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PAPER

Proposed Feature Selection Technique for Pattern 
Detection in Patients with Pneumonia Records

ABSTRACT
Pneumonia in Peru is a very serious problem. Its impact in recent years has been aggravated 
due to the Covid-19 pandemic, generating an increase in infections and deaths without distin-
guishing the age range, which placed this country on the mortality list due to the pandemic. 
That is why this research seeks the causes of this problem and evaluates what patterns were 
detected between the years 2019–2022 in patients with pneumonia in Peru from data set 
from the Comprehensive Health Insurance (SIS). The data presented values related to age, 
gender, medication and other significant values to understand the disease. The results of the 
research were achieved by using the PCA technique where the dimensionality of the data 
was reduced from 28 to 4 main features (Patient’s year of health care, Age, BMI, Department). 
Finally, with this processed data set, the K-Means algorithm was used, where it was deter-
mined that patients in the 60 to 85 years range are the most affected by J189 pneumonia. 
In addition, an environmental pattern was found in J189 pneumonia. J128, resulting in a 
focus on patients on the Peruvian coast in places like Lima or La Libertad.
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1	 INTRODUCTION

Currently, there is a significant growth in the information generated or produced 
by various sectors, such as health, due to the digitalization of our environment. 
In this regard, [1] mention that changes are evident in different economic sectors, 
including the health sector. Due to these changes, it is important to know how to 
adapt to them, and to perform accurate analysis of all the information generated. 

Concerning health in Peru, many problems affect the quality of life of the popula-
tion. One of the most worrying aspects is the lack of access to quality health services 
in many rural and urban areas of the country, as mentioned by [2] where, with 
respect to health workers, “almost 50% (102,777) of them were concentrated in the 
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city of Lima.” In addition, the lack of resources and trained personnel in some health 
facilities also contribute to the inefficiency of the services offered. On the other hand, 
unequal access to health care is also a significant problem, as many people living in 
poverty cannot afford efficient medical treatment for their health. 

A relevant point in these health concerns is the lack of investment in research 
and development in the health sector, which prevents significant advances in the 
treatment of prevalent diseases in the country, such as diabetes and hypertension. 
In addition, the covid-19 has led to an increase in the number of pneumonia cases, 
placing Peru in high mortality rankings. For this reason, Peru’s healthcare system is 
going through a difficult time and faces challenges in terms of accessibility, quality 
and investment in research that must be addressed as soon as possible.

Pneumonia, according to [3], is “a common respiratory infection and warrants 
careful consideration of antibiotic initiation and choice.” This is divided into three 
main groups as mentioned by [4]. “Pneumonias are classified into community- 
acquired pneumonia (CAP) and nosocomial or hospital-acquired pneumonia (HAP),” 
and this classification comes from the place where the disease was acquired.

Based on this context, it is necessary to be able to find the most significant fea-
tures associated with pneumonia and its types. A constant problem when choosing 
features is to properly select the algorithm, which is why [5] highlights the need 
to improve prognostic prediction of patients with pneumonia by using advanced 
artificial intelligence (AI) methods instead of the Support Vector Machines (SVM) 
algorithm that has been used in previous research. In addition, the authors suggest 
the importance of improving the selection of more significant features from the pre-
sented data set to improve prediction accuracy. 

Similarly, [6] indicate that it is important to identify and use new variables, rel-
evant features or patterns related to COVID-19 pneumonia in order to improve and 
facilitate classification models (such as those implemented by the authors) for the 
diagnosis and identification of this disease. And, thus contribute to the competent 
authorities in their decision-making process related to health policies. On the other 
hand, [7] indicate that the provision of more relevant features to the diagnosis of 
childhood pneumonia should be taken into account in the data set. Knowing that 
children also have other types of respiratory diseases, even with similar symptoms, 
the learning algorithms must know how to differentiate pneumonia from these dis-
eases. For this, the identification and disposition of several features with sufficient 
relevance associated with the disease is important.

The growth of information needs to be controlled in order to treat it efficiently and 
to achieve an improvement in people’s health. This is why the authors [8] state, “Use 
big data to perform proactive measures and ensure timely stakeholder engagement 
to prevent disease occurrence in the case of noncommunicable diseases. Ultimately, 
that will reduce the cost of management and the burden of chronic disease.” The 
improvements are both at the economic level and in the quality of life so that the 
countries that apply this knowledge achieve efficiency in these fields.

