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Abstract: - The term big data has been used in recent years to describe the enormous volume of data collected by
various means and at a very rapid pace in all areas of human activity. Big data differs from traditional data sets
and requires special management due to its volume, structure and type. For this reason, specialized technologies
for their processing are being developed. The use of machine learning methods to take advantage of the big data
collected in the health sector is imperative as it can significantly contribute to making predictions, preventing
illnesses, improving patient healthcare, reducing costs and optimizing the use of available resources. This paper
deals with Big Data, briefly presenting its characteristics, the sources of its creation, as well as the basic
technologies used for its processing and utilization in the health sector. In the second part of this work, medical
data on diabetes were used, different software tools were integrated to get information using SQL queries and
machine learning methods were applied using the Weka open-source software to evaluate and compare the results
for diabetes prediction. The paper concludes with useful concepts arising from the analysis, as well as challenges
and suggestions for future research.
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1 Introduction Value is about how important the data is and how

The term big data has been widely used in recent years businesses can use it for decision-making.

to describe the enormous volume of data that is
collected in multiple ways and devices. Many
definitions have been proposed to describe the term
big data, which focus on the diversity, enormous size,
and complexity of big data, characteristics that make
it difficult or impossible to process and manage it with
classical methods. Variety, variability, enormous size
and complexity are some basic characteristics of big
data, and it is necessary to use special methods to
process and manage it [1], [2], [3],[4],[5].

Five important characteristics are used to describe
big data and are briefly referred to as the 5Vs (Figure
1). These characteristics are: a) Volume, b) Velocity,
¢) Variety, d) Veracity and e) Value [2],[4], while
other scientific reports focus on only the first three
characteristics, the 3Vs [3]. Volume is related to the
size and scale of the data and refers to the amount of
data generated every second. Velocity refers to the
speed at which data is generated, and it also concerns
the time and delay in handling it. Variety refers to the
different formats and the structural heterogeneity of
different types and sources of data. Veracity refers to
the completeness, accuracy and quality of the data,
and it is also related to its reliability and consistency.

Fig. 1. Big Data 5Vs

Big Data is everywhere, created in every
interaction with social media and the internet, in
transactions that take place when using smart devices
and sensors. In science, Big Data hasn't just changed
the way research is done; it's fundamentally changed
the scientific method itself. Traditionally, a scientist
would make a hypothesis, collect small sets of data,
and test it. Today, with so-called "Data-Driven
Science," scientists collect vast amounts of data and
then wuse the appropriate Machine Learning
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algorithms to discover patterns and trends that the
human mind could never see on its own. Big Data has
transformed many of the most basic scientific
disciplines such as Biology and Medicine,
Meteorology, Social Sciences and Humanities, etc.
Big data is the “raw material”. With the advanced
tools offered by Artificial Intelligence, it is
transformed into "predictive power" and helps in
better and more effective decision-making.

2 Big Data in Healthcare

In all areas of human activity, the need to use big data
is imperative as the knowledge it can provide can
improve the decision-making process as well as the
prediction of future events. In the health sector, the
utilization of big data involves significant challenges
and difficulties as it is sensitive personal data, of large
volume and of different structures, which needs
special processing that requires a combination of
different data sources, management of complex data,
accuracy, confidentiality and utilization of the
appropriate data storage, management and analytical
tools.

The use of big data in the healthcare sector can help
scientists understand hidden trends and patterns in
data that will help them make better predictions, treat
patients more effectively, reduce healthcare costs,
enhance research, etc. There are many big data
sources for the health sector, including medical
laboratories, information systems from hospitals and
research centers with records and historical data of
patients, treatments, drug side effects, research studies
about diseases and drugs, etc. Nowadays, medical data
is also collected from device applications, such as
smart watches. Even discussion forums and social
media platforms are a valuable source of medical data.
All these data sources form a huge volume of big data
that is constantly being enriched with more data and
can be used to promote research on the topic of
effective disease treatment, improve the performance
and conditions of health institutions, as well as
upgrade the processes and functions of all those
involved in the health sector.

