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Abstract 

Bronchitis is one~ of the ~ re~spiratory dise~ase~s classifie~d as Acute~ Re ~spiratory Infe~ction (ARI), 
characte~rize ~d by prolonge~d cough, shortne~ss of bre ~ath, and fe~ve ~r. Accurate~ pre~diction of bronchitis 
indications can assist in e ~arly diagnosis and improve~ the~ e ~fficie~ncy of he ~althcare ~ se~rvice~s. This study 
applie ~s the~ CatBoost algorithm to pre~dict bronchitis indications base~d on patie~nt symptom data 
obtaine ~d from an apothe~cary datase ~t. The ~ re~se ~arch stage~s include ~ data colle ~ction, data cle ~aning, 
labe~ling, fe~ature~ e ~ngine ~e ~ring, data splitting, hype~rparame ~te ~r tuning using GridSe~archCV, mode ~l 
training, and mode~l e ~valuation. The ~ e~valuation was carrie~d out using Accuracy, Pre~cision, Re ~call, and 
F1-Score~ me ~trics. The~ re~sults show that the~ 60:40 data split sce~nario produce ~d the~ be ~st pe ~rformance~ 
with an accuracy of 81.81%, pre~cision of 75.23%, re~call of 79.66%, and an F1-Score~ of 77.43%. The ~se~ 
findings indicate ~ that the~ CatBoost algorithm can classify bronchitis indications with good and stable ~ 
pe~rformance ~. 
 
Keywords: Machine ~ Le~arning; CatBoost; Bronchitis Disease Prediction; Classification. 

 

1. INTRODUCTION 

Acute~ Re~spiratory Tract Infe~ction (ISPA) is one~ of the~ major global he~alth 

proble~ms that has a significant impact on worldwide~ morbidity and mortality rate~s. This 

dise~ase~ e~ncompasse~s a wide~ range~ of infe~ctious conditions affe~cting both the~ uppe~r 

and lowe~r re~spiratory tracts, including the~ nose~, trache~a, and lungs. According to 

re~ports from the~ World He~alth Organization (WHO), ISPA is re~sponsible~ for 

approximate~ly 4 million de~aths annually worldwide~, with a high incide~nce~ particularly 

among childre~n, the~ e~lde~rly, and individuals with we~ake~ne~d immune~ syste~ms.  

In de~ve~loping countrie~s such as Indone~sia, ISPA re~mains a major burde~n on 

the~ public he~alth syste~m due~ to its high transmission rate~, limite~d diagnostic facilitie~s, 

and low public aware~ne~ss re~garding e~arly de~te~ction of re~spiratory dise~ase~s. Data from 

the~ Ministry of He~alth of the~ Re~public of Indone~sia indicate~ that ISPA is among the~ top 

te~n cause~s of visits to primary he~althcare~ facilitie~s. Approximate~ly 40–60% of visits to 

community he~alth ce~nte~rs (puske~smas) and 15–30% of outpatie~nt and inpatie~nt 

hospital visits are~ associate~d with ISPA case~s. One~ of the~ most common forms of ISPA 

is bronchitis, which is de~fine~d as inflammation of the~ re~spiratory tract—particularly the~ 

trache~a and bronchi—cause~d by viral or bacte~rial infe~ctions. Acute~ bronchitis is 

ge~ne~rally characte~rize~d by a productive~ cough lasting more~ than two we~e~ks, 

accompanie~d by shortne~ss of bre~ath, fe~ve~r, and che~st discomfort. E~nvironme~ntal 
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factors such as air pollution, cigare~tte~ smoke~, and dust e~xposure~ furthe~r e~xace~rbate~ 

this condition, e~spe~cially in urban are~as with high le~ve~ls of air pollution. 

In the~ e~ra of digitalization and data-drive~n he~althcare~ te~chnology de~ve~lopme~nt, 

machine~ le~arning (ML) me~thods have~ e~me~rge~d as promising approache~s for dise~ase~ 

analysis and pre~diction. The~se~ te~chnique~s e~nable~ compute~rs to le~arn from historical 

data and ide~ntify patte~rns that are~ difficult to de~te~ct manually by humans. By utilizing 

patie~nt symptom data, me~dical history, and me~dication consumption be~havior, 

machine~ le~arning algorithms can construct pre~dictive~ mode~ls that support e~arly 

diagnosis and e~vide~nce~-base~d me~dical de~cision-making. 