Big data analysis is commonly used through data mining, which provides multi-
ple contributions in various areas of knowledge, the health sector being one of those 
that benefited the most by this type of process. An effective application of data min-
ing in health could make health decisions of any entity mor effective, which in turn 
would allow savings in costs and time spent in the search for better proposals. This is 
evidenced by the application of artificial intelligence algorithm to detect respiratory 
diseases in patients [9]. 

The application of an unsupervised machine learning model fits well with the 
objective of the present research as it has been previously used in healthcare for 
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various purposes. [10], in their research, applied unsupervised machine learning to 
databases of electronic medical records for the discovery of latent diseases and to sep-
arate patients based on subgroups with common diseases. The authors highlight the 
usefulness of unsupervised learning for the identification of disease patterns and the 
clustering of patients with common diseases using a number of significant features.

Within unsupervised learning, we find the k-means clustering algorithm also 
often has various applications in the health sector. In research done by [11], the 
k-means algorithm is used to cluster a group of university students based on their 
mental health. The data were obtained from an online survey, which solicited infor-
mation about students’ mental and emotional health. In addition, the authors point 
out that this algorithm can help in the identification of patterns in health, in this 
case, mental health.  

Finally, our research has the main objective of implementing the k-means algo-
rithm using data mining to obtain patterns in patients with pneumonia in Peru, 
through a data set of people diagnosed with some type of pneumonia during the 
period 2020–2022. This data set comes directly from affiliated patients of the SIS 
(Comprehensive Health System) and different fields such as age, sex, glucose levels, 
among other values relevant to the research will be taken into account.

2	 LITERATURE REVIEW

A total of 22 scientific articles have been selected, which were extracted from dif-
ferent journals and conferences indexed in repositories such as IEEE, Web of Science, 
Scopus, Sciencedirect, Springer. And we included some articles from non-indexed 
journals, but they were selected for their contribution to our research.

2.1	 Algorithms for pattern detection in pneumonia

Research [12] and [13] relied on correlation methods and decision tree algorithm 
respectively to identify the main variables to be entered into the algorithms and thus 
were used when detecting the patterns needed in their research.

If we look at issues related to the origin of the data set, we have authors like 
(Lai et al., 2019); [5]; [15]; [13]; [16] who used as data source public data sets like 
NHRID. On the other hand, we have the Lazio Hospital Information System [17], 
which got its data from private centers like the Marshfield Clinical Health System. 
In summary, we have a majority use of public data for health research.

About the algorithms used [12]; [14]; [5]; [15] and [13] the most used were clas-
sification algorithms such as the SVM, Multi Layer Perceptron, Bayesian Boosting 
algorithm. Furthermore, in the research [14] and [5], the AUC was the main metric to 
identify the classification capability of the algorithm created. In the first case, it had 
a value in the range of 0,7518–0,7601 and the other had an AUC for each algorithm 
created of 0,7727 and 0,7758 to make way for future research in the same context to 
improve that figure.

2.2	 Patterns or risk factors associated with pneumonia

The detection of patterns or risk factors related to pneumonia has been the 
objective of several investigations with application cases in different countries 
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and varied populations. In recent research and because of the pandemic context, 
the search for risk factors for pneumonia has been closely linked to COVID-19. For 
example, [18] investigated to identify independent risk factors for COVID-19 pneu-
monia in Mexican adults who have already been vaccinated. On the other hand, 
[19] have a similar objective in their research, which is to analyze patterns and risk 
factors associated with the development of COVID-19 pneumonia. But in this case, 
they apply the analysis to data on children and adolescents in Mexico. 

There are also different cases and application scenarios external to COVID-19, 
focused on the objective of identifying patterns or risk factors related to pneumonia. 
In relation to childhood pneumonia, there is research that seeks to identify risk 
factors associated with pneumonia among children who were admitted to hospi-
tals or other medical centers because of this disease. For example, [20] conducted 
an investigation aimed at analyzing the prevalence and patterns of pneumonia 
among children admitted to the University of Port Harcourt Teaching Hospital in 
Nigeria. Similar research was conducted by [21], who sought to identify the fac-
tors of pneumonia among children who visited Adama Hospital Medical College 
in Ethiopia. On the other hand, there is the research of [22], which sought to deter-
mine the incidence and risk factors for community-acquired severe pneumonia in 
children hospitalized at the C.R. Gardi Hospital in India. In the investigation of [23], 
which deals with progressive community-acquired pneumonia, they sought to 
identify the associated risk factors in children hospitalized in various medical 
centers in Taiwan. 