The big data gathered in the health sector can be
used for more efficient treatment of patients and better
management of health units [9]. The challenges are
great and concern dealing with the problems arising
from the volume of data, its format and nature,
technical issues and tools, etc.

Big data sources in healthcare are divided into the
following basic categories [9]:

- C
linical data: from Electronic Medical Records from
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hospitals, from image centers, pharmacies free text
notes from physicians, genomic data etc.

- B
iometric data: derived from various types of devices
which monitor pressure glucose level, weight etc.

- F
inancial data: economic data from hospitals, research
centers, suppliers etc.

- D
ata derived from scientific research carried out in
research  centers, universities, hospitals and

concerning drug research, new methods of treatment,
medicines etc.

- Data provided from patients

- Data from social media

In the healthcare sector, in addition to the huge
volume, the format of the data collected is another
important challenge that must be addressed when
analyzing the data. Image, video, signal, and
molecular data complement the already huge amount
of numerical and textual data. The multiple
dimensions of interconnected and interdependent
heterogeneous multidimensional data create an
additional challenge in the analysis process. At the
same time, strong requirements for security and
anonymization of sensitive medical data require the
use of powerful and reliable software tools for data
collection, storage, management and analysis [6].

The use of big data in the health sector can
contribute in multiple ways by creating applications
for Personalized Medicine, Predictive Analysis to
predict future events, creation of Electronic Health
Records (EHRs) that collect the patient's entire
medical history, Telemedicine, Real-Time Patient
Monitoring through IoT devices (e.g. smart watches,
blood sugar sensors), Drug Research and
Development, Epidemiological Surveillance as was
done in the COVID-19 pandemic where big data
analysis at the population level could identify
outbreaks of infection in a timely manner, predict the
spread of a disease and help manage public health
resources.

Compared to other sectors (e.g. banking or retail),
big data in healthcare has unique characteristics and
peculiarities. Specifically, big data in healthcare is
characterized by Extreme Diversity since the data is
not only structured (e.g., blood sugar measurements,
age) but also semi-structured or unstructured such as
medical notes (free text), imaging (x-rays, MRIs),
audio files, or even genomic data. Reliability and
accuracy are essential critical features as noise or
incorrect data can have consequences for patients'
lives. The requirement for continuity in medical data
to cover the entire lifespan of an individual, from birth
(or even before, through prenatal screening) to death,
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creates another layer of complexity that involves
connecting fragmented information over decades.
Furthermore, the speed (Velocity) at which data is
generated in real time, in places such as Intensive Care
Units (ICUs) or via mobile devices, is another feature
that requires systems that can analyze it immediately.
An additional characteristic of medical data is its
sensitivity, as it constitutes personal data, which
creates high demands for its strict protection. All these
special characteristics create special requirements for
medical data storage, processing and analysis by
software systems.

Big data analytics in healthcare use several
software tools and contribute to multiple areas such as
[7]:

- Evidence-based medicine

- Genomic analytics

- Analysis to reduce fraud and waste abuse

- Device/remote monitoring

- Patient profile analytics etc.

Technology contributes in multiple ways to big
data analytics in health care, while cloud
programming, mobile devices, and the Internet of
Things, with their respective applications, provide
many opportunities and challenges. The application of
the 4P model (Preventing, Predictive, Personalized,
Participatory) to achieve the 5R goal in Medical
(Right patient, Right Drug, Right Dose, Right route,
Right time) and the 5R goal in healthcare (Right
living, Right care, Right provider, Right value, Right
innovate) is at the core of this process to achieve the
goal of a unified diagnosis that can explain all of the
patient's symptoms. 8]

