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How to Easily Calculate AUC (Area Under the Curve) in R

The Area Under Curve (AUC) is a critical metric used extensively in data science and statistical

modeling, particularly for evaluating the performance of binary classification systems. When
working within the R environment, calculating the AUC is streamlined through specialized
packages like pROC. This package provides the powerful auc function, which efficiently computes
the area under either the Receiver Operating Characteristic (ROC) curve or the Precision-Recall
(PR) curve.

The core functionality of the auc function requires two primary inputs: the actual true binary labels
(the ground truth) and the predicted scores (probabilities or decision values) generated by the
classification model. By analyzing the relationship between these inputs, the function returns a
single, interpretable AUC value. This metric serves as a robust benchmark for assessing how
effectively a classification model is distinguishing between positive and negative classes, making it

indispensable for model comparison and selection.

Understanding the context for AUC often begins with binary prediction techniques, such as Logistic
Regression. This is a fundamental statistical method employed when the dependent, or response,
variable is dichotomous (binary). To comprehensively gauge the effectiveness of a logistic
regression model in fitting a specific dataset, we rely on a suite of derived performance metrics:

Sensitivity (True Positive Rate): This metric measures the proportion of actual positive cases
that are correctly identified as positive by the model. It represents the probability that the model
correctly predicts a positive outcome when, in reality, the outcome is positive. Maximizing
sensitivity is crucial in fields where missing a positive case carries a high cost, such as medical
diagnostics.

Specificity (True Negative Rate): Conversely, specificity quantifies the proportion of actual
negative cases that are correctly identified as negative. It is the probability that the model predicts
a negative outcome for an observation that is truly negative. Maintaining high specificity is vital
when false positives are particularly costly.

The Foundation of Performance Metrics: Sensitivity and Specificity

In any binary classification task, a model must establish a threshold (often 0.5) to translate
continuous probability scores into definitive class predictions (e.g., Yes/No, 0/1). The choice of this
threshold fundamentally impacts the balance between sensitivity and specificity. A low threshold
tends to increase sensitivity while decreasing specificity, whereas a high threshold achieves the
opposite balance. This inherent trade-off necessitates a way to visualize model performance
across all possible thresholds.

These two fundamental metrics--sensitivity and specificity--are the building blocks for the
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visualization tool known as the ROC curve, which stands for "Receiver Operating Characteristic"
curve. The ROC curve allows analysts to observe the performance profile of the classifier
independently of the specific decision threshold chosen.

Visualizing Trade-offs with the ROC Curve

The ROC curve is a powerful graphical plot that maps the trade-off between the true positive rate
(Sensitivity) against the false positive rate (1 - Specificity) as the discrimination threshold is varied.
Sensitivity is conventionally displayed along the y-axis, while the complement of specificity (1 -
specificity, or the False Positive Rate) is displayed along the x-axis. A model that performs purely
randomly will generate a diagonal line (the line of no-discrimination), while a perfect classifier will
hug the upper left corner of the plot.

The primary utility of the ROC curve lies in its ability to condense complex performance
characteristics across the entire range of threshold settings into a single, comprehensive
visualization. Evaluating the curve visually provides immediate insight into the model's overall
discriminative power. A curve that bows significantly toward the upper-left corner indicates superior
performance compared to one that lies closer to the diagonal baseline.

Quantifying Performance: Interpreting the Area Under the Curve (AUC)

While the ROC curve provides excellent visual insight, analysts often require a single, scalar metric

to summarize the model's overall quality--this is where the Area Under the Curve (AUC) comes
into play. AUC quantifies the total two-dimensional area underneath the entire ROC curve.
Mathematically, the AUC represents the probability that the model will rank a randomly chosen
positive instance higher than a randomly chosen negative instance.

The value of AUC ranges from 0 to 1. An AUC of 0.5 signifies that the model performs no better
than random chance, essentially mimicking the line of no-discrimination. Conversely, an AUC of
1.0 represents a perfect classifier capable of separating all positive and negative cases flawlessly.
In practical modeling scenarios, a generally accepted rule of thumb is that an AUC closer to 1 (e.g.,
above 0.85 or 0.90) indicates a highly effective and robust model, whereas values closer to 0.7
suggest moderate performance.

The following detailed, step-by-step example illustrates the practical methodology for calculating
this essential metric for a fitted logistic regression model within the powerful statistical environment

of R. We will utilize real-world data to demonstrate the necessary code and interpretation.

Step 1: Data Preparation and Loading the Default Dataset

The initial phase of any data analysis workflow involves securing and preparing the necessary
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data. For this demonstration, we will leverage the renowned Default dataset, which is conveniently
packaged within the widely used ISLR package (An Introduction to Statistical Learning with

Applications in R). This dataset comprises comprehensive information pertaining to various
individuals, specifically documenting demographic details and whether or not they ultimately
defaulted on a loan obligation.

