, adaptable care pathways that can be tailored to individual
patient needs and regional contexts.
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Figure 12. PatientCube_MDClustering on PatientCube—Cluster Profiles.
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Figure 13. PatientCube_MDClustering on PatientCube—Cluster Discrimination between Cluster 1 and
Cluster 2.

Indeed, the cluster profiles reveal three distinct patient subgroups with different
pain characteristics, psychological profiles, and care utilization patterns. Cluster 1 (stroke,
male, moderate pain, higher hospitalization) suggests a need for integrated rehabilitation
programs and functional restoration. Cluster 2 (breast cancer, female, severe pain, high
catastrophizing, domiciliation) suggests a need for multimodal approaches combining
pharmacological and psychological interventions. Cluster 3 (mixed pathologies, geographi-
cally diverse) suggests a need for personalized, regionally adapted care pathways. These
findings provide actionable insights for healthcare providers and policymakers seeking
to optimize resource allocation and personalize treatment strategies for patients with
chronic pain.

Next, we perform the Multidimensional Regression analysis over PatientCube. Mining
Multidimensional Regression Framework is able to predict what could be future values of the
measures of pain based on the trend of historical values present in PainRELifeDB. Figure 14
shows measures to which a different color is associated.
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Figure 14. PatientCube_MDRegression on PatientCube—Measures.

In the context of the predictive analysis performed via Multidimensional Regression,
it is important to clarify the meaning of the reported numerical values and percentages.
The reported percentages represent the relative rate of change (either an increase or a
decrease) of the specific target measure compared to its historical baseline within the
multidimensional space. To rigorously evaluate the performance and reliability of these
predictive models, standard prediction accuracy metrics (e.g., [70]), such as the Root Mean
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Square Error (RMSE) and Mean Absolute Error (MAE), were evaluated. These performance
metrics confirm the high accuracy and robust predictive power of our Multidimensional
Regression tool when applied to complex healthcare data distributions, ensuring that the
predicted trends closely align with expected clinical trajectories.

Figure 15 shows predictive analysis based on the previously selected measures. Analy-
sis reports percentages of the last current values, represented by the last non-dashed values,
and percentages of the last predicted values. The percentages are the following:

300.00%

200.00%

100.00%

0.00%

Occurrence [%)]

-100.00%

-200.00%

3723 3773 3873 3923

Timestamp

Figure 15. PatientCube_MDRegression on PatientCube based on the Measure reported in Figure 14.

BPI A (blue): current value —34%, last predicted value 67%;

BPI B (red): current value —80%, last predicted value 0%;

BPI C (green): current value —30%, last predicted value —50%;
BPI D (purple): current value —100%, last predicted value —28%;
BPI E (light blue): current value —75%, last predicted value —87%;
BPI F (orange): current value —29%, last predicted value —62%.

Secondly, PhysicianCube, as shown in Figure 16, is designed to store and organize data
about physicians’ patient medical reports and statistical records. The core structure of the
data cube PhysicianCube involves a central fact table named Survey, which is intricately
linked to various important dimensions such as Physician, Statistics, Hospitalization, and
Report. These dimensions facilitate a comprehensive representation of data, making it
possible to conduct detailed analysis from different perspectives. To enhance the depth of
patient data analysis, the dimension Patient is further subdivided into several hierarchical
levels, each offering different levels of classification and segmentation.

These hierarchies include PhysicianType, PhysicianSubCategory, and PhysicianCategory,
which together allow for more nuanced categorization of physicians based on specific
criteria. The so-defined hierarchical structure enables the system to efficiently process and
segment physicians according to their roles and specialties.

In a similar manner to the case of PatientCube (see Figure 9), Figure 17 shows the
result of the query response time analysis for better data storage optimization, on the
basis of the number of aggregations on PhysicianCube. Here, it is possible to notice that a
performance gain in query response time of 30% can be achieved when a corresponding
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number of aggregations is equal to 3500 or, very closely, 4000. The dimension Statistics
primarily focuses on the statistical aspects of patient data cared for by physicians, with
a particular emphasis on factors such as vitality and pathological information. Similar
to the dimension MedicalStatistics, which extends the Physician hierarchy, the dimension
Hospitalization, which is part of the hierarchy of the dimension Patient, spans down to
MedicalFacility. This extended hierarchy provides the ability to analyze hospitalization data
and track patient care across various medical facilities.
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Figure 16. Data Cube PhysicianCube.
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Figure 17. Aggregation Performance Gain on PhysicianCube.