3 Data Life Cycle

During the data "lifecycle," we can distinguish
different phases, each of which can be supported by a
set of tools and technologies. Technology of each
phase is usually used in combination to create
integrated solutions depending on the needs of the
organization. There is no specific data life cycle, and
the proposed phases that make it up vary in the
literature. The consideration of the data life cycle,
which in some sources is defined as a “data life cycle”
while in others as a "pipeline" or even a "Big Data
Value Chain", contributes to the categorization of the
various technologies used for big data analytics.
[10],[11],[12]

Next, the phases that make up the life cycle of big
data are briefly presented. It is important to note that
the following sequence is not absolute, and slight
variations may be observed in different research
proposals.
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Data Collection: Data collection includes
gathering data from different sources and is a critical
part of data analysis, since effective data collection
provides the necessary information required for the
smooth processing of the remaining phases of the
analysis.

Data Processing / Data Cleaning: Data pre-
processing and cleaning is a demanding and laborious
task, and often very complex and time-consuming. In
this phase, data management procedures are carried
out to remove noise, unwanted data elements,
duplicate entries, fill in missing values, etc. Data
cleaning and error detection and correction improve
data quality, a requirement that is particularly
important for the next steps.

Data Storage: One of the key issues concerning
the management of big data is its storage. Data storage
must be done in a way that allows scalability, data
search, and can flexibly and efficiently support
structured, semi-structured, and unstructured data,
and meet existing data security requirements.

Data Analysis: is the process of examining and
interpreting data to uncover insights, patterns, and
trends that inform decision-making, drive innovation,
and improve performance. This includes all
computational and statistical techniques for analyzing
data, such as artificial intelligence (AI) algorithms
leading to the acquisition of knowledge, the creation
of categorizations and models for predictions, or the
extraction of causality.

Data Visualization and reporting: is the
representation of data in a visual or graphical form. It
is an easy and fast way to express and visualize
complex patterns and relationships. Due to the
volume, format and complexity of big data, it becomes
difficult to visualize it.

4 Software Tools

The Big Data Life Cycle includes all stages from the
moment information is created to its final analysis and
storage. Big data gathering is done from multiple
locations within or outside the organization, while the
format of the data varies. Data storage - whether in the
traditional table or CSV format, or in other formats -
is carried out in data warehouses where data is
transformed to obtain the appropriate format for big
data analytics platforms and tools. A multitude of
software tools and platforms are available for big data
which manage the enormous volume, velocity and
variety of data that traditional databases cannot
process, transforming raw data into useful
information. Figure 2 presents the different stages
from data collection to data transformation as well as
the most important software tools and platforms for
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big data which offer functions for performing queries,
reporting, data mining etc.

Big Data
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Fig. 2. An applied conceptual architecture of

big data analytics [7]

Managing and extracting knowledge from medical
data requires a set of specialized tools and
technologies that can cope with its volume and
complexity. These technologies and tools can be
categorized as follows:

* Distributed Processing Platforms: Tools such as
Apache Hadoop and Apache Spark are fundamental.

* Cloud Platforms: Major Cloud providers such as
Amazon Web Services (AWS), Microsoft Azure and
Google Cloud offer specialized platforms for
healthcare (e.g. Google Cloud Healthcare API or
Azure API for FHIR). They provide the necessary
computing power and secure storage with strict
compliance with healthcare standards (such as
HIPAA/GDPR).

* NoSQL Databases: Because medical data is often
unstructured (e.g., diagnostic texts, medical images),
traditional relational systems (SQL) are not sufficient.
NoSQL databases such as MongoDB or Cassandra are
widely used for storage flexibility.

* Artificial Intelligence and Machine Learning (Al
& ML): Frameworks like TensorFlow and PyTorch
are used to train algorithms. Through them, Deep
Learning models are developed that can identify
tumors in MRI scans or predict the progression of a
disease.

e Data Visualization Tools: Platforms like Tableau,
QlikView, and Microsoft Power BI take on the task of
transforming complex analytical results into
understandable interactive dashboards.

