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SMOTEBoost and SMOTEBoost with Control Coefficient .
Experimental Results
e SMOTEBoost adds a boosting technique

[ Imbalanced Training Dataset ]

Individual asthma patient data contains an imbalanced distribution of data to the SMOTE algorithm. I * We compared the performance of our approaches to that of the five existing
samples among different classes, which poses a challenge to machine learning- * For each iteration, five batches of data are | ST B | approaches using varying sizes of synthetic data and real asthma patients' data.
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on imbalanced asthma patient data, we: is chosen by running each aggmented (M= Minorty las Subeect| (KNN), Naive Bayes (NB), Transfer Learning + Logistic Regression (TL + LR)
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The evaluation results showed that the proposed methods are comparable with synthesizing a new sample. | Balanced Dataset =M+ MA | SMOTEBoost 0.6139 0.5115 0.5814 0.5727 0.7162
° Imbalanced Training Dataset
Incremental K-Means CIustgrlng | ] Averages of Performance on 24 Asthma Patients’ Datasets — Logistic Regression
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This research focuses on improving the performance of classifiers on imbalanced discovered. e >
and small-sized datasets using oversampling techniques, as these issues * IKC utilizes boosting to increase the | e 03 I I
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art SMOTE variants [1-5] and proposed new directions of oversampling methods. new points using the average value of rorec s’ TS . L - L
. new_paoint to
Obiectives ea.cl.w cIIuster, keeping them close to the Weighted Accuracy Sensitivity/Recall
original ones. EECE : :
. . ] ) “ke Performance Comparison of LR and TL + LR on SMOTE Variants
* Develop a framework for evaluating SMOTE variants * For each iteration, generated data are

* Conduct analysis to understand the effect of each SMOTE variant on each introduced back into the minority class as (Gonced s -
baseline classification model the k-value increments by one.
Methodology Statistical Data Analysis

* Using stratified sampling to split the data into training and testing
sets, instead of random sampling

e Utilizing Generative Adversarial Networks (GAN) as a pipeline for sampling

Our focus is to evaluate algorithm performance (particularly sensitivity/recall) on S ey s ] geed ST e d algorithms
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Synthetic Data Distribution Before and After Processing with SMOTE Variants
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