In addition to cases of children hospitalized for pneumonia, there are also 
other scenarios and application cases for identifying patterns or risk factors asso-
ciated with pneumonia. Among them, there is the research conducted by [24], 
in which they sought to identify risk factors associated with the high incidence 
of childhood pneumonia in a rural area of the Bojonegoro region in Indonesia. 
Another case is that of [25], who investigate to estimate the sensitivity of pneumo-
nia diagnosis and to investigate its determinants or patterns in common among 
Malawian children.

To search for and identify patterns or risk factors associated with pneumonia, 
different data sets or data samples have been used in research related to this dis-
ease, which allowed obtaining relevant information and contributing to knowledge 
in this field. In relation to the above investigations, there are differences in the fea-
tures of their data sets or sample for their respective investigations. For example, 
for COVID-19 pneumonia, [18] used 1607 records of adults over 20 years of age with 
confirmed disease and onset between March and July 2021. Such a number con-
trasts with that used by [19], who use 215,656 records of patients under 18 years of 
age diagnosed with COVID-19, updated to May 23, 2020. These were extracted from 
the database of the General Directorate of Epidemiology of the Ministry of Health 
of Mexico. 

Excluding the cases of COVID-19 pneumonia, there is the research of [26], who 
also used a much higher amount than [18], but a lower amount than [19], being 
almost half of the latter. They used a total of 115,036 hospital admission data records 
from 2012, 2013 and 2014 in the Netherlands, which were obtained from the Dutch 
Hospital Data (DHD) data source. On the other hand, there is the research of [27], 
who used a much smaller number of records than the 3 mentioned, with a total of 
667 records of children between 2 and 16 years of age, and who have been diagnosed 
with pneumonia. Medical records extracted from the University Malaya Medical 
Center between 1 January 2012 and 31 December 2014 were used for this research. 
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Another research with an even smaller amount of data than [27] has been carried 
out by [20], which analyzed 286 physical medical records of children aged 1 to 
17 years admitted to the pediatric emergency room within the period from January 
2017 to December 2018. The authors indicate that the original number of children 
admitted in this period was 2169 (1089 males and 1080 females), of whom 312 were 
admitted for pneumonia. However, 26 of the records could not be recovered, leaving 
the 286 already mentioned.

Considering questionnaires and interviews as data collection techniques, on the 
one hand, there is the research done by [25], where the sample data used were 
obtained from the Service Provision Assessment (SPA) in the period 2013–2014, 
which consisted of a census that was carried out by the Malawi Demographic and 
Health Survey Program. The survey included an audit of facility resources, surveys 
of clinical practices, and observations of clinical care for children under the age of 5. 
In total, 3136 clinical visits were collected from children between 2–59 months of 
age. On the other hand, there is the research of [22], who, in this case, detail how 
they carried out the data collection process in the period July 2015 and June 2016. 
They indicate that the chosen participants were children from 2 to 59 months of 
age, admitted to pediatrics or the pediatric intensive care unit of C.R. Gardi Hospital. 
It has a calculated sample size of 151 children with severe pneumonia. Regarding 
the data collection process, the authors mention that the oxygen saturation level 
(SaO2) was taken on admission to the hospital, using a pulse oximeter. Interviews 
were conducted with the mother or caregiver of the children who met the inclusion 
criteria, which consisted of answering questions from a questionnaire related to the 
signs and symptoms of pneumonia on admission.

On the other hand, there are also investigations or studies of the type case con-
trol, where they divide the studied population into two groups: case and control. 
For example, [24] halved their population of 176 children into 88 children for each 
group. The group of cases was children between 10–59 months of age who were 
diagnosed with pneumonia, while the control group was children of the same age 
who were not diagnosed with pneumonia. Their analysis was made in the period 
from January 1, 2018, to January 31, 2019. With a similar population and control 
groups, there is the research of [21], with 248 children between 2–59 months of 
age who visited the outpatient department of Adama Hospital Medical College in 
Ethiopia, between January 1 and March 15, 2021. The group of cases were also 
children diagnosed with pneumonia, and the control, those who were not diag-
nosed with pneumonia in that period. In this case, to obtain the data, a structured 
questionnaire was designed that included questions associated with independent 
variables (sociodemographic variables), environmental factors, nutrition and 
vaccination status and disease history.

