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Abstract—There are several varieties of respiratory diseases 

which mainly affect children between 0 and 5 years of age, not 

having a complete report of the behavior of each of these. This 

research seeks to conduct a study of the behavior of patterns in 

respiratory diseases of children in Peru through data mining, 

using data generated by the health sector, organizations and 

research between the years 2015 to 2019. This process was given 

by means of the K-Means clustering algorithm which allowed 

performing an analysis of this data identifying the patterns in a 

total of 10,000 Peruvian clinical records between the years 

mentioned, generating different behaviors. Through the grouping 

obtained in the clusters, it was obtained as a result that most of 

the cases in all the ages studied, they presented diseases with 

codes between the range of 000 and 060 approximately. This 

research was carried out in order to help health centers in Peru 

for further study, documentation and due decision-making, 

waiting for optimal prevention strategies regarding respiratory 

diseases. 
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I. INTRODUCTION 

The use of technologies has played an important role in the 
health sector, providing benefits that contribute to the fight 
against diseases. This context the use of data mining makes the 
processing and distribution of data more feasible, optimizing 
time, labor and costs [1]. Gathering large amounts of data to 
enable decision-making and strategic guidance is crucial for the 
analysis of the health situation in Peru [2]. According to [3], 
the health care industry in Peru is moving towards a 
personalized care model supported by new technologies to 
improve management and quality of service. Some of the 
processes where ICT has been implemented are telemedicine, 
remote diagnosis, informative applications, databases, cloud 

computing, etc.; however, more work still needs to be invested 
to close the existing gaps [3], [4], as the need to analyze big 
data and the analysis of population health is not yet fully 
covered. 

Respiratory diseases have been mutating considerably over 
the years, causing the lack of a complete report of the behavior 
of these diseases for their proper prevention. According to 
MINSA and CDC [2], higher incidence rates were shown in 
children under 5 years of age with respect to acute respiratory 
infections and pneumonia between 2015, 2016, 2017 and 2018. 

The situation of the health sector in Peru with respect to the 
use of data mining as a predictive tool is not many, although 
there are technological initiatives, such as regulating electronic 
medical records, or creating information systems that help the 
processes of health entities, there are still things to be done. 

In the research [5], a prediction of academic performance 
was performed by data mining, through the use of three 
techniques, obtaining that using data mining it was possible in 
82.87%, to make predictions of the academic performance of 
entrants in a timely manner. 

Identifying that respiratory diseases are one of the main 
causes of mortality in infants in Peru, especially in children 
under five years of age [2], [6]-[8], the project aims to analyze 
population data to identify patterns of respiratory diseases in 
infant patients. The aim of this research is to generate results 
that will reveal the behaviors associated with respiratory 
diseases in children from 0 to 5 years of age, and may help 
health centers in Peru to create prevention strategies regarding 
respiratory diseases that are more frequent in infants and thus 
achieve a decrease in the number of deaths. 
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II. THEORETICAL BASIS AND RELATED WORK 

A. Respiratory Diseases 

The upper respiratory tract includes the nose, mouth, nasal 
passages, pharynx and larynx, and the lower respiratory tract 
includes the trachea, main bronchus and lung (Fig. 1). 

This whole system directs the inhalation of the outside air 
into the lungs for breathing to take place. An acute respiratory 
tract infection that we will call for research as "respiratory 
disease", [9], [10] is an infectious process it is an infectious 
process that occurs within the airways, either upper or lower. 

One of the most common causes why most people tend to 
get sick and attend the environment are upper respiratory tract 
infections, which produce variable symptoms ranging from 
runny nose, sore throat, cough, shortness of breath and lethargy 
[9], being one of the main ills afflicting preschool children 
[11]. 

B. Classification of Respiratory Diseases 

These are classified as upper respiratory tract infections 
(SSRIs) and lower respiratory tract infections (ITRI), the most 
common being SSRIs, which compromises the airways, 
starting from the nostrils, larynx, sinuses and middle ear [9], 
[11], [12]. 

C. Pattern Recognition in Respiratory Diseases 

Respiratory diseases generally present a pattern (standard 
or model) of behavior by which a physician can diagnose 
whether a patient is suffering from this condition as either a 
lower respiratory tract infection or an upper respiratory tract 
infection. 

