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Brief Answer
A Receiver Operating Characteristic (ROC) curve is a
graphical representation of a classification model’s
performance across different threshold values. It plots the
True Positive Rate (TPR) (Sensitivity) against the False
Positive Rate (FPR), helping evaluate how well a model
differentiates between positive and negative classes.

Detailed Answer
The ROC curve helps assess the trade-off between
correctly identifying positive cases (TPR) and
incorrectly classifying negatives as positives (FPR).
The x-axis represents the FPR, and the y-axis represents
the TPR.
A perfect classifier would have an ROC curve that
reaches the top-left corner (0,1), indicating a TPR of 1 and
an FPR of 0.
The diagonal line (45-degree line) represents random
guessing, where the model has no discriminatory power.
ROC curves are widely used in binary classification tasks
such as medical diagnosis, fraud detection, and spam
filtering.

Example to Explain: 
Consider an email spam detection system that predicts
whether an email is spam or not. Adjusting the probability
threshold changes the trade-off between catching more
spam emails (true positives) and mistakenly classifying
legitimate emails as spam (false positives). The ROC curve
helps find the optimal threshold to minimize
misclassification.

01 What is a Receiver Operating
Characteristic (ROC) Curve?



Brief Answer:
The Area Under the Curve (AUC) quantifies the overall
performance of a classification model by measuring the
area under the ROC curve. A higher AUC (closer to 1)
indicates a better-performing classifier, while an AUC of
0.5 suggests random guessing.

Detailed Answer:
The AUC-ROC score summarizes how well the
model separates positive and negative cases.
A model with AUC = 1 is perfect, meaning it ranks all
positive cases higher than negative ones.
AUC > 0.9 is considered excellent, while AUC ≈ 0.5
implies that the model is making predictions
randomly.
AUC is a threshold-independent metric, meaning it
evaluates performance across all possible threshold
values instead of a single fixed threshold.
In imbalanced datasets, AUC can sometimes be
misleading, as a model predicting only the majority
class can still achieve a high AUC score.

Example to Explain: Imagine a fraud detection system
in a bank. If the model achieves AUC = 0.98, it means
that in 98% of cases, it correctly assigns a higher fraud
probability to fraudulent transactions compared to non-
fraudulent ones. This high AUC score suggests strong
performance in identifying fraud.
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What is the Area Under the
Curve (AUC) in an ROC curve,
and why is it important?



Brief Answer:
The optimal threshold for classification is the point on the
ROC curve that provides the best trade-off between True
Positive Rate (TPR) and False Positive Rate (FPR). It is often
chosen based on metrics such as Youden’s J statistic or
minimizing the distance to the top-left corner of the ROC
plot.

Detailed Answer:
A classification model outputs probabilities, requiring a
threshold to convert them into class labels (e.g., spam vs.
non-spam).
A lower threshold increases sensitivity but leads to more
false positives.
A higher threshold reduces false positives but may miss
actual positive cases (lower recall).
Methods for selecting the optimal threshold include:
Youden’s J Statistic (J = TPR - FPR): Maximizes the
difference between true positive rate and false positive
rate.
Closest Point to (0,1): Finds the threshold that minimizes
the Euclidean distance to the perfect classification point
(0,1).
Cost-sensitive Optimization: Adjusting the threshold
based on business impact (e.g., in fraud detection, missing
fraud is worse than flagging legitimate transactions).

Example to Explain
In a tumor classification model, setting the threshold too low
may classify many benign tumors as malignant (false
positives), leading to unnecessary biopsies. Setting it too high
may miss actual malignant tumors (false negatives), risking
patient lives. The ROC curve helps determine an optimal
balance.

03
How does the ROC curve
help in selecting the optimal
threshold?



Brief Answer:
The ROC curve is a powerful tool for evaluating classification
models, but it has limitations, particularly when working
with imbalanced datasets. It provides a global view of model
performance across all possible thresholds but may not
always be the best metric for real-world applications.

Detailed Answer:
Advantages:
✅  Threshold-independent evaluation – ROC shows model
performance at various classification thresholds.
✅  Effective for balanced datasets – Helps assess classifiers
where both positive and negative classes are roughly equal.
✅  Useful for comparing models – AUC allows comparison
between multiple classifiers to choose the best-performing
one.
Limitations:
❌  Misleading for imbalanced datasets – If one class
dominates, a model can have a high AUC while performing
poorly on the minority class.
❌  Doesn’t consider real-world costs – ROC treats false
positives and false negatives equally, but in many
applications (e.g., fraud detection, cancer diagnosis), the cost
of a false negative is much higher.
❌  Doesn’t directly measure precision – ROC focuses on
sensitivity and specificity but doesn’t account for precision,
which is often more relevant for imbalanced problems.

Example to Explain:
A credit card fraud detection model might predict fraud
with 99% accuracy simply by classifying all transactions as
non-fraud (because fraud is rare). The ROC curve might still
look good, but it does not reflect the poor ability to catch
fraud cases. In such cases, the PR curve is better.

04 What are the advantages and
limitations of the ROC curve?



Brief Answer:
While both ROC and PR curves evaluate classification
models, the ROC curve is ideal for balanced datasets, while
the PR curve is more suitable for imbalanced datasets
where positive cases are rare. The PR curve highlights
precision rather than false positives, making it better
suited for domains like fraud or medical diagnosis.

Detailed Answer:
ROC Curve:

Plots True Positive Rate (Recall) vs. False Positive Rate.
Good for balanced datasets.
Can be misleading in highly imbalanced cases, where
the false positive rate remains low despite poor
performance.

Precision-Recall (PR) Curve:
Plots Precision (TP / (TP + FP)) vs. Recall (TP / (TP + FN)).
More useful in highly imbalanced datasets where false
positives matter significantly.
A high precision means fewer false positives, which is
critical in applications like disease detection or fraud
prevention.

Example to Explain
For malware detection, if malware accounts for only 1%
of total files, the ROC curve may show an AUC of 0.98,
but that does not guarantee good precision. The PR
curve will give a clearer picture of how many detected
malware files are truly malicious, making it a better
metric in this case.

05
How does the ROC curve
compare to the Precision-
Recall (PR) curve?
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