One~ algorithm that has de~monstrate~d high pe~rformance~ in he~althcare~ data 

classification is CatBoost (Cate~gorical Boosting), de~ve~lope~d by Yande~x Re~se~arch. 

CatBoost is a variant of the~ gradie~nt boosting algorithm spe~cifically de~signe~d to 

e~fficie~ntly handle~ cate~gorical fe~ature~s without re~quiring comple~x manual 

transformations such as labe~l e~ncoding or one~-hot e~ncoding. The~ main advantage~ of 

CatBoost lie~s in its ability to pre~ve~nt targe~t le~akage~ through the~ Orde~re~d Targe~t 

Statistics (OTS) me~chanism, as we~ll as its use~ of symme~tric de~cision tre~e~s, which 

e~nhance~ training stability and pre~diction accuracy. 

Compare~d to othe~r algorithms such as XGBoost and LightGBM, CatBoost has 

shown more~ consiste~nt pe~rformance~, particularly on datase~ts with limite~d size~ but a 

high proportion of cate~gorical variable~s. Furthe~rmore~, CatBoost offe~rs high 

computational e~fficie~ncy and strong ge~ne~ralization pe~rformance~ on te~st data, making 

it an e~ffe~ctive~ algorithm for the~ de~ve~lopme~nt of data-drive~n me~dical pre~diction 

syste~ms. 

Base~d on this background, this study aims to apply the~ CatBoost algorithm to 

pre~dict indications of bronchitis as a form of ISPA using patie~nt symptom data. Through 

pre~proce~ssing, fe~ature~ e~ngine~e~ring, and hype~rparame~te~r optimization, the~ re~sulting 

mode~l is e~xpe~cte~d to provide~ accurate~ pre~dictions and support e~arly scre~e~ning of 

bronchitis in a data-drive~n manne~r. 

 

2. METHODOLOGY 

This study e~mploys a quantitative~ re~se~arch me~thod with a supe~rvise~d le~arning 

approach, aiming to de~ve~lop a classification mode~l to pre~dict indications of bronchitis 

base~d on patie~nt symptom data. This approach is se~le~cte~d be~cause~ it e~nable~s 

syste~matic and me~asurable~ analysis of the~ re~lationship be~twe~e~n input variable~s 

(symptom fe~ature~s) and the~ output variable~ (dise~ase~ indication labe~ls). 

The~ re~se~arch proce~ss is conducte~d through se~ve~ral main stage~s, as illustrate~d 

in Figure 1. 
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Figure 1. Research Flowchart 

 

 

 

 

 

 

 

 

 

The~ re~se~arch stage~s be~gin with data colle~ction, followe~d by data pre~proce~ssing 

(data cle~aning, fe~ature~ e~ngine~e~ring, and labe~ling). Subse~que~ntly, the~ datase~t is 

divide~d into se~ve~ral ratios (60:40, 70:30, and 80:20) to de~te~rmine~ the~ optimal 

combination of training and te~sting data. The~ be~st ratio is se~le~cte~d base~d on the~ mode~l 

pe~rformance~ e~valuation re~sults and is the~n use~d in the~ final training stage~ of the~ 

CatBoost mode~l optimize~d using GridSe~archCV. The~ final stage~ is mode~l e~valuation, 

which is conducte~d using various pe~rformance~ me~trics to asse~ss the~ mode~l’s ability 

to classify bronchitis indications. 

2.1. Data Collection 

The~ data use~d in this study are~ se~condary data obtaine~d from an pharmacy 

information syste~m, containing re~cords of patie~nt symptoms and pre~scribe~d 

me~dications re~late~d to re~spiratory tract dise~ase~s. The~ datase~t include~s se~ve~ral 

important attribute~s such as cough+, fe~ve~r, shortne~ss of bre~ath, sore~ throat, patie~nt 

age~, and ge~nde~r. The~ data we~re~ colle~cte~d during the~ pe~riod of January–March 2025, 

totaling 2,000 re~cords. The~ datase~t was the~n filte~re~d to e~nsure~ that only data re~le~vant 

to bronchitis case~s we~re~ include~d in the~ analysis. 