D. Data Mining 

According to [13], [14], data mining is a process of 
extracting useful information by analyzing big data. Data 
mining is the process of knowledge discovery by analyzing 
interesting patterns that large amounts of data to be analyzed 
have in common (Fig. 2). 

 

Fig. 1. Airway Components [9]. 

 

Fig. 2. Knowledge Discovery Process [13]. 

E. Clustering Algorithms 

These algorithms aim at clustering data according to their 
classification (see Fig. 3), with the objective of finding the set 
of patterns for an efficient representation that characterizes the 
presented population [14]-[16]. 

The most widely used clustering algorithm is K-Means due 
to its good scalability with the use of data fulfilling 
initialization, assignment and update steps [15], [17]. 

 

Fig. 3. K-Means Algorithm [18]. 

III. METHODOLOGY 

The research is of the applied correlational type since it 
attempts to establish a degree of association between the 
variables under study. 

The method of analysis and synthesis will be used in the 
development of the research. The methodology that was 
implemented allows having an order and an adequate 
procedure to carry out the respective analysis and to be able to 
obtain the adequate results that are desired for this research 
work. 

A. Population 

The health sector is one of the sectors that generate large 
volumes of information and data capture of their patients. The 
population to be taken into account for this research was 
10,000 Peruvian clinical records between the years 2015 to 
2019, for cluster analysis, from which the variables extracted 
were type of disease, year, age, case number and gender. 
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B. Data Processing and Analysis Technique 

After evaluating and critiquing the data to ensure accuracy 
and reliability, we proceeded to debug unnecessary data, using 
appropriate statistical tools, using software such as Ms Excel 
and Clementine v 11.1. 

1) Methodology processes 

a) Obtaining databases: The extraction sources 

searched were from the Sergio E. Bernales Hospital, Daniel 

Alcides Carrion Hospital, WHO, research articles, MINSA, 

SISPRO, UNICEF and Red Cross, the sources were qualified 

according to some selection criteria that are associated with 

data quality, to finally define the variables taking into account 

the altitude, city of origin, amount of CO (carbon monoxide, 

EPS, stratum, date, date of measurement of air quality, 

inhabitants, mortality rate, amount of NO2 (nitrogen dioxide), 

maximum temperature, minimum temperature and average 

temperature obtained. 

b) Obtain the data analysis tool to be used: The data 

analysis tool to be used is searched, in this case the 

RapidMiner tool was chosen. 

c) Apply the databases in the analysis tool: The data 

obtained from the extraction sources are applied within the 

data analysis tool. 

d) Apply the search algorithms: In order to identify 

behavioral patterns within the databases applied in the analysis 

tool, for this reason, a Clustering algorithm is selected to run it 

in RapidMiner. 

e) Perform the search for data to identify patterns of 

behavior in these diseases: The algorithm is run on the data to 

be analyzed in the data analysis tool. 

f) Obtain the search results: The results obtained from 

the search in the data analysis tool for the identified patterns 

are extracted. 

g) Documentation of the results obtained: 

Documentation is made according to the results obtained from 

the data analysis tool. 

C. Design 

This section will show the design of how the data is 
handled through the information point of view with its 
corresponding diagrams, according to the data model proposed 
by TOGAF. 

1) Data architecture design: To identify the aspects for 

the appropriate use of data, it is proposed to use the TOGAF 

framework which provides methods and tools that facilitate 

decision making in conjunction with data mining [19]. 

2) Selection of clustering algorithms: After performing an 

evaluation for an optimal selection of the clustering algorithm, 

based on two types of clustering, partition-centered and 

hierarchical, the K-Means algorithm was chosen. This 

algorithm was in charge of the development of the partitions at 

the same level to then group the data according to their 

category. For this research, four clusters were taken into 

account according to the distribution made by the K-Means 

algorithm, which allowed the analysis and distribution of the 

data according to the established parameters. 