Special mention should also be made of the role of
Wearables, such as smartwatches, fitness trackers and
advanced biosensors, which are now one of the fastest
growing and most important sources of Big Data in
health. Wearables bring health monitoring into the
user's everyday life and allow continuous monitoring
and early warning.
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Below is a summary of the most important
software tools suitable for storing and analyzing
medical data:

Apache Storm: an innovative open-source data
processing system for high-scale data streams [13].

Apache Flume: a distributed, reliable, and
available tool for the effective collection, aggregation
and movement of large amounts of log data. Its
architecture is simple and uses a simple extensible
data model that allows for online analytic
applications. [14]

Apache Kafka: is a global, open-source, high-
throughput Apache messaging system, primarily used
to perform real-time data pipelines, streaming
analytics, and data integration.[15]

OpenRefine: is a powerful and open-source tool
used for data cleaning, transformation and
exploration, suitable for managing large volumes of
data and preparing it for further analysis. [16]

MongoDB: is an open-source document database
that provides high performance, high availability, and
automatic scalability and is defined as a NoSQL
database. [17]

Apache Cassandra: is a NoSQL distributed
database, which manages data across thousands of
servers, provides high availability as well as high fault
tolerance with zero downtime. [18]

Apache Spark: is one of the most popular open-
source data processing tools. It is a multi-language
engine for executing data engineering, data science,
and machine learning on single-node machines or
clusters. [19]

Tableau for data analysis and visualization [20].

Power BI [21] for data visualization.

Programming languages like Python [22].

Weka: an open-source machine learning and data
mining software for data analysis and predictive
modeling [23].

Apache Hadoop Distributed File System
(HDFS): it is an open-source framework for managing
big data as well as supporting big data analytics. It is
the primary storage system used by Hadoop
applications. [24],[7]

Apache Hadoop MapReduce: is a software
framework which provides the interface for
applications which process vast amounts of data in-
parallel on thousands of nodes hardware in a reliable,
fault-tolerant manner. [25],[7]

Hive: a distributed data warehouse that provides
SQL-like commands, called HiveQL, to query,
manage and analyze massive datasets [26].

Many other software tools for big data like Jaql
[27], Zookeeper [28] etc.
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In the next section, different tools are used to
collect, execute SQL queries and apply machine
learning algorithms to datasets concerning diabetes.

5 Using Multiple Data Sources and

Software Tools in Data Analysis
Knowledge extraction from data collected in the field
of medicine involves many stages and requires special
procedures and characteristics from data analysts. The
utilization, combination and integration of data
derived from multiple sources which have different
formats and structure, and the need for using different
software tools and platforms increases the complexity
of the data analysis process, but at the same time
strengthens the data analysis process and provides
significant capabilities to extract knowledge by
combining many different methods, technologies, and
data sources. The difficulties faced by the data analyst
are increased and concern the special requirements
that must be met for the integration and combination
of different data formats, the use of different
technologies and applications which are required to
cooperate properly and be combined to achieve their
interoperability.

The purpose of this section is to briefly present the
complexity of this process that a data analyst is called
upon to face. Specifically, in the current section,
medical datasets from two different data sources are
used. To utilize these data sets that come from
different sources, it is necessary to structure the
appropriate program and build the necessary bridges
that will allow seamless communication between the
program and the data sources. The programming
language used is Python. Through a Python program,
data is initially collected from different sources and
then fed into the Spark open-source software
environment which is used to apply SQL queries to
the data. Through this process, the tools that allow the
bridging of different software environments are
briefly presented, as well as the difficulties and
requirements that exist for the interoperability of these
environments.

5.1  Using Spark software tool with datasets
derived from different locations
For the current research, two different datasets about
diabetes disease were used. Diabetes is a serious
chronic disease that affects millions of people and
places a significant economic burden on the economy.
The purpose of the research is not to perform an
extensive analysis of medical data, which would
require special knowledge and medical scientists, but
to present the technical and programming
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requirements that exist for data collection and analysis
using different data sources and different software
tools.

