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Abstract 

This thesis addresses evaluation methods used to measure the performance of machine 

learning algorithms. In supervised learning, algorithms are designed to perform common 

learning tasks including classification, ranking, scoring, and probability estimation. This 

work investigates how information, produced by these various learning tasks, can be utilized 

by the performance evaluation measure. In the literature, researchers recommend evaluating 

classification and ranking tasks using the Receiver Operating Characteristics (ROC) curve. 

In a scoring task, the learning model estimates scores, from the training data, and assigns 

them to the testing data. These scores are used to express class memberships. Sometimes, 

these scores represent probabilities in which case the Mean Squared Error (Brier Score) is 

used to measure their quality. However, if these scores are not probabilities, the task is 

reduced to a ranking or a classification task by ignoring them. The standard ROC curve 

also eliminates such scores from its analysis. 

We claim that using non-probabilistic scores as probabilities is often incorrect, and 

doing it properly would mean imposing additional assumptions on the algorithm or on the 

data. Ignoring these scores fully, however, is also problematic since, in practice, although 

they may provide a poor estimate of probabilities, their magnitudes, nonetheless, provide 

information that can be valuable for performance analysis. The purpose of this dissertation 

is to propose a novel method that extends the ROC curve to include such scores. We, 

therefore, call it the scored ROC curve. In particular, we develop a method to construct a 

scored ROC curve, demonstrate how to reduce it to a standard ROC curve, and illustrate 

how it can be used to compare learning models. 

Our experiments demonstrate that the scored ROC curve is capable of measuring sim­

ilarities as well as differences in the performance of different learning models, and is more 

sensitive to them than the standard ROC curve. In addition, we illustrate our method's 

ability to detect changes in data distribution between training and testing. 
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Chapter 1 

Introduction 

In his editorial to the Machine Learning journal, Langely (1988) argues that the main crite­

ria to show learning relies on the demonstration of improvement in performance. His notion 

of performance-testing, thereafter, inspired the machine learning community to conduct ex­

periments to assess the performance of learning methods to demonstrate their effectiveness. 

Nowadays, performance assessment has become essential to the development of applications 

and research in machine learning. In the literature, almost all machine learning contri­

butions include an experimental performance testing component. Furthermore, extensive 

studies have been conducted to address this issue, and various workshops have been held to 

stimulate contributions in this area. Recently, the workshop series on evaluation methods 

for machine learning (Drummond et al., 2009, 2008, 2007, 2006) have focused primarily on 

this issue. 

This research deals with evaluation methods that assess the performance of machine 

learning algorithms in supervised settings. We focus on how to measure and visualize simi­

larities and differences between learning models based on the scores they assign to individual 

data points. Common machine learning tasks include classification, ranking, scoring, and 

probability estimation. This dissertation utilizes a comparative framework to organizes 

these learning tasks based on information relevant to their performance information. This 

organization, we argue, justifies the need for an evaluation method capable of measuring 

1 



CHAPTER 1. INTRODUCTION 2 

the performance using the magnitudes of class membership scores. To address this problem, 

this thesis develops a novel evaluation method that extends the Receiver Operating Char­

acteristics (ROC) Curve to include class membership scores. The resulting curve, we call 

it the scored ROC Curve, allows for the visualization of such scores while preserving per­

formance information related to classification and ranking. Our experiments demonstrate 

the superiority of the proposed method over the standard ROC when measuring similarities 

and differences between learning models. Finally, our results show that our scored ROC 

method is sensitive to changes in the domain. 

1.1 Motivation 

Many popular machine learning methods produce models that assign class membership 

scores to individual instances. These scores represent the model's confidence in its predic­

tions (Fawcett, 2003), and thus, they convey valuable information related to class mem­

berships of data points. Respective classification decisions can be obtained by imposing a 

decision threshold on the scores. A ranking of the data points, from most to least positive, 

can be obtained by sorting them in the decreasing order of their scores (Fawcett, 2003). 

When measuring the performance of classification, most evaluation methods take into ac­

count the decision but ignore the confidence (the score value), and common methods that 

evaluate the ranking performance focus on the order of positives relative to the negatives. 

However, they also exclude the score magnitudes from their analysis. 

This thesis proposes that class membership scores provide valuable information which 

should be considered by the performance measure. In a sense, the learning model produces 

decisions, as well as confidence in those decisions in the form of scores. Their values remain 

excluded from evaluation measures commonly used to assess classification or ranking per­

formance. The following sections aim to motivate the use of class membership scores in the 

performance analysis by discussing their advantages and disadvantages, and by discussing 

applications that can potentially benefit from the proposed method. 
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1.1.1 T h e use of class membersh ip scores 

Advantages of using the class membership scores are best illustrated using a realistic ex­

ample in an application domain. For instance, consider a learning system trained to decide 

whether a head injury patient should undergo a Computed Tomography (CT) scan in an 

emergency department of a hospital. 

With the absence of scores, a classification model identifies two groups of patients; those 

who require CT scans and those who don't. The class membership scores can help establish 

a priority (an order) of patients to undergo CT scans. However, an order provides little 

distinction between patients based on their need for a CT scan. The potential harmful 

effects, especially among children, due to the exposure to radiations associated with CT 

imaging have been well documented (Brenner and Hall, 2007). Therefore, an emergency 

department physician may be concerned with assessing the need to perform these CT scans. 

Such an assessment can be performed using the magnitudes of class membership scores 

assigned to patients so that patients who have the highest score values may be recommended 

to undergo urgent CT scans, whereas patients with lower scores are referred to alternative 

measures. Patients with low score may be held for further observation or may be discharged. 

Clearly in this case, the physician relies more on the. confidence in the decision rather than 

the decision itself. Perhaps this is one of the reasons why physicians prefer to deal with 

probabilities when making diagnoses. 

Consequently, it is common for medical studies to use statistical methods to analyze 

probabilities of decisions rather than simple classifications. However, a great deal of analysis 

may be needed to verify assumptions they may impose. Modern machine learning methods 

may not provide the structure nor the mechanism needed to perform such verification. 

For example, a physician may wish to inspect the conditional probabilities of individual 

attributes, used by a Naive Bayes model for example, to verify their independence. In this 

case, she is able to verify the assumption of attribute independence because the learning 

model provides these probabilities. However, more complex learning models may need to 

be treated with the "black box" approach which makes this verification task more difficult. 
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Furthermore, common learning models offer little guarantees that the class membership 

scores they produce qualify for the consideration as probabilities. In the case of the Naive 

Bayes method, it has been shown that despite its effectiveness as a classifier (even when 

its assumptions are violated), it tends to produce poorly calibrated1 scores (Bennett, 2000; 

Jiang and Zhang, 2006). Poorly calibrated scores make for poor probability estimates. 

Effectively, a potential lack of performance, coupled with the inability to verify assumptions, 

can lead to misleading results. Consequently, practitioners refrain from using these learning 

methods when there is little evidence of their expected performance. 

A disadvantage of using class membership scores lies in the interpretation of their values. 

Referring back to our example of head injury patients, the decision of where to draw the 

boundaries on the score values to order a CT scan remains subjective at best, and it requires 

domain knowledge and expertise. If the scores are good probability estimates, then the 

physician will be able to interpret their values with the aid of her medical experience. 

However, when the scores are not probabilities, this interpretation becomes more difficult. 

Despite the difficulty, if the physician is presented with a visualization of the scores 

to enable her to identify gaps between patients' scores, she may be alerted to potential 

similarities among groups of patient (those who are assigned similar score values). In this 

case, the physician may choose to focus on a group of patients for further assessment and 

to possibly draw more informative conclusions. The use of only classification decisions is 

limiting, and the application of ranking fails to show differences or gaps between patients. 

In order to focus on patients according to their needs for a CT scan, it is important that 

the magnitudes of their class membership scores be considered in the performance analysis. 

Finally, including the scores into the evaluation process allows us to better evaluate 

learning models. With our method, learning models can be compared based on how well 

they distinguish between individual data points. For example, evaluation penalties for clas­

sification errors made by the learning model with low confidence (lower score values), should 

be less than those given for errors made with higher confidence (higher scores). In this case, 

1 Probabilities may be calibrated by comparing their predicted values to their observed values in the data 
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the model indicates weaker confidence in the former errors than it does in the latter. It is 

misleading to penalize the model for both errors equally. Therefore, this dissertation devel­

ops an evaluation method that extends the existing ROC method to include these scores. 

An advantage of this extension lies in preserving classification and ranking performance 

information while representing the magnitudes of the scores themselves. 