3) K-Means clustering algorithm: The process of this 

algorithm was applied in RapidMiner. Normalization, 

clustering, performance, de-normalization and new model 

application components were used to develop the process (see 

Fig. 4). To begin with, a Ripley-Set is taken that contains the 

data to be analyzed and then sent to the normalization, which 

is responsible for matching the data values for uniformity 

between them and thus achieve a correct execution of the 

algorithm. The normalized table is then sent to the clustering 

process for the execution of the k-means algorithm, and at the 

same time the un-normalization process is executed to return 

the table to its normal values to be sent to the application of a 

model. 

After the execution of the clustering algorithm, it is sent to 
the performance process which measures distances with respect 
to its centroids. This process is necessary for a better grouping 
of each cluster with respect to its variables. Finally the 
normalized table and the cluster model go through the model 
aggregation process so that the results are performed on the 
original data values in a normalized way. 

 

Fig. 4. Process for the K-Means Clustering Algorithm. 



(IJACSA) International Journal of Advanced Computer Science and Applications, 

Vol. 12, No. 7, 2021 

431 | P a g e  

www.ijacsa.thesai.org 

IV. RESULTS 

A. Cluster Graph 

The graphs that show the grouping of each of the variables 
in the clusters generated by the analysis tool are presented. 

1) Cluster vs disease graph: The graph is distributed 

according to the number of clusters according to the disease 

code (see Annexure 1). 

 

Fig. 5. Graphical Representation of Cluster vs Disease. 

2) Cluster vs year graph: The graph is distributed 

according to the number of clusters according to the range of 

years analyzed 2015-2019. 

 

Fig. 6. Graphical Representation of Cluster vs Year. 

3) Cluster vs age graph: The graph is distributed 

according to the number of the cluster according to the age 

range analyzed from 0 to 5 years old. 

 

Fig. 7. Graphical Representation of Cluster vs Age. 

4) Cluster vs. gender graph: The graph is distributed 

according to the number of clusters according to gender: male 

(0) and female (1). 

 

Fig. 8. Graphical Representation of Cluster vs Gender. 

5) Cluster vs. number of cases graph: The graph is 

distributed according to the number of the cluster according to 

the cases analyzed. 
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Fig. 9. Graphical Representation of Cluster vs. Number of Cases. 

Graph of the distribution of the number of cases in each 
cluster. 

 

Fig. 10. Graphical Representation of the Number of Cases in each Cluster. 

B. Cluster Analysis 

1) Cluster 0: The following cluster has a total of 2,426 

records, associated with 115 types of diseases analyzed for 

this cluster, with a total of 59,345 cases distributed in each of 

the types of diseases (see Fig. 9 and 10 section cluster_0), 

between the ages of 3 and 5 years (see Fig. 7 section 

cluster_0), with the majority being 5 year old children and 

with 51% male and 49% female (see Fig. 8 section cluster_0). 

This cluster presented a lower incidence in the type of 
disease "CHRONIC RHINOPHARYNGITIS" resulting in 
0.09% with a total of 88 cases for the ages of 5 years between 
female and male gender. It is observed that in the year 2017 in 
children aged 4 and 5 years there is a greater number of the 
disease type “ASTHMA, NOT SPECIFIED”, occupying 19% 
compared to the other years analyzed, being mostly of male 
gender. For the years 2018-2019 it is observed that there was a 
significant decrease decreasing the number of cases by 39% for 
female gender and 41% for male gender. 

Regarding “TRACHEAL AND BRONCHIAL DISEASES, 
NOT CLASSIFIED ELSEWHERE” represents 25.3% being 
present in the entire range of years studied 2015-2019 being 
present in the years from 3 to 5 years in both genders, 
observing an exponential growth increasing by 69.68%. 

2) Cluster 1: The following cluster has a total of 2,520 

records, associated with 112 types of diseases analyzed for 

this cluster, counting a total of 59,345 cases distributed in each 

of the types of diseases (see Fig. 9 and Fig. 10 section 

cluster_1), between the ages of 0 to 5 years (see Fig. 7 section 

cluster_1) corresponding to the years 2017-2019 (see Fig. 6 

section cluster_1). 

In the present cluster, it was identified that the least present 
type of disease is 126 with 0 cases reported in 2019. Likewise, 
it is observed that the type of disease with more presence is 
"OTHER ALLERGIC RHINITISES", with a total of 8112 
cases being 46.72% of female gender and 53.98% of male 
gender being present in all the evaluated ages, being the year 
2018 its peak. 