Kaggle dataset

The first dataset is the diabetes health indicators
dataset from Kaggle [29]. It is a clean dataset of
253,680 survey responses to the Centers for Disease
Control and Prevention. The target variable has three
classes, 0 is for no diabetes or only during pregnancy,
1 is for prediabetes, and 2 is for diabetes. This dataset
has twenty-one (21) feature variables and there is class
imbalance in this dataset. [29]

Initially, the appropriate libraries, kaggle and
pyspark, must be installed. Next, it is necessary to
check if the API token for Kaggle, the file kaggle.json,
is in the correct folder on your computer. Finally, it is
also necessary to install Java. For the current example
Eclipse Temurin jdk-17.0.19 [30] was installed
because the earlier and later versions were not
compatible with the Spark.

The appropriate libraries are imported into the
Python program as shown in Figure 3.

import os
import sys

"] = sys.executable

from kaggle.api.kaggle api_extended import Kaggleapi
from pyspark.sql import SparkSession

import pandas
import matplotlib.pyplot as plt

Fig. 3. Importing kaggle and pyspark in
python program
The dataset is then downloaded as shown in Figure

as pd

4.

print("1. Dow
# T

data from Kaggle...")

# kaggle.ison file shot
api = Kaggleapi()
api.authenticate()
"alexteboul/diabetes-health-indicators-dataset’

dataset_name}'...")
api.dataset_download files(dataset_name, path=".",

dataset_name =
print(f"Receiving dataset *
unzip=True)

csv_file_name = ‘diabetes_e12_health_indicators_BRFS52015.csv’

Fig. 4. Downloading dataset from Kaggle

Next, SparkSession.builder() is used to create a
session with Spark. This session will allow the dataset
to be imported into Spark using spark.read.csv()
method and SQL queries to be executed on the dataset.
Before executing queries, it is necessary to create a
temporary view of the dataset wusing the
df.createOrReplaceTempView() method. Figure 5
presents the python code.
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A

-appName(“Kagple SparkSQL_Analysis

"8") \

ffle.partitions”,

ory”, ") \

print("[ Spark Session initialized succesfully!™)

print(f"File is leading '{csv_file name}® to Spark...”)

df = d.csv(csv_file name, header=True, inferSchemasTrue)

df.createorfReplaceTempView( “my_dataset™)

print{"\n3, i
Fig. 5. Creating Spark session

At this point everything is ready to submit SQL
queries to our dataset.

The SQL query is submitted using the spark.sql()
method. In the following example, the field
Diabets 012, which is the class of the dataset, was
used as a grouping field to obtain aggregate results for
the number of people belonging to each class, how
many of them had a high cholesterol index, consume
alcoholic beverages, are smokers, have heart disease,
and how many do some physical activity or not.
Figure 6 presents the code and Figure 7 the results of
the query.

Apply Spark SQL command...”)

result = spark.sgl{query)

It

6 Spark SQL query on Kaggle dataset

Fi

Di

Fig. 7. Results of Spark SQL query

Data analyst can apply as many SQL queries as he
wants to the dataset, get results and draw the
corresponding conclusions. For our data set, we see
that 4631 people belong to class 1 (prediabetes). The
average body mass index (BMI) for people in class 1
is 30.7, more than half of them (2875 of 4631) have
high cholesterol index and 2282 of them are smokers.
Class 2 includes 35346 people who have diabetes
discase and a higher body mass index (31.94)
compared to class 1. From our dataset we observe that
most people belong to class 0, that is, they are healthy
and do not suffer from diabetes. This information can
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be visualized (Figure 9) using the appropriate Python
libraries and methods, as shown in Figure 8.