The Default dataset provides a perfect scenario for binary classification modeling, as the outcome
variable (def aul t) is binary (Yes/No). To begin, we load the dataset and perform a preliminary
inspection of the structure using standard R functions. This ensures data integrity and helps
confirm the variables we will use as predictors (st udent , bal ance, and i ncone) and the response
variable (def aul t ).

We load the dataset using the package namespace qualifier | SLR: : Def aul t and then display the
first few rows to confirm successful loading and variable structure:

# Load the Default dataset from the ISLR package
data <- ISLR::Default

# View the structure and initial observations of the dataset
head(data)

default student balance income
1 No No 729.5265 44361.625
2 No Yes 817.1804 12106.135
3 No No 1073.5492 31767.139
4 No No 529.2506 35704.494
5 No No 785.6559 38463.496
6 No Yes 919.5885 7491.559

The variables present include def aul t (the binary outcome), st udent (binary status), bal ance
(average credit card balance), and i ncone (annual income). This rich set of features provides a
suitable foundation for building a predictive model.

Step 2: Implementing and Training the Logistic Regression Model

With the data successfully loaded, the subsequent critical step involves splitting the data into
training and testing subsets, followed by fitting the logistic regression model. Splitting the data is
essential for robust model validation; the training set is used to estimate the model coefficients,
while the testing set provides an unbiased evaluation of the model's predictive performance on
unseen data.
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We establish a reproducible environment using set . seed(1) and then partition the dataset,
allocating 70% of the observations to the training set and reserving the remaining 30% for the test
set. This common split ratio ensures adequate data for training while preserving a substantial
portion for rigorous testing.

The generalized linear model (gl m) function in R is utilized to fit the logistic model. We specify the
fam | y="bi noni al " argument, which tells R to use the logistic link function appropriate for binary
response variables. The model specification targets the prediction of def aul t based on the

combined influence of st udent status, bal ance, and i ncone:

# Ensure reproducibility of the random sampling process
set.seed(1)

# Define the training/testing split (70% Train, 30% Test)

sample <- sample(c(TRUE, FALSE), nrow(data), replace=TRUE, prob=c(0.7,0.3))
train <- data

test <- data

# Fit the logistic regression model using the training data
model <- gim(default~student+balance+income, family="binomial", data=train)

This fitted nodel object now contains the estimated coefficients that maximize the likelihood of
observing the training data outcomes. Before calculating the AUC, we must use this model to
generate predicted probabilities for the test set observations, which will serve as the input scores
for the AUC calculation.

Step 3: Calculating and Analyzing the AUC Value using pROC

The most direct and reliable method for determining the AUC in the R environment involves the
highly specialized pROC package. This package is specifically designed for visualizing, smoothing,
and comparing ROC curves, and its core function, auc(), simplifies the calculation process
considerably. We must first ensure this package is loaded into the R session using
i brary(pRCC) .

The standard syntax required by the auc() function is straightforward: auc(response,
predi ct ed) . The response argument must contain the vector of true binary outcomes from the
test set (the ground truth), while the predi ct ed argument must contain the corresponding
probability scores generated by the model.

First, we generate the predicted probabilities for the test set. We use the predi ct () function on
our trained nodel , ensuring we specify t ype="r esponse" to output probabilities (scores between

PSYCHOLOGICAL SCALES scales.arabpsychology.com



https://scales.arabpsychology.com/?p=106210
https://scales.arabpsychology.com
https://scales.arabpsychology.com

How to Easily Calculate AUC (Area Under the Curve) in R

0 and 1) rather than log-odds:

# Calculate the probability of default for each individual in test dataset
predicted <- predict(model, test, type="response")

# Load the pROC library
library(pROC)

# Calculate the AUC using the true test outcomes and the predicted probabilities
auc(test$default, predicted)

Setting levels: control = No, case = Yes
Setting direction: controls < cases
Area under the curve: 0.9437

The output provides essential context, indicating how the factor levels were interpreted (control =
No, case = Yes) and confirming the calculation direction (controls are expected to have lower
scores than cases). Crucially, the result states that the Area under the curve: 0.9437.

Conclusion: Evaluating Model Effectiveness based on AUC

The calculated AUC value of 0.9437 represents a highly favorable result for our logistic regression
model. As previously discussed, the closer the AUC value is to 1.0, the better the model is at
separating the positive class (default = Yes) from the negative class (default = No). An AUC
exceeding 0.9 is generally categorized as "excellent discrimination."

This numerical outcome strongly suggests that the features included in the model--student status,
credit card balance, and income--are highly effective predictors of loan default risk. Specifically, the
model has a 94.37% probability of correctly ranking a randomly selected defaulter higher than a
randomly selected non-defaulter. This level of performance demonstrates that the model is robust
and suitable for practical application in risk assessment, offering valuable insights into which
customers are most likely to default on their loan obligations.

Furthermore, calculating the AUC provides a standardized metric that can be easily compared
against other models or alternative algorithms (e.g., Random Forest or Support Vector Machines)
trained on the same data. In the realm of binary prediction, the AUC remains one of the most
reliable and interpretable measures of a model's true discriminative power, ensuring informed
decision-making based on robust statistical evidence.
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