1.1.2 Potent ia l appl icat ions 

Several applications and performance assessment strategies can benefit from the ability to 

visualize and compare class membership scores. We argue that the use of our evaluation 

method allows for making more informative performance-related observations based on score 

similarities and differences. 

In addition to medical decision-making applications illustrated earlier, the problem of 

assessing user preferences represents another class of suitable application domains. This 

is a well-established problem, yet little is currently available to compare such preferences. 

For example, user preferences apply in domains where the task involves selecting movies to 

view, cars to buy, books to read, documents to retrieve (in information retrieval domains), 

etc. In these domains, classification decisions convey whether alternatives are preferred or 

not, and ranking the choices, from most preferred to least preferred, can be obtained by 

sorting them according to their assigned score values. However, distances between ranks 

(which can show gaps) cannot be obtained unless we consider the score values themselves. 

Popular evaluation measures include accuracy, AUC, MSE score, and ROC curves. Ac­

curacy depicts the frequency of correctly deciding whether a choice is preferred or not, but 

it fails to distinguish between choices in the same class. The AUC depicts the probability 

of a preferred choice being ranked higher than a non-preferred one but conveys little about 

how far apart these choices are. The MSE score portrays the overall error of the probability 

of a given choice being preferred by the user or not. These three metrics fail to indicate 

which choices, among several preferred choices, are more desirable than others. Arguably, 

these metrics are designed to produce a summary of performance, they are not meant to 
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provide such information. However, this leaves us with one evaluation method useful to 

assess the performance in such applications; the ROC curve visualizes the trade off between 

true positive rates and false positive rates for all classification threshold values. It can also 

be shown that each line segment along the ROC curve represents an individual instance, 

or in this case, a viable choice. However, the ROC curve depicts the performance based 

on the ranking order of choices. It ignores the magnitudes of scores, thus, it fails to show 

differences between choices within the same rank, i.e., it fails to show gaps or differences in 

score values. In line with our positioning, Cortes et al. (2007) argues that determining if 

one data point is preferred over another is insufficient, rather, one may desire an assessment 

of the magnitude of the preference between the two points. 

For this reason, this research extends the ROC curve to include the magnitudes of class 

membership scores in a way that preserves ranking and classification performance infor­

mation. The resulting curve, our scored ROC curve, depicts the combined performance of 

classification and ranking weighted by the magnitudes of the scores. Our evaluation method 

measures not only the correctness of classification and rankings, but also the preservation 

of preference magnitudes. Such problems have been introduced by Cortes et al. (2007) and 

are relevant to many applications including; search engine design, movie recommendation 

systems, and similar ranking systems. 

1.1.3 A tool for research 

Another advantage of our evaluation method lies in its empirical value as a research tool. 

This thesis shows that the scored ROC analysis is able to detect similarities and differences 

among learning models, and it can measure changes in the underlying data distribution. 

The experimental results, presented in this work, show that it does so better than the ROC 

analysis. This section argues that these abilities offer a useful tool for researchers. 

In recent years, comparing the quality of class membership scores, produced by learning 

models, has captured the attention of many machine learning researchers. Their key interest 

lies in identifying which learning models produce better probability scores. In particular, 
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the Naive Bayes classifier has been widely criticized for producing poor probability estimates 

despite being an effective classifier (Bennett, 2000; Margineantu and Dietterich, 2002; Gross­

man and Domingos, 2004; Zhang and Su, 2004). Similarly, obtaining probability scores from 

probability estimating trees (PET) has become more common. The PET method repre­

sents a strong alternative to the Naive Bayes because the former is shown to produce better 

calibrated probabilities (Flach and Matsubara, 2007; Niculescu-Mizil and Caruana, 2005; 

Ferri et al., 2003; Provost and Domingos, 2003; Margineantu and Dietterich, 2002; Zadrozny 

and Elkan, 2002, 2001). To our knowledge, a method like ours remains unavailable. Con­

sequently, researchers resort to either using metrics that provide a summary of the overall 

performance (Brier score or MSE), or they rely on plotting sigmoid functions that depict 

the smoothness of scores independent of their ranking performance (Niculescu-Mizil and 

Caruana, 2005). While the former provides a scalar summary insensitive to individual data 

points, the latter fails to depict the learning performance and measures the smoothness of 

scores only. Therefore, these studies can benefit from using our method because it allows 

them to draw more meaningful conclusions due to its ability to visualize score assignment 

characteristics while preserving the ranking and classification performance. 

Machine learning algorithms assume that data is randomly drawn from the domain. The 

class distribution is assumed to remain unchanged between training and testing. Forman 

(2005) argues that, in practice, this assumption is often violated, which causes classifiers to 

struggle and probability estimates to deteriorate. Changes in the data distributions are not 

limited to class distribution only; learning in changing environments is a well-documented 

problem (Widmer and Kubat, 1996, 1998; Hand, 2006), and it is categorized by the type of 

change in the environment (Narasimhamurthy and Kuncheva, 2007). Changes include but 

are not limited to; population shifts (Kelly et al., 1999), concept drifts (Lane and Brodley, 

1998), sample selection bias (Hand, 2006), and changing class definitions (Hand, 2006). De­

tecting similarities and differences between models constructed from multiple data samples 

allows for the assessment of how well data sets represent the domain. While training and 

testing models in static data distributions produce similar performance, models constructed 
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Table 1.1: Weather data from (Witten and Prank, 2005). 

No. outlook temperature humidity windy play 

1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 

sunny 
sunny 

overcast 
rainy 
rainy 
rainy 

overcast 
sunny 
sunny 
rainy 
sunny 

overcast 
overcast 

rainy 

85 
80 
83 
70 
68 
65 
64 
72 
69 
75 
75 
72 
81 
71 

85 
90 
86 
96 
80 
70 
65 
95 
70 
80 
70 
90 
75 
91 

FALSE 
TRUE 
FALSE 
FALSE 
FALSE 
TRUE 
TRUE 
FALSE 
FALSE 
FALSE 
TRUE 
TRUE 
FALSE 
TRUE 

no 
no 
yes 
yes 
yes 
no 
yes 
no 
yes 
yes 
yes 
yes 
yes 
no 

and evaluated in changing environments may produce variations in performance. 

Our second experimental component demonstrates the ability of the proposed method to 

detect changes in the data distribution. Bennett (2000) argues that such changes impact the 

quality of probability estimates learned in the domain. Section 4.3.2.1 of this dissertation 

presents how the proposed method determines, what we define as, the appropriateness of 

scores by comparing their values to their class labels. It can be shown that this process 

makes the method sensitive to the distribution of scores over data points. Thus, if the data 

distribution varies between training and testing, our method can be expected to reflect these 

changes in the class membership scores. Therefore, we test such property by conducting an 

experiment to detect performance differences in a changing environment. 

1.2 Extending the ROC curve 

To support of the motivations of this research, this section presents an example that com­

pares information conveyed by both methods, the ROC and the scored ROC methods. It 

demonstrates information absent from the former but is depicted by the latter. This exam-
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Table 1.2: Sample results for the Weather data. 

No. Label Classification Rank Score 
( p l a y ) (threshold = 0.5) 

7 
3 
13 
12 
9 
5 
10 
6 
4 
1 
8 
11 
14 
2 

yes 
yes 
yes 
yes 
yes 
yes 
yes 
no 
yes 
no 
no 
yes 
no 
no 

yes 
yes 
yes 
yes 
yes 
yes 
yes 
yes* 
no* 
no 
no 
no* 
no 
no 

* Incorrect, classifications. 

pie also demonstrates the extension of the standard ROC analysis to include the scores. 

The example uses the Weather data used to decide whether to play a game based on 

observed weather conditions (Witten and Frank, 2005). Table 1.1 lists 14 sample days for 

which the weather conditions are recorded along with the decision label (play). A machine 

learning algorithm is applied to this data set to produce the sample class membership scores 

shown in the last column of Table 1.2. While sorting the instances by their score values 

produces the rankings shown in the second-last column, imposing a 0.5 threshold on the 

scores results in classification decisions listed in the middle column of the same Table. 

