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Abstract- Receiver Operating Characteristic (ROC) curves are commonly used to present results for binary decision problems 

in machine learning. However, when dealing with highly skewed datasets, Precision-Recall (PR) curves give a more 

informative picture of an algorithm’s performance. Researcher show that a deep connection exists between ROC space and PR 

space, such that a curve dominates in ROC space if and only if it dominates in PR space. A corollary is the notion of an 

achievable PR curve, which has properties much like the convex hull in ROC space; researcher show an efficient algorithm for 

computing this curve. Finally, we also note differences in the two types of curves are significant for algorithm design. For 

example, in PR space it is incorrect to linearly interpolate between points. Furthermore, algorithms that optimize the area 

under the ROC curve are not guaranteed to optimize the area under the PR curve. 

 

Keywords- Metrics, ROC, AUC, Precision-recall (PR), confusion matrix. 

 

I. INTRODUCTION 
 

A receiver operating characteristics (ROC) graph is a 

technique for visualizing, organizing and selecting 

classifiers based on their performance. ROC graphs have 

long been used in signal detection theory to depict the 

tradeoff between hit rates and false alarm rates of 

classifiers.  ROC analysis has been extended for use in 

visualizing and analyzing the behavior of diagnostic 

systems.  

 

The medical decision making community has an extensive 

literature on the use of ROC graphs for diagnostic testing 

brought ROC curves to the attention of the wider public 

with their Scientific American article. One of the earliest 

adopters of ROC graphs in machine learning was 

Spackman, who demonstrated the value of ROC curves in 

evaluating and comparing algorithms. Recent years have 

seen an increase in the use of ROC graphs in the machine 

learning community, due in part to the realization that 

simple classification accuracy is often a poor metric for 

measuring performance. In addition to being a generally 

useful performance graphing method, they have properties 

that make them especially useful for domains with skewed 

class distribution and unequal classification error costs.  

 

These characteristics have become increasingly important 

as research continues into the areas of cost-sensitive 

learning and learning in the presence of unbalanced 

classes. ROC graphs are conceptually simple, but there are 

some non-obvious complexities that arise when they are 

used in research. There are also common misconceptions 

and pitfalls when using them in practice. This article 

attempts to serve as a basic introduction to ROC graphs 

and as a guide for using them in research. The goal of this 

article is to advance general knowledge about ROC graphs 

so as to promote better evaluation practices in the field. 

Data is the need of the hour. Deep learning and machine 

learning help in analysing the data and automating many 

applications in the real world scenario. To implement any 

deep learning and machine learning concept researcher 

may required higher end infrastructure to carry out their 

work. 

 

Some of the examples of deep learning and machine 

learning applications are natural language recognition, 

sentiment analysis, e-commerce suggestions/ 

recommendations and social network recommendations 

etc., [1].   

 

Many deep learning and machine learning application it 

rely on heavy computations on massive datasets. GPU is 

an acronym for Graphical processing units which may 

helps in parallel task processing [2]. Most of the 

applications in deep learning and machine learning use 

NVIDIA GPUs [3] [4].  

 

Google Colab will help in providing the necessary 

infrastructure to carry out the task for a free of cost by 

default Google colab provide 12 GB RAM and 32 GB of 

Disk space. If any researcher wants to use more Google 

cloud provide necessary infrastructure in a pay-by-hour 

manner to use the hardware with a fully configured GPU 

for deep learning applications [5] [6]. Transfer learning is 

nothing but a reuse of the trained model for classification 

and prediction [7]. Sentiment analysis and opinion mining 

can be done using the textblob library using the tool 
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Google colab [8] [9].  The paper is organized into four 

parts. Part 1 is the introduction; Part 2 Background and 

Related works; Part 3 ROC and AUC; Part 4 presents the 

results and discussion; Part 5 presents conclusions. 

References are given after Part 5. 

 

II. BACKGROUND AND RELATED 

WORKS 
 

Given a classifier and an instance, there are four possible 

outcomes. If the instance is positive and it is classified as 

positive, it is counted as a true positive; if it is classified as 

negative, it is counted as a false negative. If the instance is 

negative and it is classified as negative, it is counted as a 

true negative; if it is classified as positive, it is counted as 

a false positive.  

 

Given a classifier and a set of instances (the test set), a 

two-by-two confusion matrix (also called a contingency 

table) can be constructed representing the dispositions of 

the set of instances. This matrix forms the basis for many 

common metrics. Fig 1 shows the layout of confusion 

matrix and formula to calculate the recall, precision, true 

positive rate and false positive rate.   

 

 
Fig 1. Machine learning evaluation metrics. 