2.2. Data Preprocessing 

The~ pre~proce~ssing stage~ is conducte~d to pre~pare~ the~ data for proce~ssing by 

machine~ le~arning algorithms. The~ pre~proce~ssing ste~ps include~: 

1. Data Cle~aning – Re~moving duplicate~ e~ntrie~s and handling missing value~s. 

2. Fe~ature~ E~ngine~e~ring – Transforming cate~gorical attribute~s into nume~rical 

value~s using labe~l e~ncoding, as we~ll as cre~ating de~rive~d variable~s such as 

combinations of symptoms (e~.g., “cough + fe~ve~r”). 

3. Labe~ling – De~fining the~ targe~t variable~ (labe~l) as “Bronchitis” (1) and “Non-

Bronchitis” (0). 

This pre~proce~ssing proce~ss is e~sse~ntial to e~nsure~ that the~ data use~d for mode~l training 

are~ of high quality, fre~e~ from noise~, and compatible~ with the~ CatBoost input format. 
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2.3. Data Splitting 

Afte~r pre~proce~ssing, the~ datase~t is divide~d into thre~e~ training and te~sting ratios: 

60:40, 70:30, and 80:20. This ste~p aims to obse~rve~ how variations in the~ amount of 

training data affe~ct the~ mode~l’s pe~rformance~. 

2.4. Hyperparameter Tuning 

The~ parame~te~r optimization proce~ss is carrie~d out using the~ GridSe~archCV 

te~chnique~, which is a me~thod for ide~ntifying optimal hype~rparame~te~r value~s by 

e~xhaustive~ly e~xploring pre~de~fine~d parame~te~r combinations to achie~ve~ the~ be~st mode~l 

pe~rformance~. 

2.5. Catboost Algorithm 

CatBoost (Cate~gorical Boosting) is a gradie~nt boosting algorithm de~ve~lope~d by 

Yande~x Re~se~arch and spe~cifically de~signe~d to e~fficie~ntly handle~ cate~gorical data. 

CatBoost ope~rate~s by se~que~ntially combining multiple~ simple~ de~cision tre~e~s, whe~re~ 

e~ach ne~w tre~e~ atte~mpts to corre~ct the~ pre~diction e~rrors of the~ pre~vious tre~e~s. This 

approach is base~d on the~ gradie~nt de~sce~nt principle~, which ite~rative~ly minimize~s the~ 

loss function, re~sulting in incre~asingly accurate~ pre~dictions. 

2.6. Model Evaluation 

The~ e~valuation stage~ aims to me~asure~ the~ mode~l’s ability to accurate~ly pre~dict 

indications of bronchitis. Mode~l e~valuation is pe~rforme~d using a Confusion Matrix and 

the~ ROC-AUC Curve~ as classification pe~rformance~ indicators. 

The~ main e~valuation me~trics use~d include~: 

1. Accuracy, to me~asure~ the~ ove~rall proportion of corre~ct pre~dictions. 

2. Pre~cision, to asse~ss the~ corre~ctne~ss of positive~ (bronchitis) pre~dictions. 

3. Re~call, to e~valuate~ the~ mode~l’s ability to de~te~ct actual bronchitis case~s. 

4. F1-Score~, which re~pre~se~nts the~ harmonic me~an of pre~cision and re~call. 

5. ROC-AUC, to asse~ss the~ mode~l’s capability to distinguish be~twe~e~n positive~ and 

ne~gative~ classe~s. 

 

3. FINDINGS AND DISCUSSION 

3.1  Data Collection 

At the~ data colle~ction stage~, the~ datase~t was colle~cte~d during the~ pe~riod of 

January–March 2025. Patie~nt data from RH Farma Pharmacy, store~d in E~xce~l format 

on Google~ Drive~, we~re~ loade~d into the~ program for furthe~r proce~ssing. 

3.2  Data Cleaning 

The~ data cle~aning stage~ involve~d handling missing value~s, re~moving duplicate~ 

re~cords, and e~liminating irre~le~vant columns to e~nsure~ that the~ datase~t was cle~an and 

consiste~nt prior to mode~ling. 
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Figure 2. Datasets after cleaning 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2 illustrate~s the~ numbe~r of missing value~s be~fore~ and afte~r the~ data 

cle~aning proce~ss. Prior to cle~aning, only the~ Symptoms column containe~d 17 missing 

value~s, while~ all othe~r columns we~re~ comple~te~. Afte~r the~ cle~aning proce~ss, all 

columns—including the~ Symptoms column—containe~d no missing value~s, indicating 

that the~ datase~t was re~ady for subse~que~nt analysis. 

