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An Analysis of Different Resampling Methods in Coimbatore

Data imbalance is a pervasive challenge in machine learning projects worldwide, and the vibrant tech ecosystem of

Coimbatore is no exception. Whether a local startup is building predictive models for textile inventory, a research

lab is analyzing sensor data from smart factories, or a city �wide public health initiative is forecasting disease

outbreaks, the quality of the training data can make or break the model’s performance. One of the most effective

ways to address class imbalance is through resampling—strategies that adjust the distribution of classes in the

training set. This article offers a comprehensive, SEO �friendly analysis of different resampling methods, with a

particular focus on how they can be applied within Coimbatore’s data science community.

Understanding Class Imbalance and Its Impact

Class imbalance occurs when the number of instances in one class significantly outnumbers those in another. In

binary classification, a common scenario is a 90:10 ratio, where 90% of the data belong to the majority class.

Models trained on such skewed data tend to bias toward the majority class, achieving high overall accuracy while

completely ignoring the minority class. This is problematic in real �world applications where the minority class often

represents critical events—fraud detection, disease diagnosis, defect identification, and more.

Resampling methods aim to mitigate this bias by transforming the training data distribution. They come in two 

broad categories: over �sampling and under �sampling. Some advanced techniques combine both approaches,

creating hybrid strategies that balance the trade �offs between data volume, noise introduction, and computational

overhead.

Common Resampling Techniques

•  Random Over �Sampling (ROS): Repeats minority class instances until the desired balance is achieved.

•  Random Under �Sampling (RUS): Removes majority class instances to reduce the imbalance.

•  Synthetic Minority Over �Sampling Technique (SMOTE): Generates synthetic minority examples by 

interpolating between existing ones.

•  Adaptive Synthetic Sampling (ADASYN): Extends SMOTE by focusing on harder �to �learn minority samples.

•  Borderline �SMOTE: Creates synthetic points only near the decision boundary.

•  Cluster �Based Over �Sampling: Uses clustering to generate synthetic samples in dense minority regions.

•  Ensemble �Based Methods: Combine multiple balanced subsets via bagging or boosting.

•  Cost �Sensitive Learning: Modifies the learning algorithm to penalize misclassification of minority instances.

Over �Sampling Methods

ROS is the simplest approach: it randomly duplicates minority class samples until the classes are balanced. While

easy to implement, ROS can lead to overfitting because the model may learn duplicate patterns. In a Coimbatore

data science workshop, ROS was often the first technique taught due to its intuitive nature.

SMOTE addresses the overfitting issue by creating new synthetic samples rather than duplicating existing ones.

For each minority instance, SMOTE selects one of its k nearest neighbors and generates a point along the line

segment connecting them. This interpolation reduces the likelihood of the model memorizing specific samples.

Key parameters for SMOTE:



1.  k_neighbors – Number of nearest neighbors to consider.

2.  sampling_strategy – Desired ratio of minority to majority samples.

3.  random_state – Seed for reproducibility.

Borderline �SMOTE focuses on minority instances that lie near the decision boundary, which are more likely to be

misclassified. By generating synthetic points in these critical regions, the algorithm enhances the classifier’s ability

to distinguish between classes. This method is particularly useful for Coimbatore’s manufacturing defect detection

models, where borderline samples often determine product quality.

ADASYN builds on SMOTE by assigning higher weights to minority samples that are harder to learn. It generates

more synthetic data for these challenging points, thereby adapting the sampling process to the data’s intrinsic

difficulty. In a recent case study involving predictive maintenance for Coimbatore’s textile mills, ADASYN

significantly improved the recall of faulty machines.

Cluster �based techniques first cluster the minority class into subgroups and then apply SMOTE within each cluster.

This ensures that synthetic samples are generated in dense minority regions, preserving the local structure of the

data. For geographic �based data, such as traffic pattern analysis in Coimbatore, cluster �based over �sampling can

maintain spatial coherence.

Under �Sampling Methods

RUS removes majority class instances randomly until the desired balance is achieved. While it reduces the dataset

size and computational cost, it may discard informative samples, potentially harming model performance. In

Coimbatore’s healthcare analytics projects, RUS was used sparingly due to the high cost of losing rare disease

cases.

Near �Miss selects majority samples that are closest to minority instances, thereby preserving the decision boundary.