  

III. ROC AND AUC 
 

An ROC curve (receiver operating characteristic curve) is 

a graph showing the performance of a classification model 

at all classification thresholds.  

 

This curve plots two parameters: 

• True Positive Rate 

• False Positive Rate 

 

True Positive Rate (TPR) is a synonym for recall and is 

therefore defined as follows: 

 

TPR=TPTP+FN 

 

False Positive Rate (FPR) is defined as follows: 

 

FPR=FPFP+TN 

An ROC curve plots TPR vs. FPR at different 

classification thresholds. Lowering the classification 

threshold classifies more items as positive, thus increasing 

both False Positives and True Positives. The following 

figure shows a typical ROC curve. 

 

AUC stands for "Area under the ROC Curve." That is, 

AUC measures the entire two-dimensional area 

underneath the entire ROC curve (think integral calculus) 

from (0,0) to (1,1). AUC provides an aggregate measure of 

performance across all possible classification thresholds. 

One way of interpreting AUC is as the probability that the 

model ranks a random positive example more highly than 

a random negative example. In a binary decision problem, 

a classifier labels examples as either positive or negative.  

 

The decision made by the classifier can be represented in a 

structure known as a confusion matrix or contingency 

table. The confusion matrix has four categories: True 

positives (TP) are examples correctly labeled as positives. 

False positives (FP) refer to negative examples incorrectly 

labeled as positive. True negatives (TN) correspond to 

negatives correctly labeled as negative. Finally, false 

negatives (FN) refer to positive examples incorrectly 

labeled as negative. A confusion matrix is shown in Figure 

2(a). The confusion matrix can be used to construct a point 

in either ROC space or PR space. Given the confusion 

matrix, we are able to define the metrics used in each 

space as in Figure 2(b). In ROC space, one plots the False 

Positive Rate (FPR) on the x-axis and the True Positive 

Rate (TPR) on the y-axis. The FPR measures the fraction 

of negative examples that are misclassified as positive.  

 

The TPR measures the fraction of positive examples that 

are correctly labeled. In PR space, one plots Recall on the 

x-axis and Precision on the y-axis. Recall is the same as 

TPR, whereas Precision measures that fraction of 

examples classified as positive that are truly positive. 

Figure 2(b) gives the definitions for each metric. We will 

treat the metrics as functions that act on the underlying 

confusion matrix which defines a point in either ROC 

space or PR space. Thus, given a confusion matrix A, 

RECALL(A) returns the Recall associated with A. 

 

IV. RESULTS AND DISCUSSION 

 
ROC and ACU curves are typically generated to evaluate 

the performance of a machine learning algorithm on a 

given dataset using logistic regression. Each dataset 

contains a fixed number of positive and negative 

examples. Author implemented and tested for ROC and 

ACU.The pseudo code for the same has been outline in the 

following paragraph.  

 

X, y = make_classification(n_samples=1000, n_classes=2, 

random_state=1) 

trainX, testX, trainy, testy = train_test_split(X, y, 

test_size=0.5, random_state=2) 
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ns_probs = [0 for _ in range(len(testy))] 

model = LogisticRegression(solver='lbfgs') 

model.fit(trainX, trainy) 

lr_probs = model.predict_proba(testX) 

lr_probs = lr_probs[:, 1] 

ns_auc = roc_auc_score(testy, ns_probs) 

lr_auc = roc_auc_score(testy, lr_probs) 

ns_fpr, ns_tpr, _ = roc_curve(testy, ns_probs) 

lr_fpr, lr_tpr, _ = roc_curve(testy, lr_probs) 

 

ROC logistic shows the result of 0.9 No skill shows that 

ROC AUC shows 0.5. Corresponding Graphical 

respresentation is as shown in Fig 2. A no-skill classifier is 

one that cannot discriminate between the classes and 

would predict a random class or a constant class in all 

cases. A model with no skill is represented at the point 

(0.5, 0.5). A model with no skill at each threshold is 

represented by a diagonal line from the bottom left of the 

plot to the top right and has an AUC of 0.5. 

  

 
Fig 2. ROC Curve Plot for a No Skill Classifier and a 

Logistic Regression Model. 

 

V. CONCLUSION 
 

ROC graphs are a very useful tool for visualizing and 

evaluating classifiers. They are able to provide a richer 

measure of classification performance than scalar 

measures such as accuracy, error rate or error cost. 

Because they decouple classifier performance from class 

skew and error. 

 

Costs, they have advantages over other evaluation 

measures such as precision-recall graphs and lift curves. 

However, as with any evaluation metric, using them 

wisely requires knowing their characteristics and 

limitations. It is hoped that this article advances the 

general knowledge about ROC graphs and helps to 

promote better evaluation practices in the pattern 

recognition community. 
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