First, consider the sample learning results shown in Table 1.2. If we restrict the focus to 

the classification results only, we are able to assess the accuracy of the decisions. However, 

we are unable to make any observations that relate instances to each other. Based on 

classifications only, we're unable to distinguish between instances seven and ten. If we 

expand the focus to include the order of results (without the rank values), we can observe 

that instance seven is ranked much higher than ten, because the learning model conveys 

1 
1 
1 
1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 

1 
1 
1 
1 

0.96 
0.93 
0.89 
0.66 
0.49 
0.43 
0.30 
0.29 
0.04 
0.01 
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Standard ROC Curve Scored ROC Curve 
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Figure 1.1: Visualizing the ROC curve (left) and the proposed scored ROC curve (right) 
for Table 1.2. Line segments correspond to indicated instances. 

higher confidence in the former being more positive than the latter. The magnitude of 

this confidence becomes more evident if we consider the rank values which can be treated 

as scores. These rank scores allow us to determine distances between instances based on 

the confidence of the model is in its prediction. It is important to state that assessing the 

learning results by relating instances can be valuable because it allows for grouping the 

observation (the identification of similarly scored instances). For instance, if we consider 

the instances in the top rank (rank one), we may be able to recommend them for further 

investigation because the learning model puts them all in the same rank. However, the 

magnitude of this distinction cannot be determined by the rank values only. If we consider 

the class membership scores (last column of Table 1.2), we can see that the learning model 

clearly groups instances seven, three, thirteen, twelve, nine, and five in the top ten percent 

of the scoring scale [0,1]. After instance ten, we can see a significant gap (0.89 - 0.66 = 23 

percent) to the next score value. Clearly, the learning model provides strong confidence in 

this group of instances being positive. 

However, not all scores are equally informative. For example, if we compare the rank 

values assigned to instances seven and ten, we can determine that they are three ranks-

steps apart. However, such distance is dependent on observing instances nine and five. Had 

they been absent, instance ten would have been assigned rank two. Furthermore, scores 
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may be difficult to interpret for many reasons including, in the case of rank values, their 

lack of normalization. This suggests that the rank values are not necessarily good scores. 

Alternatively, if we compute the distance based on the class membership scores (the last 

column of Table 1.2), then, the distance between instances seven and ten is one minus 0.89 

which equals to 0.11 regardless of other instances between them. 

The above arguments demonstrate the ability of class membership scores to convey 

information relevant to the performance of the learning model with a higher resolution 

of discrimination between data points than that of classification and ranking. Chapter 3 

positions this research based on a comparative framework that organizes common machine 

learning tasks using such information. 

From a visualization perspective, the left plot of Figure 1.1 shows the corresponding 

ROC curve for results presented in Table 1.2. The ROC curve represents each instance by 

a line segment, and while those representing positive instances are drawn vertically, those 

that represent the negatives are plotted horizontally. The sequence of plotting these line 

segments follows the decreasing order of ranks starting at the origin (0,0) and ending at the 

point (1,1) in the space. The right plot of the same Figure shows the corresponding scored 

ROC curve for the same set of results. Plotting the scored ROC curves follows a similar 

strategy as the standard ROC with one difference: the slopes of individual line segments 

follow the magnitudes of class membership scores assigned to respective instances. The 

numbers beside each line segment, in both plots, show the corresponding instance numbers 

as listed in Table 1.2. Using the two curves, we proceed to illustrate information absent form 

the standard ROC curve but is added by the proposed scored ROC curve. The objective is 

to justify the extension of the ROC curve as a contribution of this thesis. 

1.2.1 Information absent from the R O C analysis 

The ROC curve is designed to depict the ranking performance. Visually, it displays an 

arrangement of line segments each of which represents an individual data point (see Figure 

1.1). The ROC treats the positives differently than it does the negatives. However, it 
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fails to distinguish between individual positives, or individual negatives. This failure is 

evident in the left plot of Figure 1.1, where all the positives are drawn vertically and all the 

negatives are plotted horizontally. This lack of discrimination between individual points 

limits the ability of grouping similar points to one of two options: the correct class (positive 

or negative) or the correct ranking (positives before negatives). 

Furthermore, inspecting the ranking values of the top seven rows of Table 1.2 reveals 

that the top four instances all have the same rank (one), and the subsequent three instances 

have three different ranks (two, three, and four). A quick glance at the ROC curve in the 

figure shows that their corresponding line segments form a vertical line. Within this line, the 

rearrangement of individual line segments does not impact the resulting ROC curve itself. 

Without considering their scores, any re-arrangement of these instances produces a vertical 

line. Effectively, this says that all the top seven instances have the same rank. We propose 

that this situation is misleading due to the failure of distinguishing between individual 

instances. A similar argument can be made for the last two line segments corresponding to 

instances fourteen and two (in the top right of the ROC curve). While their ranks are not 

equal, they are treated equally by the ROC curve because they are both plotted horizontally. 

This inability to distinguish between instances extends to errors as well. For example, 

instances four and eleven are both rnisclassified positives which axe treated equally by the 

ROC. However, the learning model provides less confidence in eleven being positive than 

it does in four. The former has a score of 0.29, almost half that assigned to instance four 

(0.49). The scores suggest that instance eleven is more likely a negative (it is closer to 0), 

whereas instance four is difficult to predict (its score is near 0.5). We propose that the error, 

made by the learning model in this case, is more evident for the former than the latter. 

Ideal rankings, when all the positives are ranked higher than all the negatives, cause 

the ROC curve to make a single change in direction from climbing vertically to running 

horizontally. Concavities in the ROC curve indicate ranking errors. Every positive instance 

causes the curve to climb vertically by one step, and negative instances produce horizontal 

runs. When they are ranked incorrectly (negatives being ranked higher than positives), they 
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cause concavities (Flach and Wu, 2003, 2005). Such is the ROC curve segment starting with 

instance six and ending with instance eleven in Figure 1.1. There are two concavities, the 

first occurs between instances six and four, and the second appears between eight and 

eleven. These two concavities would have an identical dip in the curve if either instance 

one or eight was absent. This means that the difference between the two concavities relies 

on observing negative data points at higher ranks rather than their scores. 

With a lack of sensitivity to the scores, it is difficult to identify gaps or measure dif­

ferences between data points using the standard ROC curve. This difficulty is due to the 

omission of the scores from the ROC analysis. It can be argued that the ROC curve was 

designed to eliminate the scores from the process. In this section, however, we illustrate 

that the scores provide valuable information which the ROC is unable to depict. With this 

criticism, we do not advocate the replacement of the ROC method with a new one, but 

we justify its extension to include the scores to take advantage of its features. With such 

an extension, the proposed scored ROC curve adds prediction confidence information (the 

scores) to combine the evaluation of classification, ranking, and scoring by a single method. 

1.2.2 Information added by scored R O C curves 

The sample learning results listed in Table 1.2 are obtained by training and testing a 

learning model on data from Table 1.1. The corresponding ROC and scored ROC curves 

are presented in the left and in the right graphs of Figure 1.1 respectively. 

Following arguments made in the previous section, we begin by considering the top seven 

instances of the results which correspond to line segments along both curves starting at the 

origin. In the scored ROC curve (in the right plot of the Figure), we can see that the first 

four instances produce vertical line segments because their scores are equal to one. Changing 

their order produces little effect on the curve. However, line segments corresponding to the 

subsequent three instances (number nine, five, and ten) have gradually increasing slopes 

and cause the curve to become more convex. This effect is a result of plotting the slopes 

proportional to the scores. Placing any of these three instances in between the previous 
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four (those with rank one) results in a concavity along the curve because their line segments 

are not vertical due to their scores being less than one. Effectively, the scored ROC curve 

makes a visual distinction between these instances whose scores differ. This conclusion is 

different than that previously drawn from the ROC curve, and it shows that the shape of the 

scored ROC curve does not depend on the ranking order only, but also on the magnitudes 

of the scores that express the confidence in predictions. Similarly, the scored ROC shows 

that instances fourteen and two have similar scores. Their corresponding line segments are 

almost horizontal. They actually have different slopes of very small values. This says that 

these two instances are negative with very little difference between them. Thus, the scored 

ROC curve depicts similarities and differences among instances by comparing the slopes of 

their corresponding line segments. 

Following the same rationale as in the previous section, the two ranking errors (instances 

four and eleven) produce two corresponding concavities in the scored ROC curve as well 

(see the right plot of Figure 1.1). The first concavity appears between line segments six and 

four, and the second is between eight and eleven. However, this second concavity is more 

pronounced than the first one due to the pairwise difference in their corresponding scores 

(compare their corresponding scores in Table 1.2). The scored ROC curve weights each line 

segment by the score assigned to the data point it represents. This weighting process is 

described in details in Chapter 4. Visually and unlike the standard ROC, the scored ROC 

curve is able to distinguish between data points based on their score values despite their 

incorrect order. 