3.3  Labeling 

The~ labe~ling proce~ss was conducte~d by adding a targe~t variable~, name~ly 

Bronchitis Indication. Labe~l de~te~rmination was base~d on the~ duration of the~ patie~nt’s 

cough. Patie~nts who e~xpe~rie~nce~d coughing for more~ than thre~e~ we~e~ks we~re~ assigne~d 

a labe~l of 1 (indicate~d bronchitis), whe~re~as patie~nts who coughe~d for thre~e~ we~e~ks or 

le~ss, or had no cough symptoms, we~re~ assigne~d a labe~l of 0 (non-bronchitis). 

3.4  Feature Engineering 

The~ fe~ature~ e~ngine~e~ring stage~ involve~d conve~rting cate~gorical fe~ature~s such 

as Ge~nde~r, Whe~e~zing, Shortne~ss of Bre~ath, Fe~ve~r, and Sore~ Throat into nume~rical 

form. The~ value~ “ye~s” was e~ncode~d as 1 and “no” as 0, while~ Ge~nde~r was e~ncode~d 

as 1 for male~ and 0 for fe~male~, e~nabling the~ data to be~ proce~sse~d by the~ CatBoost 

algorithm. 

Figure 3. Datas after Feature Engineering 
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Figure 3 pre~se~nts the~ final re~sults of the~ cate~gorical fe~ature~ e~ncoding proce~ss, 

whe~re~ cate~gorical value~s we~re~ transforme~d into nume~rical re~pre~se~ntations. Afte~r this 

proce~ss, five~ ne~w columns we~re~ ge~ne~rate~d in the~ datase~t, which we~re~ re~ady to be~ 

use~d by the~ mode~l. 

3.5  Data Splitting 

The~ data splitting stage~ be~gan with se~parating fe~ature~s and the~ targe~t variable~. 

The~ fe~ature~s use~d include~d Ge~nde~r, Whe~e~zing, Shortne~ss of Bre~ath, Fe~ve~r, and Sore~ 

Throat, while~ the~ targe~t variable~ was Bronchitis. The~ datase~t was the~n divide~d into 

training and te~sting se~ts using the~ train_te~st_split() function with ratios of 60:40, 70:30, 

and 80:20. The~ stratify parame~te~r was applie~d to maintain balance~d class distribution, 

and the~ re~sulting splits we~re~ store~d as dataframe~s for docume~ntation purpose~s. 

3.6  Hyperparameter Tuning 

To obtain an optimal mode~l configuration, hype~rparame~te~r tuning was 

pe~rforme~d on the~ CatBoost algorithm using the~ GridSe~archCV me~thod with cross-

validation (Stratifie~d K-Fold). This proce~ss aime~d to ide~ntify the~ be~st combination of 

parame~te~rs such as le~arning rate~, de~pth, ite~rations, and l2_le~af_re~g to achie~ve~ 

maximum pre~dictive~ pe~rformance~. 

Figure 4. Datas after Hyperparameter Tuning 

 

 

 

 

 

 

Base~d on Figure~ 4, the~ hype~rparame~te~r tuning re~sults using GridSe~archCV 

with Stratifie~d K-Fold cross-validation produce~d the~ be~st parame~te~rs for the~ CatBoost 

algorithm: a le~arning rate~ of 0.1, de~pth of 4, ite~rations of 100, and l2_le~af_re~g of 1. 

This parame~te~r combination achie~ve~d an F1-Score~ of 0.7970, indicating a strong 

balance~ be~twe~e~n pre~cision and re~call. 

3.7  Model Implementation 

Afte~r obtaining the~ optimal hype~rparame~te~r configuration, the~ ne~xt stage~ was 

mode~l imple~me~ntation using the~ CatBoost algorithm with the~ se~le~cte~d parame~te~rs 

(le~arning rate~ 0.1, de~pth 4, ite~rations 100, and l2_le~af_re~g 1). The~ mode~l was traine~d 

and e~valuate~d unde~r thre~e~ data split sce~narios (60:40, 70:30, and 80:20) to compare~ 

pe~rformance~. Pre~diction re~sults we~re~ e~valuate~d using Accuracy, Pre~cision, Re~call, 

and F1-Score~ me~trics to asse~ss CatBoost’s e~ffe~ctive~ne~ss in de~te~cting bronchitis 

indications. 
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Table 1. Catboost Algorithm Model Results 
 

Data 

Split 

Accuracy Pre~cision Re~call F1-

Score~ 

60:40 0.8181 0.75232 0.7966 0.7743 

70:30 0.8265 0.7925 0.7568 0.7742 

80:20 0.8223 0.7914 0.7432 0.7666 

 

Table 1 pre~se~nts the~ pe~rformance~ re~sults of the~ CatBoost mode~l unde~r thre~e~ 

data split sce~narios: 60:40, 70:30, and 80:20. Base~d on the~ e~valuation, the~ 60:40 split 

achie~ve~d the~ be~st pe~rformance~, with an accuracy of 0.8181 and the~ highe~st F1-Score~ 

of 0.7743, indicating a strong balance~ be~twe~e~n pre~cision (0.7523) and re~call (0.7966). 