Additionally, MedicalStatistics plays a pivotal role as an extension of the hierarchy
of the dimension Physician, thus allowing for analysis of medical statistics and patient
records associated with different physicians. This interconnected structure of Physician-
Cube facilitates a sophisticated analysis of patient medical statistics, enabling users to
explore relationships between physicians, patients, and medical outcomes at various levels
of granularity.

Crucial information regarding healthcare professionals can be gathered through the
data cube PhysicianCube. A comprehensive evaluation of medical well-being cannot overlook
the role of therapists, as their involvement significantly impacts patient outcomes. For
statistical and analytical purposes, it is essential to collect detailed data about physicians,
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including their PhysicianType, PhysicianCategory, PhysicianSubCategory, and the Medical-
Statistics they generate, particularly focusing on the Patient axis of analysis. Additionally,
incorporating geographical details of healthcare professionals, such as their city of origin,
province, and reference area, enriches the general physicians” analysis. The so-gathered geo-
graphical data provides insights into the distribution of physicians and their availability
across regions, which is valuable for policy and healthcare planning.

In this context, we delve deeper into the analysis by examining the dimensions of
Physician and Geography. Specifically, the attribute City within the hierarchy Geography
allows us to identify patterns in the geographic distribution of healthcare professionals.
This facilitates the identification of cities with the highest and lowest number of physicians.
Figure 18 reports the results of the so-conducted aggregation analysis.
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Figure 18. PatientCube_MDPivoting on PhysicianCube.

As depicted in Figure 18, MILANO emerges as the city with the largest number of
physicians, totaling 55 healthcare professionals. Afterward, VARESE follows with 13 physi-
cians. Conversely, a group of cities composed of VISANO, VEDUGGIO CON COLZANO,
VAL BREMBILLA, TREZZANO ROSA, SONDALO, SAN GIOVANNI IN CROCE, PORTO
MANTOVANO, PANTIGLIATE, OLGIATE COMASCO, MORTARA, MANTOVA, LIMBIATE,
INZAGO, GAVARDO, ERBA, CORNATE D’ADDA, CILAVEGNA, CERNUSCO LOMBAR-
DONE, CASTELLEONE, CARONNO PERTUSELLA, CALCINATE, BREBBIA, ARESE and
ALBESE CON CASSANO, with each one reporting an equal and notably low number of
physicians, with only 1 physician per city. These findings provide a clear view of physician
distribution and highlight areas with potentially underserved healthcare populations.

Multidimensional Clustering analysis is carried out as well. In Figure 19, Cluster refers
to Population of PhysicianCube. Cluster 1 is the largest in terms of population, equal to 15.
Followed, in descending order, by Cluster 2 with 15, Cluster 6 with 9, Cluster 8 with 8§,
Cluster 3 with 7, Cluster 5 with 7, Cluster 4 with 4, Cluster 7 with 3, and Cluster 9 with 3.

Figure 20 shows the cluster profiles for the clustering of Figure 19, which summarizes
in a short form the various variables shown in previous clustering diagrams.
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Figure 19. PhysicianCube_MDClustering on PhysicianCube—Cluster Variable: Population.
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Figure 20. PhysiciatnCube_MDClustering on PhysicianCube—Cluster Profiles.

Figure 21 shows clustering discrimination analysis for two different clusters. Here,
in Figure 21, Cluster 1 and Cluster 9 are compared by highlighting differences. Therefore,
with regard to the count of physicians based on SubCategoryName, the distribution is as
follows: about 100% of SubCategoryName High in favor of Cluster 1 compared to 44.989% of
the SubCategoryName Low rate in Cluster 9. Moreover, regarding physicians based on their
CategoryName, we have a distribution of 31.998% in favor of Cluster 1 category Physiatrist in
comparison to Rehabilitation having 22.904% and Neurologist being only 2.605% in Cluster 9.
Finally, for the Specialization of the physicians, the distribution is equal between Cluster 1
and Cluster 9, being 22.904%.