Based on the above-mentioned investigations, different risk factors associated 
with the revised investigations could be identified. That may be present in the gen-
eral public, but in some cases, may be more harmful to children. Summarizing some 
of the most common ones we have:

Common symptoms include the following:

•	 Smoking.
•	 Diabetes.
•	 Obesity.
•	 Malnutrition.
•	 Diarrhea.
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Considering previous and current health conditions, we have:

•	 Previous upper respiratory diseases.
•	 Incomplete immunization in the case of COVID-19 pneumonia.
•	 Immunosuppression.
•	 Low level of hemoglobin and white blood cells.
•	 Vitamin A deficiency.

Other factors to consider include:

•	 High incidence of pneumonia in regions of high population density.
•	 Vulnerability to disease for older adults, such as complications of COVID–19.

In addition, in cases of childhood pneumonia, there were some characteristic 
factors such as:

•	 Low educational level of parents.
•	 High percentage of children raised in families in extreme poverty.
•	 Large family.
•	 Non-exclusive breastfeeding.
•	 Low birth weight.
•	 Premature birth.

3	 METHOD

The CRISP-DM methodology was used in the development of the research, which 
allows for an order and an adequate procedure to carry out the respective analysis 
of the data and to obtain the expected results for the present work.

3.1	 Business understanding

Pneumonia is a health problem that negatively affects the general population 
in our country. And that is why a data mining model was developed for pattern 
detection in patients with pneumonia in Peru. In this context, it was considered to 
use medical records of patients affiliated to the Comprehensive Health System (SIS) 
who have suffered from some type of pneumonia and have been treated in different 
health institutions in our country.

3.2	 Data understanding

The data set used in this research was obtained by the SIS (Comprehensive Health 
System) through a request made on its transparency portal. In total, 591317 records 
of patients diagnosed with pneumonia were obtained between 2019 and 2022. 
In total, 37 fields were provided, including age, department, gender, medications, 
etc. Furthermore, these data are based on the features of the Single Care Form pre-
pared by the Ministry of Health.

Data structure. The data set awarded by the SIS is an Excel document with dif-
ferent tables and fields related to patients with pneumonia and with a cut-off date 
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of April 26, 2023. This Excel document is divided into 5 tables containing data for 
the years 2019–2022: 1 table of health care, and 4 tables (1 for each year) related to 
certain medications in that period.

In Table 1 you can see the variables with their respective descriptions related to 
the patient, similarly in Table 2 in relation to the prescribed medication.

Table 1. Description of collected table of health care

Variable Description Variable Description

DIAGNOSTIC CODE ICD-10 code of the type 
of pneumonia diagnosed

RENIPRESS NAME IPRESS Name where the 
health care was performed

DIAGNOSTIC NAME Type of pneumonia diagnosed NIVELEESS Health facility level

TYPE OF DIAGNOSIS It can be presumptive, 
definitive or repeated

CATEGORY Sub-level to which a 
medical establishment  
belongs

DATE OF BIRTH Date of birth of the patient TYPE_CARE Type of health care 
provided to the patient

SEX Sex of the patient DESTINY_CARE It is the patient’s final 
situation after health care

SERVICE Health service code BP Blood pressure in mmHg

SERVICEDESC Description of the health  
service

HEIGHT Height in centimeters (cm)

AGE Age of patient WEIGHT Weight in kilograms (kg)

DEPARTMENT Department where health care 
was registered

BMI Body mass index

PROVINCE Province where health care 
was registered

PNEUMOCOCCUS Indicates whether the 
patient is immunized 
against pneumococcus

DISTRICT District where health care 
was registered

INFLUENZA Indicates whether the 
patient is immunized 
against influenza

RENIPRESS COD IPRESS code where the health 
care was performed

Table 2. Description of collected table of medications

Variable Description

MEDICATION CODE Medication code prescribed to the patient

MEDICATION NAME Description of the medication prescribed to the patient

QUANTITY Number of medications prescribed to the patient

3.3	 Model design

The proposed model for detecting patterns in pneumonia begins with data entry, 
which represents the described records of patients diagnosed with pneumonia in 
Peru. It then continues with the data preparation stage, intending to condition the 
data for the implementation of the K-means algorithm. Finally, there is the results 
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phase, where the clusters produced by the algorithm are shown. And how the 
associated pneumonia patterns are represented, as can be seen in Figure 1.