The added ability to discriminate between any pair of instances based on their scores 

allows the scored ROC curve to identify and to measure score gaps and differences. For 

example, the curve in the right plot of Figure 1.1 makes a sudden and pronounced change 

in direction between line segments ten and six. This says that the scores assigned to their 

associated data points have dropped dramatically. In addition, another pronounced change 

in direction occurs between line segments eleven and fourteen also on the same curve. In 

Table 1.2, the two highest score gaps are found between instances ten and six, and between 
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eleven and fourteen. Hypothetically, these two score gaps can be used to partition the data 

set into three distinct groups of instances. The top seven instances appear to be similar 

when considering their scores. Their line segments along the scored ROC curve have similar 

slopes. The next group of points begins with instance six and ends with instance eleven, 

and the final group consisting of the remaining two instances whose scores are lowest. 

In summary, this example illustrates that the standard ROC curve fails to distinguish 

between individual data points in one class, and that our extension to it enables the resulting 

scored ROC curve to be sensitive to the scores assigned to individual data points while pre­

serving their ranking performance information. In addition, this example demonstrates the 

ability of the proposed method to identify gaps and measure differences between individual 

data points. This ability allows for the grouping of data points based on the confidence of 

the learning models in its predictions. This example shows that this information is absent 

from the ROC curve and is added by the scored ROC curve. 

1.3 Existing performance measures 

In this section, we look at other ways of evaluating the performance of learning models. We 

highlight their shortcomings and discuss how our method does not suffer in the same way. 

The accuracy metric is well-established and commonly used to measure the frequency 

of making correct classification decisions. Accuracy is an overall rate of correct classifi­

cation decisions for all classes. This makes it prone to reporting inaccurate performance 

when faced with highly unbalanced data (Provost et al., 1997). Accuracy has also been 

shown to be less consistent and less discriminant between classes than the area under the 

standard ROC curve (AUC) (Ling et al., 2003b). Other scalar metrics can also be used to 

analyze the performance of classification; these include precision and recall which can be 

combined to produce the F-measure. Such metrics report the performance for individual 

classes, however, the main disadvantage of using them, with respect to this research, is 

that they are designed to produce an overall scalar summary of performance. Therefore, 
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they are unable to distinguish between individual data points. Evaluation methods that 

produce a two-dimensional representation of performance may be able to address the above 

disadvantage. These include; lift curves (Flach, 2004), DET curves (Fawcett, 2003), relative 

superiority graphs and LC index (Fawcett, 2003), and cost curves (Drummond and Holte, 

2006). However, these methods assess the performance based on the decisions but ignore 

the confidence of the model represented by class membership scores. 

Recently, Wu et al. (2007) proposed a method to incorporate score margins into the 

AUC, called sAUC. Their idea is to detect the existence of fixed-size score gaps between 

positive and negatives data points. Effectively, this measures how quickly the AUC, under 

the standard ROC curve, deteriorates when the scores assigned to the positive instances 

are decreased. They argue that when evaluating the performance of binary classification, 

both scores and ranks should be combined. This leads to an important feature of the sAUC 

method in that it incorporates score-related information into the AUC metric. However, 

our method differs from theirs in many ways. While our method weights the standard ROC 

curve by the absolute values of the scores, theirs relies on score differences being greater than 

a fixed gap. In addition, they measure these score gaps only between positive and negative 

data points, which limits their assessment to the positives versus the negatives. In contrast, 

our method relies on the values of the scores themselves, which enables the visualization 

of score differences and gaps of any size between any pairs of instances regardless of which 

class they belong to, i.e., our method can distinguish between data points in one class, 

theirs cannot. This says that we report a different kind of performance information than 

they do. Our method depicts the performance of ranking combined with the magnitude of 

confidence in predictions conveyed by the class membership scores. Their sAUC method 

relates to the behavior of the AUC, under the standard ROC, if the positive scores are 

decreased. Furthermore, our method develops the actual scored ROC curve, and they only 

develop the sAUC metric which is a summary of a different kind of performance. 

The above performance measures are designed to evaluate the performance of classifica­

tion and ranking tasks only. Probability estimates tasks are evaluated by the mean squared 
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error (MSE), also known as, Brier score (Brier, 1950). However, the Brier score takes into 

account probability estimates but not rankings, and the AUC accounts for the ranking 

performance but not the scores (Flach and Matsubara, 2007). Our method measures the 

performance while taking into account all three tasks of classification, ranking, and scoring. 

Probability estimating tasks remain a separate issue when it comes to performance analysis. 

Evaluating scores that are not probabilities is a subjective task by nature. Their inter­

pretation impacts the selection of the performance measure. In the current state, there is 

little to no evaluation measures that can assess the quality of scores, which leaves a gap in 

the area of performance analysis. Our work aims to address this gap and proposes a visu­

alization method that allows users to compare scores, so that they can draw informative 

conclusions. Our experimental results illustrate the ability of our proposed method, the 

scored ROC method, to detect similarities as well as differences between learning models 

based on the scores they produce. In addition, our experiments show that the proposed 

method can measure such similarities and differences bettor than the standard ROC. 

1.4 Research Contributions 

This research makes several novel contributions on two levels: methodological and practical. 

While the former lies in the curve construction, strategies, and analysis presented in this 

thesis, the latter relates to the use of our method to conduct scientific investigations. The 

specific contributions of this dissertation include: 

• The use of a comparative framework of learning tasks in which: 

— a learning task conveys performance information in its outcome, 

— performance information is expressed with various granularity and can be ab­

stracted or specialized based on the desired learning task, and 

— the performance analysis makes use of such information without eliminating in­

formation or imposing additional assumptions. 
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• The construction of an evaluation method that: 

— extends the classic ROC analysis to include class membership scores, 

— provides an evaluation and visualization method based on individual scores, 

— combines the performance of classification, ranking, and scoring, 

— measures similarities and differences between learning models, 

— is sensitive to data in changing environments, and 

— enhances the detection of performance similarities and differences among models 

constructed from: 

* benchmark data, 

* data sampled from static distributions, and 

* data drawn from a changing domain. 

1.5 Organization 

This thesis contains 6 chapters. Chapter 2 provides a comprehensive review of evaluation 

methods available in the machine learning literature. The objective is to present a tech­

nical background of our research area. Chapter 3 presents arguments that position this 

research among related existing work in the machine learning community. This positioning 

is centered on a detailed discussions of the comparative framework used to organize com­

mon machine learning tasks based on performance-related information. Chapter 4 presents 

our novel method that incorporates class membership scores into the ROC curve. It also 

illustrates how a scored ROC curve is constructed as an extension of an existing algorithm 

that plots the ROC curve. In addition, this chapter presents a proof that a scored ROC 

curve can be reduced to a standard ROC curve by eliminating the scores from the analysis. 

Chapter 5 presents experimental design and results in two components. The first dis­

cusses empirical results of measuring performance similarities and differences between var­

ious learning models. These models are constructed from benchmark data set obtained 
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from the UCI repository (Asuncion and Newman, 2007). The second empirical component 

illustrates the abilities of the scored ROC method in changing domains. Such changes re­

sult in performance differences between learning models which, we show, are captured by 

our method. In both components, we compare conclusions made by the scored ROC curve 

against those made using the standard ROC curve. Finally, Chapter 6 concludes with a 

summary of results, analysis and achievements made by this research. The chapter also 

explores possible future research directions including issues related to the design of our 

method and to its potentials in assessing the performance of learning models. 



Chapter 2 

Background 

This chapter provides a technical background needed for this research. It reviews principles 

and techniques related to the development of the proposed evaluation measure. Such prin­

ciples include classification, ranking, and estimating class membership scores which may be 

probabilities. We review a collection of evaluation methods commonly used to evaluate the 

above learning tasks. Among them is the Receiver Operating Characteristics (ROC) curve 

analysis on which we focus a great deal. The reason for this focus is that our proposed 

curve analysis method extends the ROC curve to include class membership scores. 

2.1 Classification, ranking and scoring 

Following the description of Flach and Matsubara (2007), we let X be a set of n instances 

where the ith instance is a vector .TJ of values for attributes A\, • • • An. 

In a classification task, a classifier is a mapping c : X —>• C where C is a set of labels 

with binary classification being a special case where C = {+,—}• A scoring classifier is 

a mapping s : X —» M which estimates and assigns scores s(xi) for each Xi G X. For 

simplicity, we assume that the score s{xi) relates to the expectation of instance x% being 

positive; therefore, instances with higher scores have higher expectation of being positive 

than those with lower scores. Consequently, ordering instances in X by a decreasing order 

20 
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Table 2.1: The confusion matrix for testing a learning model. 

Labels + 

Predictions 
Y N 

tp 

fp 
fn 
tn 

F P 

of their s scores produces a ranking of X. When a scoring classifier produces scores as 

probability estimates of instances being positive, then it is called a probability estimator 

which produces a mapping p : X -» [0,1], where p(x) is taken as an estimate of the 

posterior p(+\x). 