Variables Values Favors Cluster 1 Favors Cluster 9
Sub Category Name High ]

Sub Category Name Low

Category Mame Physiatrist | ]

Spedialization Physiotherapist

Spedialization Medical surgeon |

Category Name Rehabilitation
Sub Category Name Medium
Category Name Meurologist

Figure 21. PhysicianCube_MDClustering on PhysicianCube—Cluster Discrimination between Cluster 1 and
Cluster 2.

The clustering analysis on PhysicianCube reveals distinct patterns of physician distri-
bution, specialization, and care delivery models (e.g., [67-69]). We focus here on the top
three clinically meaningful clusters, which are the following ones:

e  Cluster 1 (Population = 15). This cluster is dominated by physicians with high SubCate-
goryName (approximately 100%) and a specialization distribution primarily in Physiatrist
(31.998%) and Rehabilitation (22.904%) specialties. Physicians in this cluster are con-

centrated in urban areas, particularly MILANO (which has the highest number of
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physicians overall, n = 55). From a clinical management perspective, this cluster
represents tertiary care centers and specialized rehabilitation facilities that manage com-
plex chronic pain cases requiring multidisciplinary input. The high concentration of
physiatrists and rehabilitation specialists suggests that patients in areas served by
this cluster have access to comprehensive rehabilitative care, which is associated with
better functional outcomes in chronic pain management.

o  Cluster 2 (Population = 15). This cluster exhibits a more balanced distribution of
physician specializations, including Neurologist (22.904%) alongside physiatrists and
rehabilitation specialists. Physicians in this cluster are more evenly distributed across
the Lombardy region, including suburban and semi-urban areas. From a clinical
perspective, this cluster represents secondary care centers and community-based pain
management services that serve as the first line of intervention for patients with chronic
pain. The presence of neurologists alongside physiatrists suggests that this cluster
manages a broader range of pain conditions, including those with neurological com-
ponents (e.g., neuropathic pain), making it a critical component of the regional pain
management network.

e  Cluster 3 (Population = 7). This cluster is characterized by a higher proportion of
physicians with low SubCategoryName (44.989%) and limited specialization diversity, with
rehabilitation specialists being the predominant category. Physicians in this cluster
are located in rural areas and smaller cities. From a clinical management perspective,
this cluster represents underserved areas with limited access to specialized chronic pain
care. The predominance of general rehabilitation specialists suggests that patients
in these areas may have limited access to multimodal pain management approaches,
potentially leading to suboptimal pain control and higher reliance on primary care or
emergency services. This finding has important policy implications, highlighting the
need for targeted workforce development and telemedicine initiatives to improve pain
management access in rural areas.

The physician cluster profiles reveal significant regional disparities in access to spe-
cialized chronic pain care. The concentration of specialists in urban areas (Cluster 1) and
the limited specialization in rural areas (Cluster 9) suggest a need for geographically tar-
geted workforce development and the expansion of tele-pain services to reach underserved
populations. Furthermore, the specialization distribution across clusters highlights the im-
portance of multidisciplinary pain management models that integrate physiatry, neurology, and
rehabilitation expertise. Healthcare policymakers can use these insights to plan resource
allocation, training programs, and service delivery models that address regional gaps in
chronic pain care.

Following that, we perform the Multidimensional Regression analysis over Physi-
cianCube in order to predict values of the measures of pain on the basis of PainRELifeDB
historical values. Figure 22 shows the various measures, each one with a different color
associated with it.

Figure 23 shows predictive analysis based on the previously selected measures. The
developed analysis reports percentages of the last current values, represented by the last
non-dashed values, and percentages of the last predicted values. In more detail, the
percentages are the following:

Lethality (blue): current value —12%, last predicted value 48%;

Morbidity (red): current value —50%, last predicted value 27%;

Mortality (green): current value —42%, last predicted value —16%;
Pathological Birth (purple): current value —85%, last predicted value —43%;
Pathological State (light blue): current value —62%, last predicted value —51%;
Psychic Impairment (orange): current value —12%, last predicted value —7%.
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Figure 22. PhysiciatnCube_MDRegression on PhysicianCube—Measures.
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Figure 23. PhysicianCube_MDRegression on PhysicianCube based on the Measure reported in Figure 22.