Fig. 1. Model for pattern detection in pneumonia

Data preparation. In this phase, there is a set of activities aimed at constructing 
final data. It is acceptable that the task of data preparation or imputation can be 
performed more than once.

a)	 Data selection. Data associated with ‘id’ such as ‘MEDICATIONID’ (column n), 
‘HEALTHCAREID’ (column n), etc. will be removed from the data set to be pro-
cessed because they have no greater relevance to the objective of the project. We 
will only keep the ‘ATENDEDID’ (column n) for control of the number of health 
care per person.

b)	 Data cleansing. To deal with missing data, the elimination of values was used, 
since [28] states that if the data sample is very large and the MCAR (Missing 
Completely at Random) criterion is met, then elimination by list/row is the most 
recommended solution.

c)	 Data transformation. The numerical transformation (Gutiérrez et al., 2016) 
provides a conversion of the categories by integers without repetitions, making 
it the most indicated over One – Hot because the latter only provides 0 or 1 as 
numbers to be replaced per category.

	  Because our research uses k-means, which is a machine learning algorithm 
that uses numerical variables, a normalization of the categorical data is applied. 
In our dataset as we have 19 fields of this type, the conversion to numerical data 
was applied. In addition, such conversion was useful for performing main fea-
ture analysis, since the data had to be numerical.

	  Furthermore, the principal component analysis (PCA) technique was used. We 
chose this methodology based on the research of [29] which indicates that the 
PCA technique is the best when selecting the main features in Big Data, with 
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better results than SVM, Random Forest and Naive Bayes since it retains a large 
proportion of fields unlike others.

d)	 Feature selection. A key point to consider for the objectives of this study is 
the selection of main features in patients with pneumonia. For this purpose, the 
Principal Component Analysis (PCA) technique was used.

	  We used this methodology based on research from [29], which indicates that 
the PCA technique is the best when selecting the main features in Big Data, with 
better results than SVM, Random Forest and Naive Bayes because it retains a 
large proportion of fields unlike these. This technique defines the principal com-
ponents as linear combinations of the original variables, and they are ordered 
according to the amount of variance they capture.

	  Below are the steps commonly used to determine the principal components.
–	 Standardize.

�Equation (1) can be used to subtract the variables with their mean and then 
divide it by their standard deviation.

	
X
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i n j p

j i j

j

,
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� �
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X
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–	 Calculate principal components
�Equation (2) shows that the principal components to be found are defined by 
multiplying the variables by their weight (variance), m indicates the number 
of components.

	 Y X X X j m
j j j pj p
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 The coefficient vectors in the principal components are one.
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�The n principal components found were established in the function to be 
maximized with the weights of each variable in our data set on patients with 
pneumonia.
 Function to be maximized:

	
i

p

i

�
� �

1

1

2 1� 	 (4)

–	 Lagrange multiplier
�Since maximizing the summation is sought, the Lagrange is applied with the 
following equation (5).

	 F t t( ) �� � � � � � �
1 1 1 1 1

1, ( )� � � � 	 (5)

� Once the weights per variable were located to maximize the function, the 
main variables were determined with which the patterns per patient were 
determined using K-means in the next step.

Modelling. For the implementation of the pattern detection model for pneu-
monia in Peru, it was decided to use the K-means clustering algorithm because of 
its ability to efficiently segment the data into groups based on the minimization of 
variance within each group.
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a)	 K-means algorithm. For this research, the data of patients diagnosed with pneu-
monia and their respective features or attributes (after having gone through the 
preparation phase) were analyzed. These allowed us to calculate the Euclidean 
distance to the centroids of the initially defined clusters, so that each patient or 
individual is assigned the closest cluster. Complementing the above, [30] and [31] 
refer to the steps to be followed when applying the k-means algorithm to a data 
set. They can be visualized in the following flowchart (see Figure 2):

Fig. 2. K-means algorithm flowchart

	  Focusing on the data of patients diagnosed with pneumonia, we have the 
following:
–	 Given the data set of size ′N′ represented by Patients ′P′ = {P1, P2, P3, …., Pn}.  

