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Understanding Imbalanced Datasets

In the critical field of machine learning, practitioners frequently encounter datasets where the

distribution of classes is unevenly skewed. This common challenge is formally termed imbalanced
datasets. Fundamentally, this means that one or more categories, often referred to as the majority
classes, possess a significantly greater volume of observations compared to the other categories,
known as the minority classes. This inherent disparity in data volume presents considerable
hurdles for effective model training and reliable evaluation, demanding specialized handling
techniques.

To illustrate the prevalence of this issue, consider several real-world contexts where data
imbalance is the norm rather than the exception. These scenarios underscore why techniques for
addressing class skew are vital for building robust predictive systems.

Sports Analytics: Analyzing a cohort of college athletes to predict their likelihood of being drafted
into a professional league, such as the NBA, might reveal that nearly 98% of players are not
drafted, leaving the remaining 2% as the highly valuable minority class.

Medical Diagnostics: In clinical settings, a dataset designed to predict the presence of a rare
disease, like a specific form of cancer, might show that 99% of patients test negative, with only 1%
receiving a positive diagnosis.

Financial Security: When developing systems for detecting financial fraud, a typical transaction
log might classify 96% of transactions as legitimate, isolating a small but crucial 4% that are
flagged as fraudulent activity.

These diverse examples demonstrate the pervasive nature of imbalanced datasets across various

high-stakes domains. Crucially, in these applications, the rare event--the minority class--is often
the element of paramount importance, meaning failing to accurately predict it can carry significant
consequences.

The Challenge of Imbalanced Data in Machine Learning

The disproportionate representation of classes severely compromises the reliability and
effectiveness of predictive models. Most conventional machine learning algorithms are engineered

to optimize a generalized measure of performance, such as overall accuracy, which inherently
leads them to favor the larger majority class. Consequently, a model trained on skewed data can
achieve deceptively high accuracy simply by classifying nearly all observations as belonging to the
dominant class. However, this strategy results in catastrophic performance failures when
attempting to identify instances of the minority class--the very events the system is often designed
to detect.

This problem is compounded because, in many real-world scenarios, the accurate prediction of the
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minority class is the primary objective. Correctly identifying a fraudulent transaction, diagnosing a
high-risk medical condition, or predicting a component failure holds substantially greater value than
accurately confirming the common, expected outcome. A model that achieves 99% overall
accuracy by missing every single minority instance is, from a practical standpoint, worthless for
these critical applications.

Furthermore, reliance on traditional evaluation metrics like accuracy can be highly misleading in

the context of imbalanced datasets. A high accuracy score serves only to mask the model's
fundamental weakness: its inability to generalize and correctly classify the scarce instances.
Therefore, addressing data imbalance is not merely an optional refinement but a foundational
requirement for developing robust, ethical, and truly effective predictive systems capable of
handling real-world complexity.

Introducing Synthetic Minority Oversampling Technique (SMOTE)

To directly counteract the inherent bias introduced by imbalanced data, researchers have
developed various data-level solutions. Among the most recognized and impactful methods is the
Synthetic Minority Oversampling Technique, widely known by its powerful acronym, SMOTE.
This innovative approach is designed specifically to rebalance the dataset before model training
begins, ensuring that machine learning models receive adequate and representative examples of

the scarce minority class instances.

SMOTE works by generating a new, synthetic dataset. Crucially, it achieves this by intelligently
creating new observations specifically for the minority class, rather than resorting to simple
duplication of existing data points. This process of oversampling the minority class dramatically
increases its presence within the dataset. By synthesizing data points instead of replicating them,
SMOTE mitigates the risk of overfitting, which is a common drawback associated with basic
replication techniques.

The core objective of SMOTE is to produce a balanced feature space, thereby eliminating the
natural bias that would otherwise lead a predictive model to prioritize the majority class. By

furnishing the model with a richer and more diverse set of minority class examples, the technique
significantly improves the model's generalization ability and enhances its capacity to correctly
identify and classify those critical, rare instances.

How SMOTE Works: A Conceptual Overview

The mechanical genius of SMOTE lies in its use of localized information to create new, interpolated
data points. The process begins by selecting an arbitrary instance from the minority class and then
employing the k-nearest neighbors algorithm to identify the 'k' most similar data points that also

belong to the minority class. This establishes a localized neighborhood of similar minority
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examples.