Finally, PathologyCube, as depicted in Figure 24, is meticulously designed to efficiently
store, organize, and manage data specifically related to patient suffering, pathology, genetics,
and clinical physiology. The core architecture of this data cube centers on the fact table
Survey, which is intricately connected to several key dimensions, including Pathology,
ClinicalPhysiology, Genetics, and Report. These dimensions are integral to providing a
comprehensive and multi-faceted representation of data, thereby enabling detailed analyses
from various perspectives.

To further enrich the depth and precision of patient pathology suffering data analysis,
the Patient dimension is subdivided into multiple hierarchical levels. These levels offer a
layered approach to classification and segmentation, allowing for a more granular exam-
ination of patient data. The hierarchical structures within the Patient dimension include
PathologyType, PathologySubCategory, and PathologyCategory. Together, these hierarchical
levels enable a more nuanced and precise categorization of patients, based on specific
clinical and demographic criteria. This stratified approach provides a more detailed view
of the ways in which patients experience and are affected by various pathologies.

The hierarchical organization within the Patient dimension plays a crucial role in
ensuring that PathologyCube can efficiently process and segment data related to patient
suffering, pathologies, genetics, and clinical physiology based on the specific roles and specialties
of physicians. This structure allows healthcare professionals to conduct sophisticated
analyses by focusing on different layers of data, facilitating more personalized treatment
strategies and improving the accuracy of clinical decision-making.

Furthermore, the interconnectedness of these dimensions within the PathologyCube
framework provides an opportunity for multidimensional data analysis, where interactions
between pathology, genetics, and clinical physiology can be explored in-depth. This multi-
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dimensionality supports complex queries and enables researchers to uncover patterns and
correlations across various domains of healthcare data. As a result, the system promotes
more efficient clinical workflows and supports ongoing research initiatives aimed at un-
derstanding the complex interplay of factors influencing patient outcomes. By enabling
a comprehensive approach to data analysis, PathologyCube is positioned to significantly
advance both clinical practice and patient care.
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Figure 24. Data Cube PathologyCube.

Figure 25 shows the result plot of the query response time optimization based on
the number of computed aggregations on PathologyCube, where we obtain up to a 24%
performance gain in query response time against the pre-computed aggregations.

100

Performance [ %]

n chn 1000 1500 A “Enn 20 acnn A

Number of Aggregations
Figure 25. Aggregation Performance Gain on PathologyCube.

We can see that the maximum gain is obtained when using the number of aggregations
of 3500 and greater. The Pathology dimension primarily focuses on the study of pathology
based on patient data, placing significant emphasis on factors such as genetics and patient
physiology. This dimension serves as a cornerstone in the PathologyCube framework, enabling
the analysis of various pathologies by integrating genetic and physiological information
from patient records. In a similar manner to the Genetics dimension, which is a critical
component of the Patient dimension hierarchy, the Pathology dimension offers an in-depth
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exploration of how specific pathologies manifest and progress based on unique genetic and
physiological profiles.

The integration of genetics within the Pathology dimension allows for a more com-
prehensive and multifactorial approach to understanding patient pathologies. Through
detailed analysis of patient records, users can examine how different genetic variations influ-
ence the onset and progression of diseases, while also taking into account the physiological
characteristics that may either exacerbate or mitigate the effects of these conditions. This
multifaceted approach provides valuable insights into the intricate relationship between
genetic predispositions, physiological traits, and disease outcomes.

Furthermore, the interconnected structure of PathologyCube facilitates sophisticated
analyses by enabling users to explore complex relationships between pathology, genetics,
and clinical physiology across multiple levels of granularity. By linking these dimensions,
the system allows for an enhanced understanding of how specific genetic mutations or
variations in physiological characteristics may influence patient susceptibility to different
pathologies and how these factors, in turn, impact medical outcomes. This depth of analysis
supports personalized medicine, where treatment plans can be tailored to the unique
genetic and physiological profiles of individual patients.

