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Area Under the ROC Curve

The area under the ROC (receiver operating characters—a term 

borrowed from radar detection) curve is a graphical assessment tech-

nique for binary classification problems, in which the true positive 

rate (i.e., sensitivity) is plotted on the y-axis, and the false positive rate 

(1: specificity) is plotted on the x-axis. Because AUC (area under the 

ROC curve) is scale-agnostic/invariant, it can be used to objectively 

rank multiple prediction methods. Although it is a very good metric 

for judging how well each prediction model performs and helps rank 

order the model types, it does not provide an absolute value for the 

models’ predictive accuracy. That is, the AUC value is not to be con-

fused with the overall prediction accuracy of the model. (However, 

as you will deduce from the experimentations, the AUC value and 

overall accuracy values will be highly correlated: The model types 

that produce higher values of AUC will most likely also create higher 

overall accuracy values.) AUC would be a very good metric to use in a 

marketing campaign, for instance, because you could use the predic-

tions ranked by probability to create an ordered list of users to whom 

to send the marketing promotions.

Another benefit of using AUC is that it is classification-threshold 

invariant; that is, it measures the quality of the model’s prediction 

power, regardless of what classification threshold is chosen. In con-

trast, F1 score or overall accuracy both are prone to the choice of 

threshold value. Specifically, AUC determines the overall unbiased 

predictive power of a classifier, wherein the AUC value 1 indicates 

a perfect classifier, and the value 0.5 indicates no predictive power 

(i.e., no better than random chance); however, in reality, the AUC 

values would range between these two extreme cases, 0.5 and 1.0. 

For example, in Figure 4.7, ROC curve A has a better AUC and hence 

better classification performance than B (the AUC of which is illus-

trated with the blue shaded area), while C is the baseline, represent-

ing the ROC curve not any better than random chance. Although in 

Figure 4.7 the three lines are shown perfectly smooth for purposes 
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of illustration, in real-world applications, the ROC curves look rather 

rugged and discrete. 

Figure 4.7 An Illustration of Three Areas Under the ROC Curves

Other Cross-Validation Methodologies

Although they are not as common as the techniques described 

so far in this chapter, some other assessment techniques can also be 

used for classification-type problems. The following are some of the 

exemplary ones:

• Leave-one-out. The leave-one-out method is similar to a 

k-fold cross-validation, where k takes the value 1; that is, every 
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data point is used for testing once on as many models developed 

as there are data points. This is a time-consuming methodology, 

but it can be a viable option for small data sets.

• Bootstrapping. With bootstrapping, a fixed number of 

instances from the original data are sampled (with replace-

ment) for training, and the rest of the data set is used for test-

ing. This process is repeated as many times as desired.

• Jackknifing. This methodology is similar to the leave-one-out 

methodology; you can use it to calculate accuracy by leaving out 

one sample at each iteration of the estimation process.

Classification Methods

Many methods and algorithms are used for classification model-

ing, including the following:

• Decision tree analysis. Decision tree analysis (a machine 

learning technique) is arguably the most popular classification 

technique in the data mining arena. The following section pro-

vides a detailed description of this technique.

• Statistical analysis. For many years—until the emergence 

of machine learning techniques—statistical techniques were 

the primary classification algorithms. Statistical classification 

techniques include logistic regression and discriminant analy-

sis, both of which make the assumptions that the relationships 

between the input and output variables are linear in nature, 

the data is normally distributed, and the variables are not cor-

related and are independent of each other. The questionable 

nature of these assumptions has led to the shift toward machine 

learning techniques.

• Neural networks. Using neural networks is among the most 

popular machine learning techniques that can be used for 
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classification-type problems. A detailed description of this 

technique is presented in Chapter 5.

• Support vector machines. Along with neural networks, sup-

port vector machines are becoming increasingly popular as 

powerful classification algorithms. A detailed description of this 

technique is presented in Chapter 5.

