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Abstract— 

Examining patient health through the lens of Machine Learning (ML) was the primary objective of this research. We 

accomplished this by using the auto-ML-Pycaret and Extreme Gradient Boost (XGBoost) classifiers. This article 

details the three-step process we used to construct the XGBoost model: data analysis, feature engineering, and 

model development. Data science tools like Google Colab (GC) and the Jupyter notebook were used for these 

assignments. Our next topic is the auto-ML-Pycaret model, a powerful instrument for ML applications. At last, we 

compare the two models' performance according to their accuracy levels. We got 88% accuracy with the auto ML 

Pycaret model, whereas the initial ML model was 87% accurate. When comparing the XGBoost and auto-ML 

Pycaret models, we found that the latter had superior performance in terms of accuracy percentages and time factor. 

 Keywords— Machine Learning (ML), Pycaret, Accuracy, Health Pattern Check, Extreme Gradient Boost 

(XGBoost). 

I. INTRODUCTION 

Significant strides have been achieved in healthcare thanks to technological advancements. Knowing the patient's 

health state is crucial. As individuals age or get ill, many of their lives are put in jeopardy. Heart attacks, 

hypertension, cancer, diabetes, pneumonia, influenza, and respiratory illnesses are the leading killers [1]. The 

leading killer of both sexes is heart attacks [2]. There are a lot of individuals that end up in hospitals every day. To 

determine what caused the death, an accurate investigation is required. A lot of researchers have their own way of 

determining how healthy a patient is. On the other hand, this study demonstrates how to examine the patient's health 

by using state-of-the-art data science and machine learning techniques, and then draws conclusions from those 

findings. Doctors and academics may find new techniques to diagnose and forecast solutions if all the patient data 

were connected every day. There are multiple applications for patient data. the development of National Health 

Schemes (NHS) and related policies; the enhancement of patient safety; and the improvement of diagnosis. Have a 

better grasp of what puts people at risk for illness and mortality. Critical tasks include managing and making 

predictions based on massive amounts of patient data. Clinical decision making relies heavily on Artificial 

Intelligence (AI) and Machine Learning to accomplish this complicated job [3, 4]. Pfizer is only one of several 

companies that employ ML technology to find new drugs. The authors of [5] suggested using data mining methods 

to estimate how long cardiac patients will live. The healthcare industry makes extensive use of data mining tools. 

Data mining employs a variety of methods, including decision trees, ensemble models, and artificial neural networks 

(ANNs). Many machine learning models in healthcare try to forecast patient status based on variables like age, sex, 

variables such as body mass index (BMI), blood pressure (systolic and diastolic), temperature, respiratory rate, 

peripheral oxygen saturation (SP O2), urine output, platelets, neutrophils, basophils, lymphocytes, creatine kinase, 

creatinine, urea nitrogen, glucose, potassium, sodium, calcium, chloride, anion gap, magnesium ions, depression, 

hyperlipidemia, renal failure, atrial fibrillation, and hypertension [6]. By considering every possible attribute, one 

may build an ML model to predict future events. The application of ML models in these contexts is not limited to 

injury prediction and hospital discharge decisions [7]. Here, we developed a machine learning model to predict how 

sick patients would become. A person's medical history is what the model uses to derive their prediction score. The 

Extreme Gradient Boost (XGBoost) classifier, an ensemble method, was first used to construct the model. The 

model was constructed using a sequential method, as shown in Figure 1. Next, we compared the XGBoost model 

with an auto-ML-Pycaret model using accuracy ratings, and we choose the best one. 
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Fig. 1. Procedure for building the model using Machine Learning 

Because of its ease of use and minimal coding requirements, the Pycaret ML library was chosen. Data scientists may 

greatly benefit from Pycaret's ability to automate the ML process. Anomaly detection, clustering, regression, and 

classification are just some of the many uses for the Pycaret package. 

II. DATASET 

We used data from https://healthdata.gov/, a resource with several features, to help with our forecast.  The number of 

patients is 1177 and the key attributes are: id, outcome, age, gender, BMI, hypertensive, atrial fibrillation, CHD with 

no MI, diabetes, deficiency anemias, depression, hyperlipemia, renal failure, chronic obstructive pulmonary disease 

(COPD), heart rate, systolic blood pressure, diastolic blood pressure, respiratory rate, temperature, SP O2, urine 

output, hematocrit, red blood cells (RBC), mean corpuscular hemoglobin (MCH), mean cell hemoglobin 

concentration (MCHC), mean corpuscular volume (MCV), red cell distribution width (RDW), leucocyte, platelets, 

neutrophils, basophils, lymphocyte, prothrombin time (PT), n-terminal (NT)-proBNP, creatine kinase, creatinine, 

urea nitrogen, glucose, blood potassium, blood sodium, blood calcium, chloride, anion gap, magnesium ion, PH, 

bica  The dataset with a few features is shown in Table I. 