There is a similarity with cluster 0 with respect to the 
gender variable, where the male gender represents 49.5% of the 
cases analyzed and 50.5% the female gender. 

3) Cluster 2: The cluster has a total of 2509 records, 

associated with 116 types of disease analyzed for this cluster, 

counting a total of 59,345 cases distributed in each of the 

types of diseases (see Fig. 9 and Fig. 10 section cluster_2), 

between the ages of 0 to 2 years (see Fig. 7 section cluster_2) 

between the years 2015-2019 (see Fig. 6 section cluster_2), 

where the types of disease grouped together correspond to 

codes 047 to 176 and 184 according to Annex 1, within this 

cluster it was identified that the least present disease are 057 

and 058 (see Fig. 5 and Fig. 9 section cluster_2). 

There is a similarity with cluster 0 with respect to the 
gender variable, where the male gender represents 50.29% of 
the cases analyzed and 49.71% the female gender (see Fig. 8 
section cluster_2). 

4) Cluster 3: The present cluster has a total grouping of 

2,541 records associated with 115 types of diseases for this 

cluster, counting a total of 59,345 cases distributed in each of 

the types of diseases (see Fig. 9 and 10 section cluster_3), 

between the ages of 0 to 5 years (see Fig. 7 section cluster_3) 

corresponding to the years 2015-2017 (see Fig. 6 section 

cluster_3), where disease codes 000 to 119 correspond 

according to Annex 1, within this cluster it was identified that 

the least present diseases are those of code 112, 114, 116, 117, 

118 and 119 finding a lower amount of data in the year 2018 

with 0.47% and in the year 2019 0.07% of data was found. 

There is a similarity with cluster 0 with respect to the 
gender variable, where the male gender represents 50.13% of 
the cases analyzed and 49.86% the female gender (see Fig. 10 
section cluster_3). 

V. DISCUSSION 

The results obtained from the clusters after the application 
of data mining in child patients aged 0 to 5 years, through the 
discovery of patterns in respiratory diseases in the period 2015 
- 2019 (see Fig. 5, 6, 7 8, 9 and 10), were relevant for decision 
making. 
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After performing the analysis to the results of cluster 0 it 
could be identified that there was an exponential growth of 
"Diseases of the trachea and bronchus, not elsewhere 
classified", starting with 2572 cases in 2017, reaching with 
3819 cases by 2019. If promotion and prevention strategies 
will be implemented for the coming years then many future 
cases in children 0-5 years old would be avoided. 

After analyzing the results of cluster 1, it was possible to 
identify that if prevention plans had been applied during the 
period 2017-2018, the 334% increase in cases of "Other 
allergic rhinitis" for children between 0 and 5 years of age, 
where the female population was the most affected, would 
have been avoided. 

According to the results of cluster 2, if measures are taken 
for prevention in ages 0 to 2 years for diseases with codes 047 
to 176 and 184 (Annex 1), then the number of cases and 
affected would begin to decrease, this is because these diseases 
mainly affect this segment of the population. 

After analyzing the results of cluster 3, it was possible to 
identify that diseases such as 112, 114, 116, 117, 118 and 119, 
and the other diseases from codes 000 to 119 had little 
presence in recent years for this number of cases. This is 
understood to mean that preventive measures are being taken 
with respect to these diseases; however, they are not sufficient 
since these diseases are still frequent despite their decrease. 

Different behaviors were obtained through the grouping 
obtained in the clusters generated, with the result that most of 
the cases in all ages presented diseases with codes between the 
range of approximately 000 to 060. 

VI. CONCLUSION 

Data mining models based on algorithms are suitable for 
the prediction and description of the relationships that exist 
between indicators or variables, for the identification of 
patterns within the analysis of the results, optimizing the 
processing of large amounts of data. The management of these 
data allowed structuring them and subsequently converting 
them into information by means of RapidMiner. 

The implementation of the K-Means algorithm allowed 
taking different metrics for the evaluation of the functionalities 
with respect to the classification of clustering algorithms, 
which by means of graphical representations identifies the 
behavior of the data to subsequently make decisions about the 
generation of future prevention programs in Peruvian health 
centers. 