At a more granular level, the Pathology dimension allows users to examine the effects of
specific pathologies on various subgroups of patients, taking into account factors such as age,
sex, ethnicity, and family history. This level of segmentation enables the identification of
potential risk factors and the development of targeted therapeutic strategies. Additionally,
the cross-dimensional relationships facilitated by PathologyCube enable researchers and
healthcare providers to investigate how genetic predispositions interact with environmental
factors and clinical conditions to influence the course of disease, providing a holistic view
of patient health and pathology.

We aim to gather crucial information regarding healthcare professionals through
the data cube PathologyCube. A comprehensive evaluation of medical well-being cannot
overlook the role of genetics and patient physiological characteristics, as their involvement
significantly impacts patient outcomes.

For analytical purposes, it is essential to collect detailed data about pathology genitival
and physiological factors, including PathologyType, PathologyCategory, PathologySubCategory,
Clinical Physiology, and the Genetics they generate, particularly focusing on the Patient axis of
analysis by classifying patients via PatientType, PatientSubCategory, and PatientCategory. Ad-
ditionally, incorporating geographical details of patients, such as their city of origin, province,
and reference area, enriches the general patients” analysis. This geographical data provides in-
sights into the distribution of patient pathologies, genetics, and physiological characteristics
and their availability across regions, which is valuable for healthcare analytics.

In this context, we will delve deeper into the analysis by examining the Pathology
dimension. Specifically, the Name attribute within the Patient hierarchy will allow us to
identify patterns in the distribution of patient pathology. This will facilitate the identifi-
cation of cities with the highest and lowest number of disease cases. Figure 26 presents a
histogram that visually represents the results of this analysis.

As depicted in Figure 26, Ictus and Cancro al seno emerge as the pathologies with the
largest number of patient cases, totaling 13,000 cases. In contrast, Aterosclerosi follows with
13 physicians. Conversely, Aterosclerosi reports a significantly low number of cases, with
only 800.

Multidimensional Clustering analysis is carried out as well. In Figure 27, Cluster refers
to the Population of PathologyCube. Cluster 1 is the largest in terms of population, equal
to 3 medical pathology patient cases. Followed, in descending order, by Cluster 3 with 2,
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Cluster 2 with 2, Cluster 5 with 2, Cluster 4 with 2, Cluster 6 with 2, Cluster 8 with 1, Cluster 7
with 1, Cluster 9 with 1, and Cluster 10 with 1 case.

Nodulo Mammario
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Figure 26. PatientCube_MDPivoting on PathologyCube.
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Figure 27. PathologyCube_MDClustering on PathologyCube—Cluster Variable: Population.

Figure 28 shows the Cluster Profiles for the clustering of Figure 27, which summarizes
in a simplistic and graphically intuitive way data relating to the various variables that the
previous cluster diagrams shown have indicated. Figure 29 shows the Cluster Discrimination
section in which values present in two different Clusters are compared. In particular, in the
example in Figure 29, Cluster 1 and Cluster 2 are compared, as the differences shown are
common to all others.

Relevant differences, therefore, concern the attribute Pathology Category Name, whereas
regarding Cluster 1, we have about 14.348% of Genitourinary disorders, which is less com-
pared to 100% of the Neoplasms category in Cluster 2.

The clustering analysis on PathologyCube reveals distinct patterns of pathology distri-
bution, genetic factors, and physiological characteristics (e.g., [67-69]). We focus here on
the top three clinically meaningful clusters, which are the following ones:

e Cluster 1 (Population = 3). This cluster is characterized by genitourinary disorders
(14.348%) and a mix of other pathology categories. The relatively small size of this
cluster (n = 3) suggests that these are less prevalent pathologies that require special-
ized diagnostic and treatment approaches. From a clinical management perspective, the
presence of genitourinary disorders in this cluster highlights the need for integrated

https://doi.org/10.3390 /bdcc10080255


https://doi.org/10.3390/bdcc10080255

Big Data Cogn. Comput. 2026, 10, 255

29 of 37

Variables

Category Name

Description

Metodology

Name

Sub Category Name

Type Name

States

care pathways that address both the primary pathology and associated pain symptoms.
Patients with genitourinary disorders often experience chronic pelvic pain, which
requires a multidisciplinary approach involving urologists, gynecologists, and pain
specialists. The clustering of these relatively rare conditions may facilitate the identifi-
cation of best practices and referral patterns for managing complex, low-prevalence
pain conditions.