P

import pandas as

pandas_df = result.toPandas()

» fontsize=12)

plt.show()

Fig. 8. Visualizing SQL results

4. Create plot (Matplotlib)...

Population distribution

Number of rows

1] 10
Category: 0=no diabetes or only during preg

Fig. 9. Population distribution

y. 1=prediabet

Mendeley dataset

The second dataset about diabetes disease was
derived from Mendeley free and secure cloud-based
communal repository. The dataset consists of medical
information about patients’ Sugar Level Blood, Age,
Gender, Creatinine ratio, Body Mass Index (BMI),
Urea, Cholesterol (Chol) etc. [31]

To utilize this dataset, the Python programming
language was used. Specifically, to download the
datafile from Mendeley repository, the request library
is necessary, which allows to download the datafile
and use it within python program. Code in Figure 10
imports the request library into the program and
creates a Spark session.

# Use another data source

import requests

spark = SparkSession.builder \
.appName( "Mendeley Diabetes Data Import™) \
.getorcCreate()

and

Fig. 10. Importing library

creating a new Spark Session

Then the URL of the dataset is specified as well as
the filename (Figure 11) and the dataset is
downloaded (Figure 12).

requests

Fig. 11. Defining the URL of the dataset

Volume 6, 2026



International Journal of Computational and Applied Mathematics & Computer Science

DOI: 10.37394/232028.2026.6.2

print("Get data from Mendeley...™)

response = requests.get(MENDELEY_URL, stream=True)

if response.status_code == 206:
with open(LOCAL_FILE_PATH, ‘wb') as f:
for chunk in response.iter_content(chunk_size=1824):
if chunk:
f.write{chunk)
print("File succefully downloaded ")

else:

raise Exception(f"Download failure. HTTP Status: [response.status_code}™)

# 4. Insert ¢SV into a Spark DataFrame
df = spark.read.csv(

LOCAL_FILE_PATH,

header=True,

inferschema=True,

sep=","

)
Fig. 12. Downloading dataset

At this point we can submit any SQL query we
want to our data set.

This dataset contains three different values for the
class: the “N” value for those who are not diabetic, the
“P” value for those who are at a pre-diabetic level, and
the “Y” value for those who suffer from diabetes
disease. The following SQL query (Figure 13)
presents the total number of people, the average BMI,
and the average age for each different class value
(Figure 14).

# 6. Another
result = spark.sql("""
SELECT
CLASS, COUNT(*) as
FROM diabetes data
WHERE CLASS IN (°'Y','N','P")
GROUP BY CLASS
ORDER BY CLASS

ney

Spark SQL example

Total Patients, AVG(BMI), AVG(AGE)

# Show results

result.show()

Fig. 13. SQL query

----- e S LT, 3
|CLASS|Total_Patients| avg(BMI) | avg(AGE) |
=== pe===msmcemc=== je=o=c=ccmcccn===== fe===ce=csccma===== +
102|22.352941176470587 | 44.294117647058826 |

53|23.933962264150942|43.283018867924525 |
840 30.793833333333332| 55.38690476190476 |
$===== Frmmmmmmmm————— e e L LT Frmmmmmmm - +

Fig. 14. SQL query results

From the results presented in Figure 14, we see that
840 people are patients with an average body mass
index (BMI) of 30.79 and an average age of 55.38.

The next SQL query (Figure 15) focuses on
patients, that is, those with a value “Y” in class, and
presents the number of patients by gender and the
average age.
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# 6. Another Spark SQL
result = spark.sql("""
SELECT
CLASS, Gender, COUNT(*) as Total Patients, AVG(AGE)
FROM diabetes_data
WHERE CLASS='Y'
GROUP BY CLASS, Gender
ORDER BY CLASS
ney

query

# Results
result.show()
Fig. 15. SQL query to display number of
patients and average age
The results (Figure 16) present that most of the
patients are male (486 people) with average age 55.25.

+----- $------ et e it +
|cLASS |Gender|Total_Patients| avg(AGE) |
+----- - Fommmmm e Frmmmmm e +
Fl 353|55.56940509915014 |
M| 486|55.25514403292181 |
Fig. 16. Total number of patients and average age

Data analysts can utilize the Spark tool and submit
multiple SQL queries to derive useful information
from the dataset. The purpose of this section is not to
provide an extensive data analysis for the specific
dataset but to present the special requirements and
technical capabilities provided by the different
software tools. The last command in the program is
spark.stop() to close the Spark Session and free up
system resources.