III. DATA ANALYSIS AND PRE-PROCESSING  

Jupyter notebook and Google Colab (GC) were used for all data pre-processing and analysis. An ML model 

describing a patient's health state is constructed in this part using the XGBoost classifier model. Zero indicates that 

the individual is alive according to the model, while one indicates that they have passed away. Figure 2 shows the 

progression of the model. All necessary library resources: Data processing and computation were carried out using 

Pandas and NumPy. Seaborn, matplotlib, pyplot, plotly, and express are tools for visualizing statistical data. The 

dataset's missing data was handled by importing SimpleImputer. In order to prevent overfitting and achieve 

regularization, the XGBoost classifier was used. Using the StandardScaler scikit-learn, the data was standardized. 

TABLE I. DATASET WITH FEW ATTRIBUTES 



           ISSN 2347–3657 

         Volume 13, Issue 2, 2025 

 

 

948 

 

 

Figure 2 shows the evolution of the XGBoost model. As seen in Fig. 3, most patients died within 80-89 age group. 

There is a well-documented high mortality rate among the elderly. 
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Data on ages (Fig. 3). Most patients with a body mass index (BMI) of 30–31 have passed away, as seen in Figure 4. 

Obesity was the cause of death for a few individuals whose body mass indexes were between 24 and 29.9. The body 

mass index (BMI) values are presented in Table II 

.  

TABLE II. RANGE BODY MASS INDEX (BMI) [8] 

 

Fig. 4. BMI data. 

Figures 5 and 6 provide graphical representations of the patient data, including SpO2 and heart rate readings. 

Percentages ranging from 95 to 100 are considered normal for oxygen levels. In most cases, a significant risk factor 

is indicated by a SpO2 value below 95%. The saturation of oxygen, or SpO2, is another name for it. The majority of 

patients were alive, with a SpO2 reading in the 95–100 range. Other causes of death occurred in people with normal 

SpO2 values. In a healthy adult, one might expect to hear 60–100 beats per minute. We also included more 

individuals whose heart rates were within the normal range in our esearch. 
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Fig. 5. SP O2 data. 

 

Fig. 6. Patients heart rate data. 

Data pre-processing includes tasks such as data standardization, scaling, and splitting. At first, we just utilized the 

columns that were not labeled as "Id" for making predictions. 

IV. RESULTS 

We used the XGBoost classifier model, which is a classification model, to determine whether the patient was alive 

or dead using the outcomes 0 and 1, respectively. The patient is either dead or in grave danger if the result is 1, and 

they are alive or safe if the result is 0. While training the model, we used a random state value of 42 and imported 

the XGBoost classifier. The XGBoost model took the default settings into account. The following is an array 

displaying the prediction results: alive is denoted by zero and danger by one. 
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As can be seen in Table III, the model's performance was checked and validated using a classification report. The 

precision score for 0 was 88%, while for 1, it was 68%. There was a 98% recall for 0 and a 25% recall for 1. And for 

a value of 1 the f1-score percentage is 36%, whereas for a value of 0 it is 93%. And 87% is the total success rate. 

 TABLE III. CLASSIFICATION REPORT. 

 

We ran a test on y_test and y_pred to see how the model predicts; the results are in Table IV. The model got the 

sequence number 353 wrong, but else it was spot on. 

TABLE IV. MODEL PREDICTION ON TEST DATA 
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To evaluate the classification model's efficacy, one may make use of the Area Under the Curve (AUC) and the 

receiver operating characteristic (ROC) curve. Auxiliary unit of receiver operating characteristic curve, or AUROC 

for short. The accuracy of the prediction model improves as the AUC rises. As shown in Figure 7, our study's model 

achieved an AUC score of 84%. This proves the model was accurate. 

 

Fig. 7. AUROC curve.  

V. AUTO ML-PYCARET  

To train machine learning algorithms, it is a free and open-source Python library. A lengthy sequence of code is not 

necessary. Data is all that's needed for this. There was more than enough data to run the model. Training and 

predicting the results required less time. Table V provides the comparison of all models. An impressive 88% 

accuracy and 96% precision were achieved using the auto-ML-Pycaret model. In addition, the autoML model 

outperformed the XGBoost model in terms of training and prediction time. 

Noteworthy points: 

 1. Before running the first model, we remove the 'Id' column. Nevertheless, in order to execute the Pycaret model, 

all columns were necessary in the auto-ML model. 

 2. Got errors because we did not restart the runtime. After restarting the runtime, the system worked perfectly 

. VI. DISCUSSION  

The auto-ML model outperformed the XGBoost model in terms of accuracy (88% vs. 87%), making it the superior 

model for outcome prediction. Not only that, auto-ML-Pycaret required less time to construct than the XGBoost 

model. 



           ISSN 2347–3657 

         Volume 13, Issue 2, 2025 

 

 

953 

TABLE V. COMPARISON WITH OTHER CLASSIFIER MODELS. 

 

VII. CONCLUSION  

This article will be useful for analyzing the hospital's mortality rate, both historically and in light of recent events, 

such as the COVID-19 pandemic. Additionally, this article will provide some helpful pointers on how to tackle ML 

classification issues. The statistical visual depiction of the data offers information on medical terms. We achieved 

impressive levels of accuracy when experimenting with the XGBoost and Auto ML-Pycaret models. Less time was 

needed for training and result prediction when constructing the Pycaret model. Quickly and easily set up and train 

your data without the need for lengthy code. In light of these findings, we determined that the Pycaret model 

provided the most accurate results prediction. 
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