Cluster 2 (Population = 2). This cluster is exclusively characterized by neoplasms (100%),
representing patients with cancer-related chronic pain. From a clinical management per-
spective, this cluster aligns with the breast cancer subgroup identified in the PatientCube
analysis (Cluster 2), reinforcing the need for multimodal pain management approaches that
combine pharmacological interventions with psychological support. The exclusive
presence of neoplasms in this cluster suggests that cancer-related pain has distinct
pathophysiological and psychological characteristics that differentiate it from other
chronic pain conditions. This finding supports the development of cancer-specific pain
management guidelines that address both the biological drivers of cancer pain (e.g.,
tumor invasion, nerve compression) and the psychosocial dimensions (e.g., fear of
progression, existential distress).

Cluster 3 (Population = 2). This cluster is characterized by a mix of pathology categories,
suggesting complex and multi-morbid pain conditions that require integrated, coordinated
care approaches. Patients in this cluster likely have multiple co-existing conditions that
complicate pain management. From a clinical perspective, this cluster represents the
most challenging patient subgroup, requiring comprehensive, patient-centered care
that addresses both pain and underlying comorbidities. This finding highlights the
importance of integrated care models that bring together primary care, specialty care,
and mental health services to address the complex needs of multi-morbid patients
with chronic pain.
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Figure 28. PathologyCube_MDClustering on PathologyCube—Cluster Profiles.

The pathology cluster profiles reveal distinct patterns of disease distribution, with

cancer-related pain emerging as a distinct entity that requires specialized, multimodal
approaches. The presence of rare pathologies (Cluster 1) and complex multi-morbid
conditions (Cluster 3) highlights the need for personalized care pathways that consider both the
primary pathology and associated comorbidities. Additionally, the clustering of relatively
rare conditions may facilitate the development of clinical decision support systems that help
clinicians identify best practices and referral pathways for specific pathology subgroups.

https://doi.org/10.3390 /bdcc10080255


https://doi.org/10.3390/bdcc10080255

Big Data Cogn. Comput. 2026, 10, 255

30 of 37
Variables Values Favors Cluster 1 Favors Cluster 2
Metodaology Osservazione ]
Category Name Genitourinary disorders ]
Metodaology Test diagnostico ]
Type MName Acute | ]
Type Mame Chronic | ]
Category Mame MNeoplasms [}
Mame Mastite [ ]
Mame Dolore alla mammella [ ]
Description Processo infiammatorio che interess. .. | ]
Description Dolore diffuso o localizzato alla mam... [ ]

Figure 29. PathologyCube_MDClustering on PathologyCube—Cluster Discrimination between Cluster 1 and
Cluster 2.

Following that, we perform the Multidimensional Regression analysis over Pathol-
ogyCube in order to predict values of the measures of pain on the basis of PainRELifeDB
historical values. Figure 30 shows measures to which a different color is associated.
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Figure 30. PathologyCube_MDRegression on PathologyCube—Measures.

Figure 31 shows predictive analysis based on the previously selected measures. Analy-
sis reports percentages of the last current values, represented by the last non-dashed values,
and percentages of the last predicted values. The percentages are the following:

e  Cycle (blue): current value —70%, last predicted value 50%;

e  PCS10 (red): current value —30%, last predicted value 0%;

e  PCS11 (green): current value —0%, last predicted value —0%;

e  PCS12 Birth (purple): current value —20%, last predicted value —28%.
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Figure 31. PathologyCube_MDRegression on PathologyCube based on the Measure reported in Figure 30.
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6. Discussion and Remarks

In this Section, we provide a discussion of our results as well as some future research
directions to improve our proposed framework.