Il

5.2  Using Weka for Diabetes Prediction

In this section, Weka was used as software tool and
three Machine Learning algorithms for creating
models for diabetes prediction. Weka (Waikato
Environment for Knowledge Analysis) is one of the
most popular, free and open-source software for
Machine Learning and Data Mining. It was developed
at the University of Waikato in New Zealand and is
written entirely in Java.

Machine learning is a branch of Artificial
Intelligence that, through the development of
algorithms and techniques, enables computers to learn
and improve from data. Algorithms help identify
patterns and create models that can be implemented
on new, unknown data to make predictions

Three machine learning algorithms were run using
the diabetes dataset derived from Kaggle [29] as
training and test file and the corresponding models
were created: decision trees, Naive Bayes classifier
and the KNN. The results are presented in the
following tables: Table 1 presents the results for
decision trees, Table 2 for Naive Bayes classifier and
Table 3 for KNN.
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Table 1. Results from decision tree classifier

Table 3. Results from k-Nearest Neighbors algorithm

> Summary wew

In all three cases the accuracy is greater than 80%
and specifically as shown in the corresponding tables,
84.6062% for decision trees, 80.0706% for Naive
Bayes classifier and 81.8023% for KNN. The analyst,
in addition to accuracy, also receives from the
software a number of metrics such as True Positive
Rate (sensitivity), False Positive Rate (specificity),
precision, recall, F-Measure etc. that help him
evaluate both the overall performance of each model,
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its reliability and how useful it can be for making
predictions, as well as the corresponding metrics for
each class separately.

As mentioned earlier, the purpose of this section is
not to create the optimal model and perform data
analysis using the specific data sets. The purpose of
the section is to present the need to use and integrate
multiple software tools in data analysis, to present the
difficulties that arise in this process and the
capabilities that the data analyst has. The following
section presents the conclusions from current research
as well as issues for further study.

6 Conclusion

The purpose of this paper is not to present the machine
learning methods and the evaluation metrics of each
model or the functionality of Spark SQL tool, but to
give an overall picture of the complexity involved in
the analysis of big data in all scientific fields, with an
emphasis on the field of healthcare. The challenges
and problems for analyzing big data in the healthcare
sector are multiple due to the huge volume of data that
is collected at a rapid pace, its complexity, its different
formats, the interdependencies it contains, as well as
the security and accuracy requirements that exist. A
multitude of tools have been developed to support all
phases of the data lifecycle and help the data scientist
discover patterns and trends and create models that
will enable reliable predictions.

Health scientists can use the power of data
analytics to gain useful knowledge that will help them
make decisions. The ongoing studies carried out in the
health sector offer useful knowledge and help
scientists at a research and therapeutic level, and for
this reason it is important to continue research with
more reliable and accurate data. At the same time, the
role of technology and informatics is crucial for
increasingly better support for scientists in the health
sector.

In this paper, medical data from two different data
sources were used and the method of obtaining them
through a Python program was presented, as well as
the utilization of different tools and methods. These
software tools can be used complementary and help
the analyst to address different aspects of a specific
problem. The problems that can arise when using
multiple tools are many and from the current research
it appeared that these mainly concern the bridge that
must be made between different applications and
software tools. At many stages of this process, the data
analyst is forced to delve into the technical specifics
and functions of each separate environment to bridge
the differences and integrate different tools.
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The role of healthcare data analyst is particularly
critical, as he is called upon to bridge the gap between
technology, mathematics and human health. The data
it handles is about patients’ lives, clinical trials and
improving the healthcare system. To succeed in this
field, one needs a combination of hard skills in
technology, healthcare domain knowledge and soft
skills in communication, critical thinking and problem
solving.

This study has presented the specific requirements
that exist when integrating different data sources and
software tools. Further research can be carried out in
this field using more data sources of different degrees
of structure, more software tools and machine learning
methods.
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