The aim of this research is to demonstrate the great help 
that can be provided by models that show a pattern of patient 
behavior and serve as a basis for redirecting resources in the 
Peruvian health sector. This data extraction allows future 
research to be carried out. 
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ANNEXURE 1 

Nomenclature of disease variable codes is shown in Table I. 

TABLE I.  TABLE OF DISEASES 

Respiratory Diseases 

Diseases Code 

INFLUENZA WITH PNEUMONIA, DUE TO INFLUENZA VIRUS 

IDENTIFIED. 
000 

INFLUENZA WITH OTHER RESPIRATORY MANIFESTATIONS, 

DUE TO INFLUENZA VIRUS IDENTIFIED 
001 

INFLUENZA, WITH OTHER MANIFESTATIONS, DUE TO 

VIRUSES OF THE IDENTIFIED INFLUENZA. 
002 

INFLUENZA WITH PNEUMONIA, UNIDENTIFIED VIRUS. 003 

INFLUENZA WITH OTHER RESPIRATORY MANIFESTATIONS, 

UNIDENTIFIED VIRUSES. 
004 

INFLUENZA WITH OTHER MANIFESTATIONS, UNIDENTIFIED 

VIRUSES. 
005 

PNEUMONIA DUE TO ADENOVIRUS. 006 

PNEUMONIA DUE TO RESPIRATORY SYNCYTIAL VIRUS. 007 

PNEUMONIA DUE TO PARAINFLUENZA VIRUS. 008 

PNEUMONIA DUE TO OTHER VIRUSES. 009 

VIRAL PNEUMONIA, NOT SPECIFIED. 010 

PNEUMONIA DUE TO STREPTOCOCCUS PNEUMONIAE. 011 

PNEUMONIA DUE TO HAEMOPHILUS INFLUENZAE. 012 

PNEUMONIA DUE TO KLEBSIELLA PNEUMONIAE. 013 

PNEUMONIA DUE TO PSEUDOMONAS. 014 

PNEUMONIA DUE TO STAPH. 015 

PNEUMONIA DUE TO GROUP B STREPTOCOCCALS. 016 

PNEUMONIA DUE TO OTHER STREP. 017 

PNEUMONIA DUE TO OTHER GRAM-NEGATIVE AEROBIC 

BACTERIA. 
018 

PNEUMONIA DUE TO MYCOPLASMA PNEUMONIAE. 019 

OTHER BACTERIAL PNEUMONIA. 020 

BACTERIAL PNEUMONIA, NOT SPECIFIED. 021 

PNEUMONIA DUE TO CHLAMYDIA. 022 

PNEUMONIA DUE TO OTHER SPECIFIED INFECTIOUS 

MICROORGANISMS. 
023 

BACTERIAL PNEUMONIA, NOT SPECIFIED. J160 - 

PNEUMONIA DUE TO CHLAMYDIA. 
024 

PNEUMONIA DUE TO CHLAMYDIA. 025 

PNEUMONIA DUE TO OTHER SPECIFIED INFECTIOUS 

MICROORGANISMS. 
026 

BRONCONEUMONIA, NOT SPECIFIED. 027 

LOBAR PNEUMONIA, NOT SPECIFIED. 028 

HYPOSTATIC PNEUMONIA, NOT SPECIFIED. 029 

OTHER PNEUMONIA, UNS SPECIFIED MICROORGANISM. 030 

NEUMONIA, NOT SPECIFIED. 031 

ACUTE BRONCHITIS DUE TO MYCOPLASMA PNEUMONIAE. 032 

ACUTE BRONCHITIS DUE TO HAEMOPHILUS INFLUENZAE. 033 

ACUTE BRONCHITIS DUE TO STREP. 034 

ACUTE BRONCHITIS DUE TO COXSACKIE VIRUS. 035 

ACUTE BRONCHITIS DUE TO HAEMOPHILUS INFLUENZAE. 036 

Respiratory Diseases 

Diseases Code 

ACUTE BRONCHITIS DUE TO STREP. 037 

ACUTE BRONCHITIS DUE TO COXSACKIE VIRUS. 038 

ACUTE BRONCHITIS DUE TO ECHO VIRUS. 039 

ACUTE BRONCHITIS DUE TO OTHER SPECIFIED 

MICROORGANISMS.  
040 