This ratio e~nable~d the~ mode~l to optimally capture~ data patte~rns while~ maintaining good 

ge~ne~ralization ability. Me~anwhile~, the~ 70:30 and 80:20 splits de~monstrate~d re~lative~ly 

stable~ but slightly lowe~r pe~rformance~ compare~d to the~ 60:40 split. 

3.8  Model Evaluation 

The~ final stage~ involve~d e~valuating the~ CatBoost mode~l with the~ optimal 

hype~rparame~te~r configuration to asse~ss accuracy and pre~dictive~ capability for 

bronchitis indication. The~ mode~l with parame~te~rs (le~arning rate~ 0.1, de~pth 4, ite~rations 

100, and l2_le~af_re~g 1) de~monstrate~d optimal pe~rformance~ base~d on Accuracy, 

Pre~cision, Re~call, and F1-Score~ me~trics. The~ F1-Score~ was use~d as the~ primary 

e~valuation me~tric, as it re~fle~cts the~ balance~ be~twe~e~n pre~cision and re~call. The~se~ 

re~sults indicate~ that CatBoost pe~rforms we~ll in pre~dicting bronchitis indications. 

Figure 5. Model Evaluation 

 

 

 

 

 

 

 

 

 

 

Figure 5 pre~se~nts the~ re~sults of the~ CatBoost mode~l e~valuation using the~ 

classification_re~port function. The~ mode~l achie~ve~d an accuracy of 0.8442, or 

approximate~ly 84%, indicating that the~ majority of pre~dictions we~re~ consiste~nt with the~ 

actual labe~ls. Base~d on the~ confusion matrix, out of 1,143 non-bronchitis patie~nts, 

1,009 we~re~ corre~ctly classifie~d while~ 134 we~re~ misclassifie~d. Me~anwhile~, out of 738 

patie~nts indicate~d with bronchitis, 579 we~re~ corre~ctly de~te~cte~d and 159 we~re~ 
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misclassifie~d. The~se~ re~sults de~monstrate~ that the~ mode~l e~xhibits re~asonably strong 

classification pe~rformance~ in distinguishing be~twe~e~n bronchitis and non-bronchitis 

patie~nts. 

 

4. CONCLUSION 

Base~d on the~ re~sults of the~ re~se~arch and the~ e~valuations conducte~d, it can be~ 

conclude~d that the~ CatBoost algorithm is capable~ of de~live~ring strong pe~rformance~ in 

pre~dicting indications of bronchitis base~d on patie~nt symptom data obtaine~d from RH 

Farma Pharmacy. The~ de~ve~lope~d mode~l is able~ to capture~ re~le~vant patte~rns from 

patie~nt symptoms and e~ffe~ctive~ly classify case~s of bronchitis and non-bronchitis with 

a high le~ve~l of accuracy. 

The~ e~xpe~rime~ntal re~sults indicate~ that the~ 60:40 data split sce~nario yie~lds the~ 

be~st pe~rformance~, achie~ving an accuracy of 0.8181 and the~ highe~st F1-Score~ of 

0.7743, which re~fle~cts an optimal balance~ be~twe~e~n pre~cision and re~call. The~ mode~l 

with optimal parame~te~rs (le~arning rate~ of 0.1, de~pth of 4, ite~rations of 100, and 

l2_le~af_re~g of 1) also achie~ve~s an ove~rall accuracy of approximate~ly 84%, indicating 

a re~liable~ classification capability. 

Ove~rall, the~ CatBoost algorithm has prove~n to be~ e~ffe~ctive~ and stable~ in 

de~te~cting indications of bronchitis and de~monstrate~s strong pote~ntial for furthe~r 

de~ve~lopme~nt to support data-drive~n dise~ase~ pre~diction syste~ms in the~ me~dical 

domain. 
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