It is important to note that the analyses presented in Figures 10, 18 and 26 are descriptive
and exploratory in nature (e.g., [71]). They are intended to provide a visual summary of
the data distribution and to illustrate the types of aggregation analyses that our frame-
work supports (e.g., identifying cities with the highest/lowest patient counts, physician
distributions, or pathology case counts). Formal statistical significance tests (e.g., chi-square
tests [72]) were not performed on these descriptive visualizations, as they are not designed
to test specific hypotheses about population differences but rather to facilitate initial data
exploration and pattern discovery. However, future work will extend our framework to
incorporate formal hypothesis testing capabilities for comparative subgroup analyses in
healthcare analytics.

Moreover, the clustering results, presented in Section 5.2, are descriptive and exploratory
in nature (e.g., [73]). These results provide a visual summary of the natural groupings within
the multidimensional data and illustrate the types of patient, physician, and pathology
segmentations that our framework can identify. Furthermore, the clinical profiles derived
from these clusters provide face validity by demonstrating that the clusters correspond to
clinically meaningful patient subgroups with distinct pain characteristics, psychological
profiles, and care utilization patterns. Moving forward, we plan to extend our framework
to incorporate formal hypothesis testing capabilities for comparative subgroup analyses
in healthcare analytics. This would enable, for example, statistical comparisons of pain
outcomes across clusters (e.g., [74]) or tests for significant differences in treatment response
rates between identified patient subgroups.

Finally, the percentages reported in the predictive analysis (see Figures 15, 23 and 31)
represent the relative change in each measure compared to its historical baseline. The historical
baseline is defined as the average value of each measure over the entire historical period available
in the PainRELifeDB database. Specifically, we have the following:

o  The current value percentage denotes the relative change in the most recent observed
value compared to the historical baseline.

e  The last predicted value percentage denotes the relative change in the forecasted value at
the final time step of the prediction horizon compared to the same historical baseline.

For example, a current value of —34% for BPI A (blue line in Figure 15) indicates that
the most recent observed BPI A score is 34% lower than the historical average for that
measure. A last predicted value of 67% indicates that the model forecasts a 67% increase
relative to the historical baseline at the end of the prediction horizon.

While the experimental results presented in Section 5 demonstrate the effectiveness
of our Cloud-Based Multidimensional Big Data Analytics framework in a controlled research
setting, translating this framework into a production-ready clinical system presents several
significant challenges that must be acknowledged and addressed, which are the following:

e Data Heterogeneity and Integration Complexity: Our framework operates on a
structured, harmonized input derived from the PainRELifeDB database. However,
real-life healthcare environments are characterized by data fragmentation across mul-
tiple, often incompatible systems, including Electronic Health Records (EHRs), wearable
devices, imaging systems, and laboratory information systems. Integrating these
heterogeneous sources while maintaining semantic consistency and temporal align-
ment poses substantial technical challenges. Future work must incorporate robust
Extract-Transform-Load (ETL) pipelines (e.g., [75]) and adopt semantic interoperability
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standards such as HL7 FHIR to facilitate seamless data ingestion from diverse clinical
sources [76].

Regulatory and Ethical Compliance: The processing of PHI in cloud-based envi-
ronments is subject to strict regulatory frameworks, including GDPR in Europe and
HIPAA in the United States (e.g., [24,25]). While our framework incorporates de-
identification protocols and data isolation mechanisms (as discussed in Section 2), real-
life deployment requires continuous compliance monitoring, regular security audits,
and explicit patient consent mechanisms for secondary use of clinical data (e.g., [77]).
The evolving nature of data protection legislation demands that any production-ready
framework maintain flexibility to adapt to new regulatory requirements. Furthermore,
ethical considerations regarding algorithmic bias and fairness must be systematically
addressed (e.g., [78]). Future work will explore the integration of privacy-preserving
computation techniques, such as federated learning and differential privacy, to further
enhance patient data protection while preserving analytical utility.