ACUTE BRONCHITIS, NOT SPECIFIED. 041 

ACUTE BRONCHITIS DUE TO ECHO VIRUS.  042 

ACUTE BRONCHITIS DUE TO OTHER SPECIFIED 

MICROORGANISMS.  
043 

ACUTE BRONCHITIS, NOT SPECIFIED. 044 

UNSOFIED ACUTE LOWER RESPIRATORY TRACT INFECTION 045 

VASOMOTOR RHINITIS 046 

ALLERGIC RHINITIS DUE TO POLLEN. 047 

OTHER SEASONAL ALLERGIC RHINITIS. 048 

OTHER ALLERGIC RHINITIS. 049 

ALLERGIC RHINITIS, UNS SPECIFIED. 050 

CRONICA RHINITIS.  051 

CRONICA RHINOPHARYNGITIS.  052 

CRONICA PHARYNGITIS.  053 

CRONICA MAXILLA SINUSITIS. 054 

CRONICA FRONT SINUSITIS. 055 

CHRONOIC ETHMOIDAL SINUSITIS. 056 

CHRONIC SPHENOIDAL SINUSITIS. 057 

PANSINUSITIS CRONICA. 058 

OTHER CHRONIC SINUSITIS.  059 

CHRONIC SINUSITIS, NOT SPECIFIED.  060 

NASAL CAVITY POLYPO.  061 

PARANASAL SINUS POLYPOID DEGENERATION. 062 

OTHER BREAST POLYPS PARANASALS.  063 

NASAL POLYPO, NOT SPECIFIED.  064 

ABSCESS, FURUNCULO AND ANTRAX OF THE NOSE. 065 

CYST AND MUCOCELE OF THE NOSE AND SINUS 

PARANASAL.  
066 

DEVIATION OF NASAL SEPTUM.  067 

HYPERTROPHY OF NASAL CORNETS. 068 

OTHER SPECIFIED DISORDERS OF THE NOSE AND 

PARANASAL BREASTS.  
069 

CRONICA TONSILLITIS.  070 

TONSIL HYPERTROPHY. 071 

ADENOID HYPERTROPHY.  072 

HYPERTROPHY OF TONSILS WITH ADENOID 

HYPERTROPHY.  
073 

OTHER CHRONIC DISEASES OF TONSILS AND ADENOIDS. 074 

CHRONIC TONSIL AND ADENOID DISEASE, NOT SPECIFIED. 075 

PERIAMIGDALINO ABSCESS.  076 

CHRONIC LARYNGITIS. 077 

CHRONIC LARYNGOTRACHEITIS. 078 
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VOCAL CORD AND LARYNX PARALYSIS. 079 

VOCAL CORD AND LARYNX POLYPO. 080 

VOCAL CORD NODULES. 081 

OTHER VOCAL CORD DISEASES. 082 

LARYNX EDEMA. 083 

LARYNX SPASM. 084 

LARYNX STENOSIS. 085 

OTHER LARYNX DISEASES.  086 

RETROPHARYNX AND PARAPHARYNX ABSCESS. 087 

OTHER ABSCESSES OF THE FARINGE. 088 

OTHER PHARYNGE DISEASES.  089 

HYPERSENSITIVITY REACTION OF THE UPPER 

RESPIRATORY TRACT, SITE NOT SPECIFIED. 
090 

OTHER SPECIFIED UPPER RESPIRATORY TRACT DISEASES.  091 

UPPER RESPIRATORY TRACT DISEASE, NOT SPECIFIED. 092 

BRONCHITIS, NOT SPECIFIED AS ACUTE OR CHRONIC.  093 

BRONCHITIS CRONICA SIMPLE.  094 

BRONCHITIS CRONICA MUCOPURULENTA. 095 

SIMPLE AND MUCOPURULENT MIXED CRONICA 

BRONCHITIS.  
096 

CHRONIC BRONCHITIS NOT SPECIFIED.  097 

MACLEOD SYNC. 098 

PANLOBULAR EMPHYSEMA. 099 

CENTROLOBULAR EMPHYSEMA. 100 

OTHER TYPES OF EMPHYSEMA. 101 

EMPHYSEMA, UNSPECIFIED. 102 

CHRONIC OBSTRUCTIVE PULMONARY DISEASE WITH 

ACUTE LOWER RESPIRATORY TRACT INFECTION, 

UNSPECIFIED 

LOWER RESPIRATORY TRACT INFECTION. 