Ranking is an order with potential ties represented by an equivalence relation over X 

(Flach and Matsubara, 2007). A ranker is a function represented as f : X x X -¥ {>, =, <} 

that decides, for any pair of examples, whether the first is more likely (>), equally likely 

(=), or less likely (<) to be positive than the second. It is important to point out that a 

ranker may or may not produce scores for instances; thus, a scoring ranker produces scores, 

which may well be probabilities, then ranks the instances in their order of score values. A 

non-scoring ranker produces an order or ranks of instances without providing any scores. 

Binary classifications can be obtained from scores, ranks, or probabilities, by using a 

fixed threshold to decide whether data points are above or below the decision threshold. 

Those that are above (or equal to) the threshold are classified as positives, otherwise, they 

are classified as negatives. This shows that a classification task ignores the magnitudes of 

ranks, scores, or probabilities and focuses on the class labels. In ranking tasks, the emphasis 

is on the order of data points, and in scoring, the objective is to estimate class membership 

scores which may represent probability estimates. 
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2.2 Performance Analysis 

The process of evaluating the performance of learning involves training a learning model (a 

classifier, a ranker, or a probability estimator) on a set of training examples. Once trained, 

the resulting model is asked to make predictions on a set of test instances whose labels 

are known (supervised learning). Thereafter, the corresponding predictions and their labels 

are compared to determine if they match. This comparison produces the confusion matrix 

shown in Table 2.1. The rows of this matrix represent the number of test instances that 

are labeled positive or negative, denoted by n+ and n~ respectively. Therefore, the size of 

the test data set n is equal to n + + n~. The columns of Table 2.1 represent the number 

of instances predicted by the learning model as positives and as negatives, entries p+ and 

p~ also respectively. This confusion matrix depicts the correct and incorrect proportions of 

the predictions. 

When comparing predictions to class labels, there are four possible outcomes for each 

instance in the test set. A correctly classified instance is one whose label matches its 

corresponding prediction made by the learning model. Thus, this instance may represent 

a true positive or a true negative which are denoted by tp and tn entries in Table 2.1 

respectively. An incorrectly classified instance can be a positive instance, classified as 

negative, or a negative instance classified as positive. These are known as false negatives 

or false positives respectively, and they are denoted by fn and fp entries in Table 2.1 also 

respectively. Therefore, the confusion matrix shows the proportions of true positives, false 

negatives, false positives, and true negatives instances resulting from testing the learning 

model on the particular test data. 

It is clear that such a confusion matrix reports the correctness of classification decisions 

made by the learning model; however, a scoring classifier, a scoring ranker, or a probability 

estimator produce class membership scores, rankings, or probabilities for test instances 

respectively. In such cases, generating the confusion matrix may be less obvious. Such 

tasks need to bo turned into a classifier to produce a confusion matrix, and therefore, a 
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fixed threshold is needed to make classification decisions. The process is intuitive, if the 

score of a particular instance is greater than, or equal to, the threshold value, it is classified 

as a positive instance, otherwise, it is classified as a negative instance, and entries to the 

confusion metric can be populated. 

Any performance metric that relies on entries from this confusion matrix, shown in 

Table 2.1, is susceptible to ignoring the magnitudes of the scores, the class membership 

scores assigned to instances by the learning model, and it can only base its measure of 

performance on classification decisions. The reason for such susceptibility is that these 

scores are used for the sole purpose of comparison against the classification threshold, 

then the entries summarize the observed correct and incorrect classifications. The most 

commonly used evaluation methods in machine learning, other than Brier (1950) score or 

MSE and Information Gain (Kononenko and Bratko, 1991), begin with the population of 

such confusion matrices. Therefore, most fail to account for score magnitudes in their 

analysis. 

Other useful rates can be computed from this confusion matrix and its entries. These 

are shown in Equations 2.1, 2.2, 2.3, 2.4, and 2.5. 

True Positive Rate tpr = - 4 (2.1) 
n+ 

fv 
False Positive Rate fpr = - ^ (2.2) 

fn 
False Negative Rate fnr = —- (2.3) 

n+ 

tn 
True Negative Rate tnr = — (2.4) 

Class Skewness c = —- (2-5) 
n+ 

Subsequent sections review commonly used evaluation metrics, used by machine learning 

researchers, to measure the performance of common learning tasks including classification, 

ranking, or probability estimation. 
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2.2.1 Classif ication performance 

Perhaps the most commonly known performance metric, is the accuracy. It is widely used 

due to its natural definition that measures the ratio of correctly classified instances in a 

data set. This metric reports the proportion of data which is correctly classified as a per­

centage. Classification error can be computed by 1 minus the accuracy. For completeness, 

the accuracy and the error rate are computed using entries obtained from the confusion 

matrix shown in Table 2.1 and substituting them in Equations 2.6 and 2.7 respectively. 

Accuracy = (2-6) 

Error Rate = 1 - Accuracy = 1 - ^ ± - ^ = fn + fP (2.7) 
n n 

In principle, the accuracy metric measures classification performance. When the learn­

ing model is a classifier, the metric can be used after the confusion metric is populated; 

however, if the model produces class membership scores, which may be used for ranking or 

as probabilities, it needs to be converted into a classifier in order to use the accuracy metric. 

This conversion may defeat the purpose of constructing a ranker or a scoring model. The 

interest of constructing such models is in the rankings or in the probabilities it produces. 

In recent years, the accuracy metric has come under heavy criticism by many studies 

(Provost et al., 1998; Lavrac et al., 1999; Cortes and Mohri, 2004; Fawcett, 2003; Flach, 

2003; Ling et al., 2003b; Wu et al., 2007; Law, 2008). Ling et al. (2003a) shows that ac­

curacy is inappropriate for measuring learning performance due to its inconsistency and 

its inability to discriminate between classes as per their definitions. In the general view of 

evaluation, accuracy has several weaknesses that has many researchers looking for an alter­

native evaluation metric, particularly, the AUC metric described later in this chapter. The 

first shortfall of accuracy lies in that it requires a fixed threshold on the values of the scores 

(ranks or probabilities). The fixed threshold results in the accuracy's inability to respond to 

changing class or cost distributions (Wu et al., 2007). Obtaining good accuracy for a given 

threshold value is hardly relevant to the accuracy obtained with another. Furthermore, 
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when the number of instances belonging to the majority class in the data set is significantly 

larger than those in the other class, it is easy to obtain good performance with accuracy re­

gardless of the model's ability to distinguish between the classes. This shows that accuracy 

handles class distribution imbalance poorly and fails to assess the performance properly. 

To deal with this problem, Flach (2003) measures the accuracy weighted by class skew 

and as defined in Equation 2.8. Class skewness is the ratio of class distribution c = ^ r . 

When c = 1, the resulting accuracy metric is reduced to Equation 2.9 and is interpreted by 

the average classification accuracy on the positive and the negative classes. 

^•nf -4- c( 1 — f'DT] 

Class-Skew Sensitive Accuracy = (2.8) 

Class-Skew Insensitive Accuracy = = (2-9) 

Also in dealing with class distribution imbalance, Lavrac et al. (1999) computes an 

alternate version of accuracy known as the Weighted Relative Accuracy (WRAcc). The 

weighted relative accuracy can be computed sensitive or insensitive to class skew as shown 

in Equations 2.10 and 2.11 respectively. 

Weighted Relative Accuracy Insensitive to Class Skew = tpr — fpr (2-10) 

Weighted Relative Accuracy Sensitive to Class Skew = —^-—;—-^— (2-11) 
4c(tpr — fpr) 

TT+W2 

In information retrieval research, other metrics are used to analyze the quality of infor­

mation being retrieved. In such tasks, the learning model should retrieve an appropriate 

volume of information precisely. This measurement is known as recall and precision, and 

can be combined by the F-measure. These two metrics have been used to evaluate the 

performance of document classification as relevant or irrelevant (Lewis, 1990, 1991). The 

assumption, in this case, is that the set of documents remains static and does not change 

over time. Such an assumption may not hold in many applications. While recall measures 

the proportion of successfully retrieved relevant documents, precision depicts the proportion 
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of relevant documents among those retrieved. Using entries in the confusion metric of Table 

2.1, precision and recall are defined by Equations 2.12 and 2.13 respectively. 

