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Abstract

Receiver Operating Characteristics (ROC) graphs are a useful technique for organizing classi�ers and visual-
izing their performance. ROC graphs are commonly used in medical decision making, and in recent years have
been increasingly adopted in the machine learning and data mining research communities. Although ROC graphs
are apparently simple, there are some common misconceptions and pitfalls when using them in practice. This
article serves both as a tutorial introduction to ROC graphs and as a practical guide for using them in research.
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1 Introduction

An ROC graph is a technique for visualizing, organizing and selecting classi�ers based on their performance. ROC

graphs have long been used in signal detection theory to depict the tradeo� between hit rates and false alarm rates

of classi�ers (Egan, 1975; Swets, Dawes, & Monahan, 2000a). ROC analysis has been extended for use in visualizing

and analyzing the behavior of diagnostic systems (Swets, 1988). The medical decision making community has an

extensive literature on the use of ROC graphs for diagnostic testing (Zou, 2002). Swets, Dawes and Monahan (2000a)

recently brought ROC curves to the attention of the wider public with their Scienti�c American article.

One of the earliest adopters of ROC graphs in machine learning was Spackman (1989), 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. 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 classi�cation

error costs. These characteristics of ROC graphs have become increasingly important as research continues into the

areas of cost-sensitive learning and learning in the presence of unbalanced classes.

Most books on data mining and machine learning, if they mention ROC graphs at all, have only a brief description

of the technique. 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.

1



Hypothesized
class

Y

N

p n

P NColumn totals:

Accuracy  = TP + TN
P + N

TP
TP + FP

FP
N

FP rate  = TP rate  = TP
P

Precision  =

= Recall

True class

False
Positives

True
Positives

True
Negatives

False
Negatives

F-score = Precision x Recall

Figure 1: A confusion matrix and several common performance metrics that can be calculated from it

This article attempts to serve as a tutorial introduction to ROC graphs and as a practical guide for using them in

research. It collects some important observations that are perhaps not obvious to many in the community. Some of

these points have been made in previously published articles, but they were often buried in text and were subsidiary

to the main points. Other notes are the result of information passed around in email between researchers, but left

unpublished. The goal of this article is to advance general knowledge about ROC graphs so as to promote better

evaluation practices in the �eld.

This article is divided into two parts. The �rst part, comprising sections 2 through 7, covers basic issues that

will emerge in most research uses of ROC graphs. Each topic has a separate section and is treated in detail, usually

including algorithms. Researchers intending to use ROC curves seriously in their work should be familiar with this

material. The second part, in section 8, covers some related but ancillary topics. They are more esoteric and are

discussed in less detail, but pointers to further reading are included. Finally, appendix A contains a few function

de�nitions from computational geometry that are used in the algorithms.

Note: Implementations of the algorithms in this article, in the Perl language, are collected in an archive available

from: http://www.purl.org/NET/tfawcett/software/ROC_algs.tar.gz
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2 Classi�er Performance

We begin by considering classi�cation problems using only two classes. Formally, each instance I is mapped to one

element of the set fp;ng of positive and negative class labels. A classi�cation model (or classi�er) is a mapping

from instances to predicted classes. Some classi�cation models produce a continuous output (e.g., an estimate of an

instance’s class membership probability) to which di�erent thresholds may be applied to predict class membership.

Other models produce a discrete class label indicating only the predicted class of the instance. To distinguish between

the actual class and the predicted class we use the labels fY;Ng for the class predictions produced by a model.

Given a classi�er and an instance, there are four possible outcomes. If the instance is positive and it is classi�ed

as positive, it is counted as a true positive; if it is classi�ed as negative, it is counted as a false negative. If the

instance is negative and it is classi�ed as negative, it is counted as a true negative; if it is classi�ed as positive, it

is counted as a false positive. Given a classi�er 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.