103 

CHRONIC OBSTRUCTIVE PULMONARY DISEASE WITH 

ACUTE EXACERBATION, UNSPECIFIED. 
104 

OTHER SPECIFIED CHRONIC OBSTRUCTIVE PULMONARY 

DISEASES. 
105 

CHRONIC OBSTRUCTIVE PULMONARY DISEASE, 

UNSPECIFIED. 
106 

ASTHMA PREDOMINANTLY ALLERGIC. 107 

NON-ALLERGIC ASTHMA. 108 

MIXED ASTHMA. 109 

ASTHMA, UNSPECIFIED. 110 

STATUS ASTHMATICUS. 111 

BRONCHIECTASIS. 112 

COAL WORKERS' PNEUMOCONIOSIS. 113 

PNEUMOCONIOSIS DUE TO OTHER SILICA-CONTAINING 

DUSTS. 
114 

SIDEROSIS. 115 

PNEUMOCONIOSIS, UNSPECIFIED. 116 

BYSSINOSIS. 117 

AIRWAY DISEASE DUE TO OTHER SPECIFIED ORGANIC 118 

Respiratory Diseases 

Diseases Code 

DUSTS. 

FARMER'S LUNG. 119 

VENTILATOR PNEUMONITIS DUE TO AIR CONDITIONER 

AND HUMIDIFIER. 
120 

PNEUMONITIS DUE TO HYPERSENSITIVITY TO OTHER 

ORGANIC DUSTS. 
121 

PNEUMONITIS DUE TO HYPERSENSITIVITY TO UNSPECIFIED 

ORGANIC DUSTS. 
122 

BRONCHITIS AND PNEUMONITIS DUE TO INHALATION OF 

GASES, FUMES, VAPORS AND CHEMICALS. 
123 

UPPER RESPIRATORY INFLAMMATION DUE TO 

INHALATION OF GASES, FUMES, VAPORS AND CHEMICALS, 

NOT ELSEWHERE CLASSIFIED. 

124 

OTHER ACUTE AND SUBACUTE RESPIRATORY CONDITIONS 

DUE TO INHALATION OF GASES, FUMES, VAPORS AND 

CHEMICALS, NOT ELSEWHERE CLASSIFIED, FUMES, 

VAPORS AND CHEMICALS. 

125 

CHRONIC RESPIRATORY DISORDERS DUE TO INHALATION 

OF GASES, FUMES, VAPORS AND CHEMICALS. 
126 

OTHER RESPIRATORY DISORDERS DUE TO INHALATION OF 

GASES, FUMES, VAPORS AND CHEMICALS. CHEMICAL 

SUBSTANCES. 