• Ensemble models. Either homogeneous or heterogeneous 

ensemble models can be used for better predictive ability and 

robust performance. Chapter 5 provides a detailed description 

of model ensembles. 

• k-nearest-neighbor algorithm. This deceptively simple yet 

highly efficient algorithm uses similarity as the basis for its clas-

sification method. Chapter 5 provides a detailed description of 

this technique.

• Case-based reasoning. This approach, which is conceptually 

similar to the nearest-neighbor algorithm, uses historical cases 

to recognize commonalities in order to assign a new case to the 

most probable category.

• Bayesian classifiers. This approach uses probability theory to 

build classification models based on past occurrences that are 

capable of placing a new instance into a most probable class (or 

category).

• Genetic algorithms. Genetic algorithms use the analogy of 

natural evolution to build directed-search-based mechanisms 

to classify data samples.

• Rough sets. This method takes into account the partial mem-

bership of class labels to predefined categories in building 

models (collection of rules) for classification problems.

Complete coverage of all these classification techniques is beyond 

the scope of this book, but the following section describes the most 
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popular one, decision trees, and Chapter 5 covers several of the oth-

ers (the most notable ones).

Decision Trees

Before describing the details of decision trees, we need to dis-

cuss some simple terminology. First, decision trees include many 

input variables that may have an impact on the classification of dif-

ferent patterns. These input variables are usually called attributes. 

For example, if we were to build a model to classify loan risks on 

the basis of just two characteristics—income and credit rating—these 

two characteristics would be the attributes, and the resulting output 

would be the class label (e.g., low, medium, or high risk). Second, a 

tree consists of branches and nodes. A branch represents the outcome 

of a test to classify a pattern (on the basis of a test), using one of the 

attributes. A leaf node at the end represents the final class choice for 

a pattern (a chain of branches from the root node to the leaf node, 

which can be represented as a complex if–then statement).

The basic idea behind a decision tree is that it recursively divides 

a training set until each division consists entirely or primarily of exam-

ples from one class. Each nonleaf node of the tree contains a split 

point, which is a test on one or more attributes and determines how 

the data is to be divided further. Decision tree algorithms, in general, 

build an initial tree from the training data such that each leaf node is 

pure, and they then prune the tree to increase its generalization and, 

hence, the prediction accuracy of the test data.

In the growth phase, the tree is built by recursively dividing the 

data until each division is either pure (i.e., contains members of the 

same class) or relatively small. The basic idea is to ask questions whose 

answers provide the most information, as is done in the game “Twenty 

Questions.”
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The split used to partition the data depends on the type of attri-

bute used in the split. For a continuous attribute A, splits are of the 

following form:

value(A) x

where x is some “optimal” split value of A. For example, the split based 

on income could be Income > 50000. For the categorical  attribute A, 

splits are of the following form:

value(A) belongs to x

where x is a subset of A. For example, the split could be on the basis 

of education (whether the individual has a college degree).

A general algorithm for building a decision tree is as follows:

 1. Create a root node and assign all the training data to it.

 2. Select the best splitting attribute.

 3. Add a branch to the root node for each value of the split. Split 

the data into mutually exclusive (i.e., non-overlapping) subsets 

along the lines of the specific split of the branches.

 4. Repeat steps 2 and 3 for each leaf node until the stopping 

 criteria is reached (e.g., the node is dominated by a single class 

label).

Many different algorithms have been proposed for creating deci-

sion trees. These algorithms differ primarily in terms of the way in 

which they determine the splitting attribute (and its split values), 

the order of splitting the attributes (splitting the same attribute only 

once or many times), the number of splits at each node (binary ver-

sus ternary), the stopping criteria, and the pruning of the tree (pre- 

versus postpruning). Some of the most well-known algorithms are 

ID3 ( followed by C4.5 and C5 as the improved versions of ID3) 

from machine learning, Classification and Regression Trees (CART) 

from statistics, and the Chi-squared Automatic Interaction Detector 

(CHAID) from pattern recognition.
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