Figure 1 shows a confusion matrix and equations of several common metrics that can be calculated from it. The

numbers along the major diagonal represent the correct decisions made, and the numbers o� this diagonal represent

the errors|the confusion|between the various classes. The True Positive rate (also called hit rate and recall) of

a classi�er is estimated as:

TP rate �
positives correctly classi�ed

total positives

The False Positive rate (also called false alarm rate) of the classi�er is:

FP rate �
negatives incorrectly classi�ed

total negatives

Additional terms associated with ROC curves are:

Sensitivity = Recall

Speci�city =
True negatives

False positives + True negatives

= 1 � FP rate

Positive predictive value = Precision

3 ROC Space

ROC graphs are two-dimensional graphs in which TP rate is plotted on the Y axis and FP rate is plotted on the X

axis. An ROC graph depicts relative trade-o�s between bene�ts (true positives) and costs (false positives). Figure 2

shows an ROC graph with �ve classi�ers labeled A through E.

A discrete classi�er is one that outputs only a class label. Each discrete classi�er produces an (FP rate,TP rate)

pair, which corresponds to a single point in ROC space. The classi�ers in �gure 2 are all discrete classi�ers.
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Figure 2: A basic ROC graph showing �ve discrete classi�ers.

Several points in ROC space are important to note. The lower left point (0; 0) represents the strategy of never

issuing a positive classi�cation; such a classi�er commits no false positive errors but also gains no true positives. The

opposite strategy, of unconditionally issuing positive classi�cations, is represented by the upper right point (1; 1).

The point (0; 1) represents perfect classi�cation. D’s performance is perfect as shown.

Informally, one point in ROC space is better than another if it is to the northwest (TP rate is higher, FP rate

is lower, or both) of the �rst. Classi�ers appearing on the left hand-side of an ROC graph, near the X axis, may

be thought of as \conservative": they make positive classi�cations only with strong evidence so they make few false

positive errors, but they often have low true positive rates as well. Classi�ers on the upper right-hand side of an

ROC graph may be thought of as \liberal": they make positive classi�cations with weak evidence so they classify

nearly all positives correctly, but they often have high false positive rates. In �gure 2, A is more conservative than B.

Many real world domains are dominated by large numbers of negative instances, so performance in the far left-hand

side of the ROC graph becomes more interesting.

3.1 Random Performance

The diagonal line y = x represents the strategy of randomly guessing a class. For example, if a classi�er randomly

guesses the positive class half the time, it can be expected to get half the positives and half the negatives correct;

this yields the point (0:5; 0:5) in ROC space. If it guesses the positive class 90% of the time, it can be expected to

get 90% of the positives correct but its false positive rate will increase to 90% as well, yielding (0:9; 0:9) in ROC

space. Thus a random classi�er will produce a ROC point that \slides" back and forth on the diagonal based on the

frequency with which it guesses the positive class. In order to get away from this diagonal into the upper triangular

region, the classi�er must exploit some information in the data. In �gure 2, C’s performance is virtually random. At

(0:7; 0:7), C may be said to be guessing the positive class 70% of the time,

Any classi�er that appears in the lower right triangle performs worse than random guessing. This triangle is

therefore usually empty in ROC graphs. However, note that the decision space is symmetrical about the diagonal
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Figure 3: The ROC \curve" created by thresholding a test set. The table at right shows twenty data and the score
assigned to each by a scoring classi�er. The graph at left shows the corresponding ROC curve with each point labeled
by the threshold that produces it.

separating the two triangles. If we negate a classi�er|that is, reverse its classi�cation decisions on every instance|its

true positive classi�cations become false positive mistakes, and its false positives become true positives. Therefore,

any classi�er that produces a point in the lower right triangle can be negated to produce a point in the upper left

triangle. In �gure 2, E performs much worse than random, and is in fact the negation of A.

Given an ROC graph in which a classi�er’s performance appears to be slightly better than random, it is natural

to ask: \is this classi�er’s performance truly signi�cant or is it only better than random by chance?". There is no

conclusive test for this, but Forman (2002) has shown a methodology that addresses this question with ROC curves.