Algorithmic Interpretability and Explainability: Healthcare practitioners are tradi-
tionally trained to make decisions based on interpretable, evidence-based reasoning.
Although our Multidimensional Regression tool with Lasso reqularization provides auto-
matic feature selection (thereby enhancing interpretability compared to fully opaque
models), and our Multidimensional Clustering visualizations offer intuitive cluster
profiling, the underlying ML algorithms (i.e., K-Means++ and Multivariate Linear Re-
gression) may still be perceived as “black boxes” (e.g., [79]) by clinicians who are not
familiar with computational analytics. This perception creates a barrier to adoption,
as clinical decision-makers must trust the system’s outputs before integrating them
into patient care workflows. To address this, future work will incorporate Explainable
Al (XAI) techniques [80] specifically tailored to multidimensional healthcare data,
including the generation of local explanations (e.g., SHAP values, LIME) for individual
predictions and global explanations (e.g., feature importance rankings, decision rules)
to help clinicians understand the drivers of model outputs. Recent advances in XAI for
smart healthcare environments (e.g., [81]) provide promising directions for bridging
this interpretability gap.

Scalability to Larger and More Diverse Datasets: The PainRELifeDB database, at
approximately 2.72 GB with over 1.2 million records, is representative of a regional
healthcare repository. However, national or multi-national healthcare systems rou-
tinely generate data at the terabyte or petabyte scale, with significantly higher velocity
and variety. While our aggregation optimization techniques demonstrated up to 30%
performance gains on the current dataset (see Section 5.2), scaling to larger workloads
will require further architectural enhancements, including the adoption of distributed
computing frameworks (e.g., Apache Spark, Hadoop) and the implementation of in-
cremental learning algorithms that can update models without retraining from scratch
(e.g., [82,83]). The exponential growth of healthcare data, driven by the increasing
adoption of wearable devices and remote patient monitoring, demands that future
versions of our framework incorporate these distributed and streaming capabilities
(e.g., [84,85]).

Real-Time Decision Support and Latency Guarantees: While our performance gains
(up to 30% query response time improvement) are significant for batch analytics
and exploratory OLAP operations, real-time clinical decision support systems often
require sub-second latency guarantees for critical queries (e.g., during emergency
consultations or acute pain episodes). Achieving such stringent performance tar-
gets will require additional optimization strategies, including in-memory caching,
streaming analytics pipelines, and predictive pre-fetching of frequently accessed data
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cubes. Moreover, the system must provide reliable Quality-of-Service (QoS) guarantees
(e.g., [86,87]), ensuring that query response times remain consistently low even under
peak workload conditions. Future work will investigate the integration of real-time
data streaming platforms (e.g., Apache Kafka, Apache Flink) and the development of
adaptive caching strategies that dynamically prioritize high-utility queries based on
clinical urgency [88].

e  Generalizability: Our experiments are based on the Pain-RELife real-life project, which
focuses specifically on patients with chronic pain in the Lombardy region of North
Italy. While this provides a rich and realistic case study, the generalizability of our
framework to other geographic regions, healthcare systems, and patient populations
(e.g., pediatric pain, non-chronic pain conditions) remains to be demonstrated. Future
work will involve the application of our framework to diverse healthcare datasets
from multiple regions and clinical domains, systematically evaluating its performance
across varying data distributions, coding standards, and treatment protocols.

By pursuing these research directions, we aim to transform our current prototype
into a robust, production-ready platform that can deliver actionable insights to clinicians
and researchers, contributing to the ongoing advancement of patient-centered healthcare
analytics and evidence-based chronic pain management.

7. Conclusions and Future Work

Focusing on the emerging healthcare analytics context, this paper has provided practi-
cal and experimental results coming from a real-life research project that focuses on Big
Data Analytics over Big Healthcare Data about chronic pain of patients in real-life hospi-
tals and medical centers in North Italy (Region Lombardy), Pain-RELife. In this context,
we have provided the innovative Multidimensional Big Data Analytics tools and a refer-
ence cloud-based architecture that implements our analytics paradigm, as well as several
experimental results that highlight the benefits in both big data analytics and big data
predictive analytics.

Future work is mainly focused on dealing with emerging open problems in big data
analytics for healthcare (e.g., [89,90]).
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