Precision = - ^ (2.12) 
p+ 

Recall = -% (2.13) 

Information retrieval tasks may be designed to produce weights, scores, or probabilities 

to indicate the relevance of documents to the query, to help determine a ranking of docu­

ments ranging from most relevant to least relevant. The result is a list of ranked documents 

that may be cut off at some point to eliminate the large volume of undesired documents 

because a query often retrieves a large collection of documents. In text classification, how­

ever, a collection of documents belonging to the desired class is readily available for training, 

whereas in information retrieval applications, relevant and irrelevant documents are defined 

by a query used to retrieve them. At the time of retrieval, some documents may not be 

available for training, or the query may be refined, after training, to better retrieve rele­

vant documents. Therefore, the collection of training document can vary over time. This 

situation suggests that the class distribution may change, which makes the simultaneous 

optimization of precision and recall difficult (Fisher et al., 2004). 

To understand such problems, researchers use a two-dimensional representation of the 

trade-off between precision and recall over all threshold values, known as precision-recall 

curves. The idea is to plot values of precision against values of recall for all threshold values. 

Fawcett (2003) shows that, like accuracy, precision and recall curves suffer from the same 

effect when it comes to class skewness, when one class is more prevalent than the other. 

Conclusions about classifier performance made by precision and recall metrics differ when 

there is a shift in the class distribution. Similar to the accuracy metric, precision can be 

weighted to become sensitive to class skewness (Flach, 2003) as shown in Equation 2.14. 

tw 
Class-Skew Sensitive Precision = :— (2-14) 

tpr + cfpr 
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Table 2.2: Sample class membership scores. 

Labels Scores 

+ 0.80 
+ 0.70 

0.60 
+ 0.40 

0.30 
0.20 

The F-measure is a metric which combines both precision and recall into a single scalar 

metric by averaging fp and fn rates (Rijsbergen, 1979; Flach, 2003). It is defined by 

Equation 2.15, and like accuracy and precision, the F-measure can also be modified to 

become sensitive to class skewness as shown in Equation 2.16 (Flach, 2003). 

2tpr 
Class-Skew Insensitive F-measure = (2.15) 

tpr + fpr + 1 

Itpr 
Class-Skew Sensitive F-measure = : (2-16) 

tpr + cfpr + 1 

Finally, class skewness is related to class priors that represent the probability of obtaining 

a positive instance from the domain. Kononenko and Bratko (1991) presents an evaluation 

method that computes the information gain based on incorporating class priors into the 

evaluation metric which uses the number of correct classifications. Their idea is based 

on calculating the entropy of information gain and assigning a relative score for a learning 

model applied in a given domain. Like Brier score (Brier, 1950), this information gain-based 

evaluation measure represents a summary of performance rather than assessing individual 

instances. 

2.2.2 Ranking performance and t h e R O C analysis 

The Receiver Operating Characteristics (ROC) curves have been used to visualize and 

organize classifiers based on their ranking performance (Fawcett, 2003). The ROC curve 
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originates in signal detection theory to represent the trade-off between hit rates and false 

alarm rates (Egan, 1975; Swets et al., 2000) and has been used to analyze the accuracy of 

diagnostic systems (Swets, 1988) and in medical studies (Zou, 2002). 

The first introduction of ROC curves in machine learning is presented by Spackman 

(1989) who shows how to use their analysis to evaluate and to compare learning models. Due 

to their wealth of information and robustness to class skewness (unequal misclassification 

costs), they have become increasingly more popular (Fawcett, 2003; Flach, 2003, 2004). 

The ROC curve produces a visual representation of the performance associated with 

a prediction model, whether it is a classifier (scoring or non-scoring), a ranker (scoring or 

non-scoring), or a probability estimator. The ROC curve is constructed from classification 

decisions using entries in a series of confusion matrices similar to that illustrated in Table 

2.1 on page 21. When generating an ROC curve, a threshold on class membership scores, 

produced by the learning model subject to the evaluation, is imposed to obtain classification 

decisions for instances to populate the confusion matrix. Varying this threshold from 0 to 

1 produces several classifiers each with its own confusion matrix, and for which the true 

positives rates are plotted against the rates of the false positives. Thus, each threshold 

value is plotted as a point. Joining the points builds the ROC curve based on classification 

decisions made by the model for all possible threshold values. 

For example, Table 2.2 gives sample scores produced by a learning model on six sample 

instances. The corresponding ROC plot is shown in Figure 2.1. The ROC space possesses 

particular features. Each point in the ROC space represents a classification result or a 

confusion matrix. Point (0,0) is the trivial classification of only negative predictions, which 

results in the zero values for the true positive rate and also for the false positive rate. Sim­

ilarly, point (1,1) represents the trivial classification of only positive predictions where all 

positive instances are classified correctly and all negative instances are incorrectly classified 

as positives. The increasing diagonal line represents the random performance where the 

classification of an instance as positive or as negative is based on random chance. The top 

left corner, point (0,1), is the point of optimal performance because it depicts a 100% true 
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Figure 2.1: The ROC Curve for Table 2.2 

positive rate and a 0% false positive rate. Finally, point (1,0) represents the performance 

of a learning model whose predictions are always inverted, i.e., one that always classifies 

positive instances as negatives and vice-versa. 

The performance of a learning model is desired to be above the diagonal random per­

formance line toward the north-west corner of the plot. In this case, it can be said that the 

performance is better than random. If the performance of the model is situated toward the 

bottom-right corner of the graph and below the random diagonal, it can be said that the 

performance is poor. However, a model whose performance is below random and is located 

toward the bottom right corner of the space, arguably, contains useful information that is 

being used incorrectly (Flach and Wu, 2003). In this case, inverting its predictions will 

invert the performance about the diagonal line. 

A learning model whose performance is close to random represents the worst case because 

its performance is of little use. This significance question is addressed by Forman (2002). 

As an illustration, consider Figure 2.2 in which model D exhibits perfect classification 

performance, model E shows better classification performance on the negative class, models 
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Figure 2.2: Comparing classification models in the ROC space (Fawcett, 2003). 

A and D show the trade-off between tpr and fpr in their classification, and finally, model 

C shows classification performance very close to random. The latter is considered the worst 

classification performance. 

We saw in Section 2.1 that a learning model can be designed to produce more than just 

class labels. Only few learning models, particularly rule-based models, produce class labels 

only. Fawcett (2003) calls such models "discrete" classifiers. Many learning algorithms are 

designed to produce class membership rankings, scores, or probabilities for instances, and 

they can be turned into classifiers. Imposing a varying threshold value on these scores results 

in a series of confusion matrices which correspond to points in the ROC space. Connecting 

such points of adjacent threshold values is valid and depicts a random performance between 

them due to the lack of knowledge of the performance between them (there is no other 

confusion matrix available in between the two points). This situation is illustrated in 

Figure 2.3 which shows the connection of two such points in the ROC space. While the 
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Figure 2.3: Connecting points to form an ROC curve (Fawcett, 2003). 

upper part of the dotted box is considered an optimistic estimation of best classification 

performance, the lower part represents a pessimistic expectation. The dashed line shows 

the random performance. In this manner, the sequence of points in the ROC space forms 

the ROC curve, which represents the performance for all threshold values (Wu et al., 2007). 

While the performance of a single model can be examined by inspecting its ROC curve, 

the performance of multiple models can be compared by comparing their respective ROC 

curves. For instance, consider the ROC curves shown in Figure 2.4. Model B, in the left 

plot of the figure, exhibits better performance than model A because its corresponding 

ROC curve dominates that of model A in most of the space except in the top right corner, 

there, model A shows better performance than B. However, model B shows better average 

performance than model A. In the right plot of Figure 2.4, the ROC curve associated with 

model B clearly dominates that of model A, because all points belonging to B are located 
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Figure 2.4: ROC curve dominance (Fawcett, 2003). 

above (or the same as) those of A. 

If we consider points on the individual ROC curves, we observe that model A, in the 

right plot of Figure 2.4, represents a discrete model which produces two scores. This is 

depicted by two line segments connecting a single ROC point to (0,0) and to (1.1) on 

either side. Furthermore, model B in the same plot has several line segments connecting 

many ROC points that form the ROC curve. This suggests that model B is a scoring 

classifier that produces several score vahies (in this case B is a probabilistic classifier). The 

analysis of ranks, scores, and probabilities in the ROC space are presented in more detail 

in Section 2.2.6 of this chapter. 

2.2.3 Area U n d e r t h e Curve ( A U C ) 

To simplify the process of comparing models, the ROC curve can be reduced to a one-

dimensional scalar metric by computing the area under the curve, the AUC (Hanley and 

McNeil, 1982; Bradley, 1997). This section describes the AUC scalar metric which aggre­

gates the performance over all decision thresholds into a single scalar value (Fawcett, 2003; 

Wu et al., 2007). Traditionally, classification error has long been used to measure the per-
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formance of classification methods (Mitchell, 1997). However, in recent years, arguments 

against the accuracy (Provost et al., 1998; Ling et al., 2003b) have concluded that the AUC 

is a better performance measure than accuracy (Ling et al., 2003b). 