Once these neighbors are identified, SMOTE synthesizes new examples by mathematically
interpolating along the line segments connecting the original minority instance to its selected
neighbors. Specifically, it calculates the difference between the feature vector of the original
instance and that of a chosen neighbor, multiplies this difference by a random number between 0
and 1, and adds the result back to the original instance's feature vector. This ensures that the new
synthetic samples are not exact duplicates but variations that exist within the feature space defined
by the minority class cluster.

This generation of interpolated observations, rather than mere replication, is the fundamental
advantage of SMOTE. It effectively expands the decision region associated with the minority class,
making it substantially easier for a classification algorithm to learn the underlying patterns. By

creating a more diffuse and diverse representation of the minority class structure, SMOTE enables
models to generalize better, drastically reducing the risk of overfitting that occurs when models rely
on only a limited number of original minority samples.

Implementing SMOTE in R with the DMwR Package

For analysts and data scientists utilizing the R programming language, the most efficient and

standard methodology for implementing SMOTE is through the SMOTE() function, which is
encapsulated within the renowned DMwR package (Data Mining with R). This package is a robust

toolkit that provides essential functionality for various data mining tasks, including powerful
solutions for manipulating and rebalancing imbalanced data structures.

The SMOTE() function offers extensive control over the synthetic data generation process,
enabling users to specify the exact level of oversampling applied to the minority class and,
optionally, the degree of undersampling applied to the majority class. A thorough understanding of

its parameters is essential for successfully customizing the rebalancing process to fit the unique
characteristics of your dataset.

The basic syntax for utilizing the function is clear and structured, providing explicit control over the
resulting class distribution:

SMOTE(form, data, perc.over = 200, perc.under = 200, ...)

We must carefully define each of the critical arguments involved in the function call:

form: This argument expects a model formula, specifying the target variable (the response
variable) on the left side of the tilde (~") and the features (predictors) on the right. For instance, 'y
~ . implies that "y’ is the response and all other columns in the dataset are used as predictors.
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data: This parameter requires the name of the data frame containing the original, imbalanced data
that needs to be processed.

perc.over: This numerical value dictates the percentage of new synthetic cases to be generated
for the minority class. A value of 200 means 200% of the original minority observations will be
added, resulting in a minority class size that is three times its original size (Original + 2 * Original).
perc.under: This number controls the ratio of retained majority class observations relative to the
newly generated minority class observations. A value of 200 implies that the resulting number of
majority observations will be 200% of the final (original plus synthetic) minority count.

The following comprehensive example will demonstrate the practical application of this function to
effectively rebalance a severely skewed dataset within the R environment.

Practical Example: Applying SMOTE in R

To demonstrate the profound impact of SMOTE, let us construct a classic hypothetical scenario in
R. We will simulate a data frame of 100 observations, where the response variable is severely

imbalanced: 90 observations belong to the 'Yes' class (the majority), while only 10 observations fall
into the 'No' class (the minority). This pronounced skew is a typical representation of a real-world
imbalanced dataset.

We begin by generating this synthetic dataset, including two continuous predictor variables, "x1°

and 'x2°, to mimic genuine feature data. Setting a seed ensures that the results of this
demonstration are perfectly reproducible for verification.

#make this example reproducible
set.seed(0)

#create data frame with one response variable and two predictor variables
df <- data.frame(y=rep(as.factor(c('Yes', 'N0')), times=c(90, 10)),
x1=rnorm(100),

x2=rnorm(100))

#view first six rows of data frame
head(df)

y x1 x2

1 Yes 1.2629543 0.7818592
2 Yes -0.3262334 -0.7767766
3 Yes 1.3297993 -0.6159899
4 Yes 1.2724293 0.0465803
5Yes 0.4146414 -1.1303858

PSYCHOLOGICAL STATISTICS statistics.arabpsychology.com



https://en.wikipedia.org/wiki/Data_frame
https://en.wikipedia.org/wiki/Minority_class
https://en.wikipedia.org/wiki/R_(programming_language)
https://en.wikipedia.org/wiki/Synthetic_Minority_Oversampling_Technique
https://en.wikipedia.org/wiki/R_(programming_language)
https://en.wikipedia.org/wiki/Data_frame
https://en.wikipedia.org/wiki/Response_variable
https://en.wikipedia.org/wiki/Class_imbalance
https://en.wikipedia.org/wiki/Predictor_variable
https://statistics.arabpsychology.com/?p=5858
https://statistics.arabpsychology.com
https://statistics.arabpsychology.com