It contains a number ′M′ of fields or features ′X′ = {X1, X2, X3, …., Xm}. Where 
′M′ is the number of fields that were kept after the data preparation and 
cleansing phase. In addition, the features Xi, refer to described in the above. 
Such as: Diagnosis, date of birth, sex, age, department, blood pressure, height, 
weight etc.

	  After defining the data set, the number ′k′ of clusters is established, and the 
patients Pi to be chosen as the initial centroids ′C′ = {C1, C2, … Ck} for the algo-
rithm are selected from the data set.

–	 Subsequently, the Euclidean distance between the patients Pi to the centroids  
Ci is calculated, taking the fields or features Xi as reference points. This calcu-
lation can be represented by equation (6) described by [32]:
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d Z C Z C

p j pk jkk

N
d
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�� 2

1

	 (6)

Where: 
•	 Nd refers to the number of remaining fields or columns in the final 

patient data set.
•	 Zp refers to the features of patients Pi.
•	 Cj refers to the features of patients defined as centroids Ci.

–	 After calculating the distance of each patient Pi to the centroids Ci correspond-
ing to each cluster, the cluster with which the least respective distance was 
obtained is assigned.

–	 Subsequently, the algorithm completion criterion is evaluated. For this crite-
rion, the value of Inertia is commonly used, seeking to minimize it in each 
iteration until reaching some set value as convergence. As another alterna-
tive to the completion criterion, a fixed number of iterations performed by 
the algorithm can be set.
 [33] represents the calculation of inertia by equation (7).

	 SS x i K
Wi

t

t i
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2

1( , ) 	 (7)

•	 t refers to the number of patients Pi.
•	 xt refers to patient fields.
•	 µi refers to defined patient fields centroids Ci.

–	 Finally, the centroids of the initially defined clusters are reassigned. Then, 
steps b), c) and d) are repeated until the completion criterion of the estab-
lished algorithm is met.

	   For centroid reassignment, for each cluster the average of the values of the 
features Xi of patients it contains must be calculated. [32] represents this by 
equation (8):

	 m Z n
j Z inc p j

p j
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�
�

�
�
��

�
�

/ 	 (8)

Where:
•	 Zp refers to the fields or features of patients Pi grouped in the cluster Ci.
•	 nj is the number of patients for cluster Ci.

b)	 Techniques for choosing the number “k”. For the implementation of the 
k-means algorithm in the proposed model, it will be necessary to take into 
account the existing techniques for choosing the optimal number of clusters. On 
this subject, [34] points out that it is important to set an appropriate value for 
the number of clusters k, and that an incorrect choice of this value can cause the 
algorithm to give poor results. Since some clusters could be merged or split so as 
to couple to the set amount.

	  [33] mentions commonly used techniques for choosing the number of clusters. 
	  Such as:

–	 Optimization of inertia (elbow method). This method evaluates the Inertia 
value from the minimum and maximum number of possible clusters, and 
thus obtains the optimal value according to the input data. This technique 
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is evaluated graphically, and the number of clusters where the inertia value 
ceases to vary significantly will be chosen.

Fig. 3. Elbow method. Adapted from machine learning algorithms (p. 189), by G. Bonaccorso, 
Packt Publishing

	   Figure 3 shows how the inertia value no longer varies significantly when 
the number of clusters is 5. So, in this specific case, it would be an optimal 
amount to initialize the algorithm.

–	 Silhouette coefficient. According to the author, the coefficient or score of the 
silhouette is based on the principle: “maximum internal cohesion and max-
imum group separation.” What is sought is that the grouping of the data set 
produces subdivisions that are correctly separated from each other. That is, 
the distance between two patients in the same cluster should be less than the 
distance between two patients in different clusters. The author defines the 
silhouette coefficient calculation using equation (9) (taking into account a 
patient Xi from the data set):

	 S X
b X a X

max a X b X
( )

( ) ( )

{ ( ), ( )}
�

� �

� �

�
�

�

�	 (9)

 The coefficient value varies in the range of [-1, 1] , where:

•	 a x
i

( ) is the mean distance between patient Xi and other patients in the 
same cluster.