The AUC metric has gained popularity with the introduction of ROC curves to the 

machine learning community (Spackman, 1989; Fawcett, 2003). perhaps, the premise of its 

popularity is due to its relation to the Wilcoxon-Mann-Whitney statistic Hanley and McNeil 

(1982). Flach (2007) suggests four equivalent interpretations for the AUC as: the expectation 

that a uniformly drawn random positive is ranked before a uniformly drawn random negative, 

the expected proportion of positives ranked before a uniformly drawn random negative, the 

expected true positive rate if the ranking is split just before a uniformly drawn random 

negative, and the expected proportion of negatives ranked after a uniformly drawn random 

positive. Intuitively, the above defines the AUC as a metric to measure the ability of 

distinguishing between the positive and the negative class in a binary class setting. When 

it comes to classification problems, the AUC has been shown to be a better measure (Ling 

et al., 2003b; Provost et al., 1998) and a classifier can be developed by optimizing the 

AUC for the purpose of classification (Calders and Jaroszewicz, 2007). Balcan et al. (2007) 

establish a relationship between the AUC and accuracy based on reducing the ranking task 

to a classification task. 

The estimation of the AUC can be done under parametric (Zhou et al., 2002), semi-

parametric (Hsieh and Turnbull, 1996), and non-parametric (Hanley and McNeil, 1982) 

assumptions. The latter is mostly used in machine learning by a series of summation of the 

area of trapezoids formed by connecting point on the ROC curve (Wu et al., 2007; Fawcett, 

2003). The AUC is equivalent to the Wilcoxon-Mann-Whitney U statistic test of ranks 

(Hanley and McNeil, 1982). The remainder of this section provides a detailed description 

of how the AUC can be calculated. 

The AUC coincides with the Wilcoxon-Mann-Whitney statistic and the probability of 

correct pairwise rankings (Hanley and McNeil, 1982). For instance, if x^ is a randomly 

chosen positive example and x~ is a randomly chosen negative, and if r(x^) and r(x7) 
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Table 2.3: Sample data X with scores st and rankings r. 

i 

1 
2 
3 
4 
5 
6 
7 
8 
9 
10 

Label 

+ 
+ 
+ 
+ 
-
+ 
+ 
+ 
-
-

«i 

1.0 
1.0 
1.0 
1.0 
1.0 
0.8 
0.8 
0.8 
0.8 
0.8 

n 
4 
4 
4 
4 
4 
3 
3 
3 
3 
3 

i 

11 
12 
13 
14 
15 
16 
17 
18 
19 
20 

Label 

+ 
+ 
-
-
-
+ 
-
-
-
-

St 

0.4 
0.4 
0.4 
0.4 
0.4 
0.0 
0.0 
0.0 
0.0 
0.0 

n 
2 
2 
2 
2 
2 

are their corresponding ranks respectively, then, the AUC is the probability of r(xf) being 

greater than the probability of r(x~), which is the probability of st > s3 where sz and 

Sj are the scores assigned to xz and x3 respectively. This represents the probability of 

(r(x+) > r(x~)), and is calculated by Equation 2.17. 

1 n T n 

where 

n^n 
(2.17) 

I{xJ,x} ) = < 

1 if r{x+) > r(x~) 

\ if r(x+) = r(ar~) 

0 if r(.-£+) < r(x~) 

(2.18) 

To illustrate how the AUC is calculated, consider sample data set X shown in Table 2.3. 

Each instance xz is ranked based on its associated score where equal scores have the same 

rank. For simplicity, we produce rankings r in a decreasing order to indicate that higher 

ranks are towards the top of the list which reflects higher likelihood of being positive. For 

instance, an instance xt whose rank r{x%) = 4 is expected to be positive more than an 

instance x3 whose rank r(x0) = 1. For each rank r, we calculate entries of the columns 
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Table 2.4: AUC Calculations for Table 2.3. The columns represent the rank r, the classi­
fication threshold t, the instance score s, the number of positive instances n+ ranked at r, 
the number of positive instances n+ ranked above r, the number of negative instances n~ 
ranked at r, the number of negative instances n~ ranked below r, the true positive rate tpr 
for t, and the false positive rate fpr for t. The ROC curve is shown in Figure 2.5. 

A B C D 

r t 

1 0.0 

2 0.4 

3 0.8 

4 1.0 

AUC = 

s 

0.0 

0.4 

0.8 

1.0 

l 
n+nr 

rank—r 

1 

2 

3 

4 

-E(Qx 
S = l 

77 77. rank>r rank-

9 4 

7 3 

4 2 

0 1 

Bi + -Cj x Ai) = 

-r rank<r 

:0.75 

0 

4 

7 

9 

tpr 

10 
10 
9 
10 
7 
10 
4 
10 

/ p r 

10 
10 
6 
10 
3 
10 
1 

10 

presented in Table 2.4. These values are used to compute the AUC and to plot the ROC 

curve by plotting the true positive rate tpr against the false positive rate fpr. 

At this point, classic ROC analysis can be employed to assess the classification perfor­

mance for all threshold values of t. In such analysis, the decision of classification is based on 

comparing the score Si against t to determine whether Si falls above or below t indicating 

a positive or a negative classification. The magnitudes by which Si scores exceed or fall 

short of t are excluded from the analysis. The corresponding ROC curve for this example 

is shown in Figure 2.5. 

2.2.4 Confidence in t h e R O C analysis 

In order to compare the performance of learning models in the ROC space, it is necessary 

to measure the variance of performance. The use of multiple tests sets produces a collection 

of ROC curves for a given learning model. These ROC curves need to be combined or 

averaged to make conclusive and significant remarks regarding the model's performance. 

To this extend, Fawcett (2003) presents several methods of how to average a collection of 

ROC curves. We briefly review them in this section. 
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Figure 2.5: The ROC curve for Tables 2.3 and 2.4 

The first is method combines results from testing the learning model by cross-validation 

or bootstrapping. It merges instances associated with each fold according to their assigned 

scores using the merge sort method. Fawcett (2003) argues that the downside of this 

method lies in its failure to provide a measure of the variance. Therefore, ROC curves, 

resulting from testing the model on various samples of the data, need to be averaged by 

projecting them onto a single dimension so that conventional methods of averaging can 

be used. This, however, raises questions concerning the appropriateness of the projection 

method itself (Fawcett, 2003). Projection methods follow the vertical averaging and the 

threshold averaging schemes presented in (Fawcett, 2003). 

Projection-based methods have been used to average ROC curves in (Macskassy et al., 

2005b; Macskassy and Provost, 2004) by constructing ROC confidence Bands (Macskassy 

et al., 2005a). The vertical averaging method examines consecutive fpr values and averages 

the tpr rates of several ROC curves for each fpr value (Provost et al., 1998). However, a 
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weakness of this approach lies in the lack of independent control over the model's fpr 

values (Fawcett, 2003; Macskassy et al., 2005b). Threshold averaging attempts to remedy 

this weakness by holding constant the threshold values of the learning model rather than 

its fpr values (Fawcett, 2003). This method of averaging selects a subset of uniformly 

distributed thresholds from the sorted set of all thresholds used by the ROC curves being 

averaged. For each such threshold values, the threshold averaging method identifies the set 

of ROC points that would be generated using that threshold on individual ROC curves. 

Then, it computes the mean and standard deviations generated for the fpr and tpr values 

of those points. This produces the mean ROC point as well as vertical and horizontal 

confidence intervals (Macskassy et al., 2005b; Macskassy and Provost, 2004). 

For a more detailed description of averaging ROC curves and constructing ROC confi­

dence bands, we refer to (Fawcett, 2003; Macskassy et al., 2005a,b; Macskassy and Provost, 

2004). These methods are not directly related to this research, rather, they relate to the 

ROC analysis in general. 

2.2.5 Other graphs related t o t h e R O C 

This section briefly describes alternate performance graphs and plotting spaces related to 

the ROC space, particularly, Cost Curves (Drummond and Holte, 2006), Coverage Space 

(Friinkranz and Flach, 2005), DET Graphs (Martin et al., 1997), and Relative Superiority 

Graphs (Adams and Hand, 1999). 

Cost curves are designed to measure the expected cost of classifier performance for the 

full range of possible class distributions and misclassification costs (Drummond and Holte, 

2006). They depict classifier performance given specific misclassification costs and class 

probabilities. Essentially, cost curves are able visualize classification performance rather 

than ranking performance. The cost of performance, in this case, is represented in terms 

of misclassification cost, namely by C(—1+) and C{+\—). If we assume that the cost of 

misclassifying a positive instance C(—\+) is equal to the cost of misclassifying a negative 

instance C(+|—), then, the expected cost becomes the error rate of misclassification. An 
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operating point is defined by p(+), the probability of an instance belonging to the positive 

class. In this setting, cost curves plot the error rate as a function of p(+). The error rate 

is shown on the y-axis and p(+) is plotted on the x-axis. 