It comes in three variants:

1.  Near �Miss 1: Chooses majority samples with the smallest average distance to all minority samples.

2.  Near �Miss 2: Chooses majority samples with the smallest average distance to the three nearest minority 

samples.

3.  Near �Miss 3: Chooses majority samples with the largest average distance to the three farthest minority 

samples.

Near �Miss is effective for datasets where the majority class is highly redundant, a common scenario in Coimbatore’s

e �commerce click �stream data.

Instead of random removal, this technique clusters the majority class and then selects representative points from

each cluster. It retains diverse majority samples while reducing redundancy. For Coimbatore’s smart city sensor

networks, cluster �based under �sampling helped maintain coverage across different urban zones.

Hybrid Approaches

Hybrid methods combine over �sampling and under �sampling to leverage the strengths of both. For instance, one

might first apply SMOTE to increase minority instances and then use Near �Miss to trim the majority class. This

two �step process can produce a balanced dataset that is both informative and manageable.

In Coimbatore’s fintech sector, a hybrid strategy was employed to predict loan defaults. The model first applied

SMOTE to balance the default and non �default classes, then used Near �Miss to prune excess non �default instances,

resulting in a 15% boost in the F1 �score.

Implementation in Coimbatore's Data Science Landscape



Coimbatore boasts a growing number of data science meetups, hackathons, and research collaborations. The local

ecosystem offers several resources for implementing resampling methods:

•  Python Libraries: scikit �learn, imbalanced �learn, and TensorFlow provide built �in functions for SMOTE, 

ADASYN, and other techniques.

•  R Packages: ROSE, DMwR, and caret offer resampling utilities.

•  Cloud Platforms: Azure ML, Google AI Platform, and AWS SageMaker have integrated resampling modules.

•  Community Forums: Coimbatore Data Science Discord, local Kaggle competitions, and university research 

labs frequently share code snippets and case studies.

These tools enable practitioners to experiment with different resampling strategies quickly, evaluate their impact on

model metrics, and iterate until the optimal balance is achieved.

Choosing the Right Resampling Strategy

Deciding which method to use depends on several factors:

•  Dataset Size: For very large datasets, over �sampling may be computationally expensive; under �sampling or 

hybrid methods might be preferable.

•  Class Distribution: Severe imbalance (>1:10) often benefits from synthetic over �sampling, while mild imbalance 

may be handled with under �sampling.

•  Noise Levels: Over �sampling can amplify noise if minority samples contain errors; in such cases, cleaning the 

data first is crucial.

•  Model Type: Tree �based models (e.g., Random Forest) are more robust to imbalance, whereas linear models 

(e.g., Logistic Regression) may require aggressive balancing.

•  Domain Requirements: In safety �critical applications, high recall for the minority class is essential; thus, 

methods that preserve minority diversity (SMOTE, ADASYN) are favored.

In Coimbatore’s automotive sensor data, a hybrid approach was chosen because the dataset was large, and the

minority class (faulty sensor readings) represented less than 5% of the data. The combination of SMOTE and

Near �Miss provided a balanced yet comprehensive training set without excessive memory usage.

Practical Steps for Resampling in Coimbatore

1.  Data Exploration: Use visualization tools (Seaborn, Plotly) to understand class distribution and identify 

potential outliers.

2.  Preprocessing: Clean the data, handle missing values, and encode categorical variables.

3.  Baseline Modeling: Train a simple model (e.g., Logistic Regression) on the unbalanced data to establish 

baseline metrics.

4.  Apply Resampling: Choose an over �sampling, under �sampling, or hybrid method based on the criteria 

discussed.

5.  Model Training: Retrain the model on the resampled data, ensuring that cross �validation folds maintain the 

same resampling strategy.

6.  Evaluation: Compare metrics—accuracy, precision, recall, F1 �score, ROC �AUC—between the baseline and 

resampled models.

7.  Fine �Tuning: Adjust sampling parameters (e.g., k_neighbors for SMOTE) and model hyperparameters to 

further optimize performance.

8.  Deployment: Package the model and resampling pipeline into a reproducible workflow using tools like MLflow 

or Docker.

9.  Monitoring: Continuously monitor model performance and re �balance the dataset if drift is detected.

Tools and Libraries



Below is a quick reference to popular libraries and functions for resampling:
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