•	 b x
i

( )  is the mean distance between patient Xi and patients in the near-
est cluster.

 In addition, the values are interpreted as follows:

•	 If the value is close to 1, it means that the coefficient reaches its best possi-
ble value. And b x a x

i i
( ) ( )>  
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•	 If the value is close to 0, it means that the difference between the distances 
from the patient to the patients in the same cluster, and from the patient 
to the patients in the nearest cluster, is almost zero. That is, there is clus-
ter overlap.

•	 If the value is close to -1, it means that the patient was assigned the 
wrong cluster, therefore, another ‘k’ number of clusters must be estab-
lished. Since a x b x

i i
( ) ( )>  

Model evaluation. This task is based on the interpretation according to each 
one, our criteria and knowledge determined our mastery over the use of the model 
and being able to explain the results.

For the implementation of the pattern detection model for pneumonia in Peru, 
it was decided to use the K-means clustering algorithm. This allowed grouping data 
from patients with pneumonia to obtain common patterns.

3.4	 Deployment

The model deployment is applied based on data set collected for Peruvian patients 
diagnosed with some type of pneumonia obtained from SIS. In this way, and using 
the clusters detected by the model, the most common patterns associated with pneu-
monia were obtained in this real data set. In  Figure 4, you can see the development 
of the process.

Fig. 4. CRISP – DM Process

4	 RESULTS AND DISCUSSION

4.1	 Results

In the data preprocessing phase, Principal Component Analysis (PCA) was applied 
to reduce the dimensionality of the data set from 28 original fields to 4, which are 
finally the main features (see Table 3). This significant reduction in the complexity 
of the data set was achieved by applying the “elbow rule” technique in PCA, while 
retaining most of the data variance, simplicity and interpretability of the model. 
With respect to the records, 11184 rows were finally obtained for the data set finally 
processed (see Table 4).

https://online-journals.org/index.php/i-joe


	 82	 International Journal of Online and Biomedical Engineering (iJOE)	 iJOE | Vol. 20 No. 7 (2024)

Gil Jauregui et al.

Table 3. Preprocessing techniques

Technique Description Affected Variable(s)

MCAR This technique eliminates null values 
due to the fact that no pattern is found 
in the data with no value

BP, height, weight, BMI

Numerical 
Transformation

Categorical variables are converted 
to numerical values for subsequent 
use of PCA

birth_date, sex, service, servicedesc, 
department, province, district, category, type_
care, destiny_care, pneumococcus, influenza

PCA Selection of main features Final variables:
•	 year_care
•	 age
•	 bmi
•	 department

Table 4. Number of records in stages

Stage # Records

Initial 591317

MCAR  20887

Outliers & PCA  11184

Subsequently, we advanced to the application phase of the K-Means clustering 
algorithm. In this stage, K-Means was configured with a k value of 13 clusters for 
data clustering. This is an optimum number that arose after an exhaustive analysis 
of the inertia value, applying the techniques: elbow method and silhouette coeffi-
cient. Values were tested between a range of 1 to 20 clusters, where the number 
k = 13 obtained by the elbow method was chosen over the number k = 3 obtained by 
the silhouette method, since the inertia value is lower.

First, an analysis of the types of diagnosis (diagnosis code) was performed, based 
on the number of clusters, where it can be evidenced that Pneumonia, unspeci-
fied organism (J189), was the most common diagnosis within our data set used  
(see Figure 5), distributed evenly across the rest of the clusters.

Fig. 5. Cluster vs Diagnostic code
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Regarding the analysis of patients diagnosed taking into account the year of 
health care, cluster plots were evaluated for each of the five diagnostic types men-
tioned above. For the types: Bacterial pneumonia (J159) and bronchopneumonia 
(J180), no notable differences were found between the year of health care. 

Regarding the type of pneumonia, unspecified organism (J189). It can be 
evidenced that the largest number of cases occurred in the years 2019–2021  
(see Figure 6).

Fig. 6. Number of clusters vs Year of care (Pneumonia type J189)

On the other hand, for the types Viral pneumonia, unspecified (J129) and Other 
viral pneumonia (J128). It was evident that the highest number of cases occurred 
in 2021 (see Figures 7 and 8), which was the second year of the coronavirus 
outbreak in Peru.