Learning to Handle Imbalanced Data in R: A Practical Guide to SMOTE

6 Yes -1.5399500 0.5767188

#view distribution of response variable
table(df$y)

No Yes
10 90

The output of the “table(df$y)” command explicitly confirms the severe imbalance: 90 instances in
the 'Yes' class versus only 10 in the 'No' class. This 9:1 ratio highlights the necessity of using a
technique like SMOTE to create a learning environment where a subsequent classification
algorithm can adequately learn the patterns of the 'No' class.

Next, we load the DMwR package and apply the SMOTE() function. We set “perc.over = 2000 to

dramatically increase the minority class size and “perc.under = 400" to adjust the majority class
size relative to the newly expanded minority count. The formula 'y ~ ." is used to specify that 'y is
the target response variable.

library(DMwR)

#use SMOTE to create new dataset that is more balanced
new_df <- SMOTE(y ~ ., df, perc.over = 2000, perc.under = 400)

#view distribution of response variable in new dataset
table(new_df$y)

No Yes
210 800

Following the execution of the SMOTE function, the output reveals a transformed distribution in the
‘new_df" data frame. The 'No' class now contains 210 observations, and the 'Yes' class contains
800 observations. This represents a monumental shift from the original 10:90 ratio, achieving a far
more balanced distribution suitable for training.

The resulting counts are derived precisely from the parameter settings:

Minority Class (‘No') Calculation: The perc.over was set to "2000°, meaning 20 times (2000%)
the original 10 minority observations were generated. Thus, 20 * 10 = 200 new synthetic
observations were added. The final count for the 'No' class is 10 (original) + 200 (synthetic) = 210
observations.

Majority Class ('Yes') Calculation: The perc.under was set to "400°. This instructs SMOTE to
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retain a number of majority observations equal to 400% (4 times) the *new total* minority count
(210). The theoretical target was 4 * 210 = 840 majority observations. In the resulting output of
800, the DMwR package performed an implicit undersampling (or selection) of the original 90

observations and maintained them, then added additional majority observations up to a final count
of 800, aligning closely with the desired ratio adjustment.

The ultimate outcome is a dataset that, while not perfectly symmetrical, has been drastically

rebalanced. This enhanced balance is indispensable for training a classification algorithm that can
achieve high performance metrics for both the majority and the minority classes.

Considerations and Best Practices for SMOTE

While SMOTE is an extraordinarily valuable tool for mitigating data imbalance, its deployment
requires careful consideration and adherence to best practices. The efficacy of the technique is
highly dependent on the intrinsic nature of your dataset and the specific goals of the classification
task. Therefore, the selection of appropriate values for the perc.over and perc. under
parameters is not trivial and should be approached experimentally.

It is strongly recommended to iterate and test various combinations of these arguments. The
optimal balance is rarely a simple 1:1 ratio; in many practical applications, a slight residual
imbalance may be preferred, particularly when the costs associated with misclassifying the minority
class are high. Furthermore, model evaluation should move beyond simple accuracy. Robust
metrics appropriate for imbalanced data, such as precision, recall, the F1-score, and ROC curves,
must be employed to provide a truthful assessment of model performance.

A crucial methodological constraint is that SMOTE must only be applied to the training data subset.
Generating synthetic samples in the test set constitutes data leakage, leading to an artificially
inflated and overly optimistic assessment of how the model will perform on genuinely unseen data.
To maintain rigorous evaluation standards and prevent this leakage, implement proper cross-
validation strategies where SMOTE is applied strictly within each fold of the training process. By
generating more representative data for the minority class, SMOTE empowers your chosen
classification algorithm to learn more effectively from these critical instances, ultimately leading to a

superior predictive model that successfully overcomes the inherent bias of imbalanced datasets.

Note: Analysts are encouraged to experiment extensively with the perc.over and perc.under
arguments in the SMOTE() function to derive a rebalanced dataset optimized for their specific
classification requirements.

Additional Resources for R Programming

To further enhance your data science capabilities in R, explore these supplementary tutorials
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detailing common data manipulation and analysis workflows:
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