4 Curves in ROC space

Many classi�ers, such as decision trees or rule sets, are designed to produce only a class decision, i.e., a Y or N on

each instance. When such a discrete classi�er is applied to a test set, it yields a single confusion matrix, which in

turn corresponds to one ROC point. Thus, a discrete classi�er produces only a single point in ROC space.

Some classi�ers, such as a Naive Bayes classi�er or a neural network, naturally yield an instance probability

or score, a numeric value that represents the degree to which an instance is a member of a class. These values

can be strict probabilities, in which case they adhere to standard theorems of probability; or they can be general,

uncalibrated scores, in which case the only property that holds is that a higher score indicates a higher probability.

We shall call both a probabilistic classi�er, in spite of the fact that the output may not be a proper probability1.

Such a ranking or scoring classi�er can be used with a threshold to produce a discrete (binary) classi�er: if

the classi�er output is above the threshold, the classi�er produces a Y, else a N. Each threshold value produces a

di�erent point in ROC space. Conceptually, we may imagine varying a threshold from �1 to +1 and tracing a

1Techniques exist for converting an uncalibrated score into a proper probability but this conversion is unnecesary for ROC curves.
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Algorithm 1 Conceptual method for calculating an ROC curve. Seealgorithm 2 for a practical method.
Inputs : L , the set of test instances; f (i ), the probabilistic classi�er's estimate that instance i is positive; min
and max, the smallest and largest values returned by f ; incr ement, the smallest di�erence between any two f
values.

1: for t = min to max by incr ement do
2: F P ( 0
3: TP ( 0
4: for i 2 L do
5: if f (i ) � t then /* This example is over threshold */
6: if i is a positive example then
7: TP ( TP + 1
8: else /* i is a negative example, so this is a falsepositive */
9: F P ( F P + 1

10: Add point ( F P
N ; T P

P ) to ROC curve
11: end

curve through ROC space.Algorithm 1 describes this basic idea. Computationally, this is a poor way of generating

an ROC curve, and the next section describesa more e�cien t and careful method.

Figure 3 shows an exampleof an ROC \curv e" on a test set of twenty instances. The instances,ten positive and

ten negative, are shown in the table besidethe graph. Any ROC curve generatedfrom a �nite set of instances is

actually a step function, which approaches a true curve as the number of instancesapproaches in�nit y. The step

function in �gure 3 is taken from a very small instance set so that each point's derivation can be understood. In the

table of �gure 3, the instancesare sorted by their scores,and each point in the ROC graph is labeled by the score

threshold that producesit. A threshold of + 1 producesthe point (0; 0). As we lower the threshold to 0:9 the �rst

positive instance is classi�ed positive, yielding (0; 0:1). As the threshold is further reduced, the curve climbs up and

to the right, ending up at (1; 1) with a threshold of 0:1. Note that lowering this threshold corresponds to moving

from the \conservative" to the \lib eral" areasof the graph.

Although the test set is very small, we can make sometentativ e observations about the classi�er. It appears to

perform better in the more conservative region of the graph; the ROC point at (0:1; 0:5) producesits highest accuracy

(70%). This is equivalent to saying that the classi�er is better at identifying likely positivesthan at identifying likely

negatives. Note also that the classi�er's best accuracy occurs at a threshold of :54, rather than at 0:5 as we might

expect (which yields 60%). The next section discussesthis phenomenon.

4.1 Relativ e versus absolute scores

An important point about ROC graphsis that they measurethe abilit y of a classi�er to producegood relative instance

scores.A classi�er neednot produceaccurate,calibrated probabilit y estimates;it needonly producerelative accurate

scoresthat serve to discriminate positive and negative instances.

Consider the simple instance scoresshown in �gure 4, which camefrom a Naive Bayesclassi�er. Comparing the

hypothesized class (which is Y if score> 0:5, else N ) against the true classes,we can seethat the classi�er gets

instances7 and 8 wrong, yielding 80%accuracy. However, considerthe ROC curve on the left sideof the �gure. The

curve risesvertically from (0; 0) to (0; 1), then horizontally to (1; 1). This indicates perfect classi�cation performance
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