Fig. 7. Number of clusters vs Year of health care (Pneumonia type J129)
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Fig. 8. Number of clusters vs Year of health care (J128)

The analysis of J189 pneumonia, which has showed the highest number of cases, 
reveals a predominance in elderly patients, specifically between 60 and 85 years 
of age (see Figure 9). This trend in age is similar to the findings of the research car-
ried out by [13], which indicated that the patients most vulnerable to pneumonia 
were between 74 and 88 years old. Therefore, it is concluded that pneumonia largely 
affects elderly people.

Fig. 9. Number of clusters vs Age of patients (Pneumonia type J189)

In the analysis of patients with J129 pneumonia (see Figure 10), it was observed 
that a BMI range between 22 and 30 was associated with a high degree of obe-
sity, suggesting possible distinctive health characteristics and risks in this specific 
group. This agrees with what was identified by [19] where obesity is the pre-
dominant comorbidity in more than 82% of their patient sample. These findings 
highlight the significant presence of obesity as a key condition in patients with 
pneumonia.
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Fig. 10. Number of clusters vs BMI of patients (Pneumonia type J129)

In the analysis of patients diagnosed with J128 pneumonia (see Figure 11), a 
high number of patients diagnosed in the departments of Metropolitan Lima, La 
Libertad and Piura, which are regions with a high population density in our country, 
can be seen.

Fig. 11. Number of clusters vs. Department of patient residence. (Pneumonia type J128)

4.2	 Discussion

It can be seen that J189 pneumonia predominated in elderly patients (60–85 years 
of age) is important from a clinical perspective. This could indicate that certain 
types of pneumonia are more associated with specific age groups, which could 
influence prevention and treatment strategies. This trend in age resembles the find-
ings of research conducted by [13], which indicated that patients with the highest 
vulnerability to pneumonia were aged 74–88 years. 
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On the other hand, the research findings differ from what was obtained by [19] 
and [20] for childhood patients. Since, in this age range, the highest prevalence of 
the disease was concentrated between 1–4 years, being more frequent for children 
under 1 year. This is contradicted by the results (see Figure 9), since no significant 
differences were observed between these ages.

Therefore, it can be mentioned based on the data set used, that pneumonia largely 
affects elderly people.

Furthermore, the importance of body mass index (BMI) in patient segmentation 
is a key observation. The prevalence of BMI in the 22–30 range in patients with 
J129 pneumonia suggests that this group of patients may have distinctive features in 
terms of health and risk factors. 

This is consistent with what was identified by [19] where obesity is the predom-
inant comorbidity in more than 82% of its patient sample. These findings highlight 
the significant presence of obesity as a key condition in patients with pneumonia.

Pneumonia type J128 shows a predominance in the coast, especially in the depart-
ments of Metropolitan Lima and La Libertad. This finding suggests that there are 
possible geographic, environmental or exposure factors that may influence the dis-
tribution of the disease. It is important to explore these factors further in future 
research to better understand the underlying causes of this variability. 

As mentioned, the trend of detected cases in relation to the department, is similar 
to that indicated by [26], who indicate that regions of high incidence of pneumonia 
are characterized by a high population density. This can be seen in the high number 
of patients diagnosed in the departments of Metropolitan Lima, La Libertad and 
Piura, which are regions with a high population density in our country.

There are other works related to the prediction of different diseases which use 
other algorithms related to machine learning [35–37].

5	 CONCLUSION

The application of the data mining process to this research contributed as a frame-
work for the treatment of data before, during and after the recognition of Patterns 
by applying K-means. Therefore, the utility of data mining and CRISP-DM method-
ology in Big Data analysis related to the health field can be highlighted. The use of 
the K-Means algorithm made it possible to use various measures to evaluate how 
clustering algorithms work. Through the implemented visual representations, it was 
possible to observe how the data of patients with pneumonia behave, which allows 
informed decisions to develop preventive programs by health managers in the future. 

This research highlights the relevance of models that detect behavioral patterns 
in patients with pneumonia, providing a valuable contribution to guide the care of 
cases of this disease in Peru. A relevant future consideration involves the incorpora-
tion of geographical and environmental data due to Peru’s territorial diversity and 
high levels of pollution in the capital, according to multiple studies. In addition, the 
analysis of socioeconomic level, an aspect not addressed in this research, represents 
a relevant field that we suggest exploring in future studies complementary to ours.
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