127 

UNSPECIFIED RESPIRATORY CONDITIONS DUE TO 

INHALATION OF GASES, FUMES, VAPORS AND CHEMICALS. 
128 

PNEUMONITIS DUE TO ASPIRATION OF FOOD OR VOMIT. 129 

PNEUMONITIS DUE TO ASPIRATION OF OILS AND 

ESSENCES. 
130 

PNEUMONITIS DUE TO ASPIRATION OF OTHER SOLIDS AND 

LIQUIDS. 
131 

ACUTE PULMONARY MANIFESTATIONS DUE TO 

RADIATION. 
132 

CHRONIC PULMONARY AND OTHER MANIFESTATIONS DUE 

TO RADIATION. 
133 

DRUG-INDUCED ACUTE INTERSTITIAL LUNG DISORDERS. 134 

CHRONIC DRUG-INDUCED INTERSTITIAL LUNG DISORDERS. 135 

RESPIRATORY CONDITIONS DUE TO OTHER SPECIFIED 

EXTERNAL AGENTS. 
136 

RESPIRATORY CONDITIONS DUE TO UNSPECIFIED 

EXTERNAL AGENTS. 
137 

ADULT RESPIRATORY DISTRESS SYNDROME. 138 

PULMONARY EDEMA. 139 

PULMONARY EOSINOPHILIA, NOT ELSEWHERE CLASSIFIED. 140 

ALVEOLAR AND ALVEOLOPARIETAL CONDITIONS. 141 

OTHER INTERSTITIAL LUNG DISEASES WITH FIBROSIS. 142 

OTHER SPECIFIED INTERSTITIAL LUNG DISEASES. 143 

INTERSTITIAL LUNG DISEASE, UNSPECIFIED. 144 

GANGRENE AND NECROSIS OF THE LUNG. 145 

LUNG ABSCESS WITH PNEUMONIA. 146 

LUNG ABSCESS WITHOUT PNEUMONIA. 147 

MEDIASTINAL ABSCESS. 148 

PYOTHORAX WITH FISTULA. 149 

PYOTORAX WITHOUT FISTULA. 150 

PLEURAL EFFUSION NOT ELSEWHERE CLASSIFIED. 151 

PLEURAL EFFUSION IN CONDITIONS CLASSIFIED 

ELSEWHERE. 
152 



(IJACSA) International Journal of Advanced Computer Science and Applications, 

Vol. 12, No. 7, 2021 

436 | P a g e  

www.ijacsa.thesai.org 

Respiratory Diseases 

Diseases Code 

PACHYPLEURITIS WITHOUT ASBESTOSIS. 153 

SPONTANEOUS PRESSURE PNEUMOTHORAX. 154 

OTHER SPONTANEOUS PNEUMOTHORAX. 155 

OTHER PNEUMOTHORAX. 156 

PNEUMOTHORAX, UNSPECIFIED. 157 

CHYLOTHORAX. 158 

HEMOTHORAX. 159 

OTHER SPECIFIED CONDITIONS OF THE PLEURA. 160 

PLEURAL INVOLVEMENT, UNSPECIFIED. 161 

TRACHEOSTOMY MALFUNCTION. 162 

ACUTE PULMONARY INSUFFICIENCY FOLLOWING 

THORACIC SURGERY. 
163 

ACUTE PULMONARY INSUFFICIENCY FOLLOWING 

EXTRATHORACIC SURGERY. 
164 

CHRONIC PULMONARY INSUFFICIENCY FOLLOWING 

SURGERY. 
165 

MENDELSON'S SYNDROME. 166 

SUBGLOTTIC STENOSIS FOLLOWING PROCEDURES. 167 

OTHER RESPIRATORY DISORDERS FOLLOWING 

PROCEDURES. 
168 

Respiratory Diseases 

Diseases Code 

UNSPECIFIED DISORDER OF THE RESPIRATORY SYSTEM, 

CONSEQUENTIAL TO PROCEDURES 
169 

ACUTE RESPIRATORY FAILURE. 170 

CHRONIC RESPIRATORY INSUFFICIENCY. 171 

RESPIRATORY INSUFFICIENCY, UNSPECIFIED. 172 

DISEASES OF THE TRACHEA AND BRONCHI, NOT 

ELSEWHERE CLASSIFIED. 
173 

COLLAPSED LUNG. 174 

INTERSTITIAL EMPHYSEMA. 175 

OTHER DISORDERS OF THE LUNG. 176 

DISEASES OF THE MEDIASTINUM, NOT ELSEWHERE 

CLASSIFIED. 
177 

DISORDERS OF THE DIAPHRAGM. 178 

OTHER SPECIFIED RESPIRATORY DISORDERS. 179 

RESPIRATORY DISORDER, UNSPECIFIED. 180 

RHEUMATOID LUNG DISEASE (M05.1†). 181 

RESPIRATORY DISORDERS IN OTHER DIFFUSE CONNECTIVE 

TISSUE DISORDERS. 
182 

RESPIRATORY DISORDERS IN OTHER DISEASES 

ELSEWHERE CLASSIFIED. 
183 

PACHYPLEURITIS WITH ASBESTOSIS. 184 

 