When x = p(+) = 0, this means that all instances are classified as negatives and the 

error rate becomes the error rate on the negative examples. When x = p(+), the same 

situation occurs for all instances being classified as positives and the error rate, in this case, 

represents the error rate on the positive instances. If we join these two points with a line, we 

plot the performance of the classifier as a function of p(+). In general, the y-axis represents 

the normalized expected cost of misclassification (performance) and the x-axis represents 

the probability cost function PCF(+) calculated as shown in Equation 2.19. 

^ ( + ) % ( + ) C ( !
( , : r +

( ; ( ' - ) > c , + l - , 
where C(—\+) is the cost of misclassifying a positive (the cost of a false negative), C(+ | —) 

is the cost of misclassifying a negative (the cost of a false positive), p(+) is the probability 

of a positive, and p(-) = 1 — p(+) is the probability of a negative. 

Cost curves and ROC curves are closely related by a line/point duality relationship. 

This means that a point in the ROC space is represented by a line in the cost space and 

vice-versa (Drummond and Holte, 2006). A point (fpr,tpr) in the ROC space is represented 

by the line shown by Equation 2.20, and a line in the ROC space whose slope is S with a 

y-intercept tpro is plotted as a point in the cost space which has the coordinates shown in 

Equations 2.21 and 2.22. 

y = (fnr - fpr) x p(+) + fpr (2.20) 

x = p{+) = TTs (2-21) 

Y = (1 - tprQ) x p(+) (2.22) 

For illustration, consider the sample data listed in Table 2.3 on page 34. The correspond­

ing ROC curve is shown in Figure 2.5 on page 36, and the resulting cost curve is shown in 
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Figure 2.6: The Cost Curve for for Table 2.3 

Figure 2.6. Each ROC point in Figure 2.5 produces a line in Figure 2.6. The lower envelope 

produced by the intersecting lines in Figure 2.6 represent the operating performance of this 

classifier. Additional details can be found in (Drummond and Holte, 2006). 

Coverage Space is a close relative of the ROC space and is described in (Friinkranz 

and Flach, 2005). They visualize the performance of covering rule learning algorithms in a 

space variant of the ROC space The idea of coverage space is similar to the ROC space 

but without normalization to produce the rates. For instance, a point in the ROC space 

is located by the coordinates fpr and tpr for the X and Y axis respectively. In coverage 

space, the same point would be located at fp and tp for the X and Y axis respectively. 

Simply, coverage space is identical to an ROC space but plots absolute numbers rather than 

normalized rates. The Y-axis shows the number of the positive instances and the x-axis 

shows the number of the negative instances. When the data has an unequal number of 

positives to negatives, the coverage space is a rectangular space rather than squared, as it 

is the case for the ROC space Coverage space can be converted into an ROC space by 

simply normalizing the coordinates along the x-axis by the number of negatives, and along 
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the y-axis by the number of the positives. 

Another relative graph to the ROC plot is the DET graph proposed in (Martin et al., 

1997). It represents a complimentary method to the ROC. DET graphs plot the false 

negative rate instead of the true positive on the y-axis. They represent a plot of both errors 

against each other, the fnr against the fpr (Fawcett, 2003). In addition, DET graphs are 

log scaled on both axis such that the area on the bottom left of the graph is expanded 

and corresponds to the top left corner of the ROC plot. The idea is based on that good 

performing models tend to be located in that area of the plot. Therefore, a DET graph sets 

the focus on the area of interest in the context of performance. 

The final graph in this review related to the ROC graph is the Relative Superiority 

Graph and the LC Index (Adams and Hand, 1999). The LC (Loss Comparison) index is a 

measure of confidence of superiority. It is used as a transformation of the ROC curve so 

that the comparison of learning models is based on the cost of learning. Their argument 

follows that the exact cost of information is rare, but some information of the learning cost 

is always available (Adams and Hand, 1999). They argue that an expert may be unable 

to specify the cost of misclassification but may define the cost of one error relative to the 

other. This method maps the ratio of costs onto the interval [0,1], then, transforms a set of 

ROC curves into parallel lines showing which line, representing a learning model, dominates 

in which segment of the interval. Relative Superiority Graphs can be viewed as a binary 

version of cost curves (Fawcett, 2003). 

2.2.6 Scores and rankings in t h e R O C analysis 

Perhaps the most important aspect of the ROC analysis related to this research is the role 

of class membership scores, probabilities and rankings in the ROC space. Fawcett (2003) 

states that the most important feature of the ROC analysis is that it measures the model's 

ability to assign good relative scores to data points. These scores are used to order instances 

according to the expectation of being positive. These act like rankings, and therefore, this 

can be paraphrased to say that the ROC analysis measures the model's ability to produce 
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Figure 2.7: Classification in the ROC space (Fawcett, 2003). 

a good ranking of the instances. Fawcett (2003) also points out that the scores are not 

required to be accurate, calibrated probabilities. This is clear from that the ROC analysis 

eliminates their use once classification decisions are made. The reason for this exclusion is 

based on that the ROC curve measures the ability to discriminate between the positive and 

the negative classes. 

To illustrate the role of class membership scores in the ROC space, Fawcett (2003) 

presents Figure 2.7. The ROC curve in this figure shows that for some value of classifi­

cation threshold (higher than 0.6), this model produces perfect classification. If the class 

membership scores, it produces, are calibrated probabilities, then, a threshold value of 0.5 

makes sense. However, Figure 2.7 shows that threshold value of 0.5 produces higher error 

than 0.6 which is also less than optimal. By inspection, we can see that 0.5 or 0.6 as the 

threshold value produces less than optimal accuracy in this case. The optimal performance 

occurs for a threshold value higher than 0.6. This indicates that if these scores are prob­

ability estimates, then they are not properly calibrated. Despite this problem, the ROC 

curve is able to show an optimal performance due to its ability to measure the distinction 



CHAPTER 2. BACKGROUND 42 

between the two classes, because it aggregates the performance for all threshold values (Wu 

et al., 2007). An ROC curve contains information about classification decisions and ranking 

performance; however, the quality of the scores remains absent from the analysis. Despite 

their absence, when these scores are probability estimates, they may be calibrated using 

the ROC convex-hull curve or by using other probability calibration methods. These are 

explained in detail later in this chapter. 

Making a discrete (a non-scoring) classifier produce class membership scores (turn it 

into a scoring classifier) results in various quality of scores. The easiest method to do so 

is to use multiple classifiers and combine their predictions (by voting) to produce scores. 

The MetaCost system presented in (Domingos, 1999) bags an ensemble of discrete classifiers 

and combines their votes to produce class membership scores. Alternatively, the confidence 

of a rule, produced by a rule learner, can be used as a scoring method (Fawcett, 2001). 

Finally, scores can also be produced by exploiting specific features of the learning algorithm. 

Fawcett (2003) calls for "looking inside" the classifier and using instance statistics as scores. 

Decision trees are a popular example of this approach where class proportions in the leaves 

can serve as scores (Provost and Fawcett, 2001). Several learning algorithms have been 

studied extensively and are found to produces probability estimates. Such are: Probability 

Estimating Trees (Zadrozny and Elkan, 2001; Margineantu and Dietterich, 2002; Provost 

and Domingos, 2003; Ferri et al., 2003; Zhang and Su, 2006), Naive Bayesian Classifiers 

(Zadrozny and Elkan, 2001; Jiang and Zhang, 2006), and lexicographic rankers (Flach and 

Matsubara, 2007). 

2.2.7 Probabi l i ty e s t imates and t h e R O C convex-hull 

The method of generating the ROC curve can be made to exploit the monotonicity of 

classification thresholds, where every instance, classified as positive with respect to a given 

threshold, remains classified as positive for all thresholds of lower values (Fawcett and 

Niculescu-Mizil, 2007). This algorithm is described in detail in Section 4.2 of Chapter 4. 

For each instance, this algorithm incrementally makes a single-step move in the vertical 
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Figure 2.8: ROC convex-hull of a single model (Fawcett and Niculescu-Mizil, 2007). 

or in the horizontal directions of the ROC space based on whether the instance is labeled 

positive or negative, respectively. The step-size of these moves are normalized by 4p in the 

vertical direction and by ^ r in the horizontal direction to form line segments which make 

up the ROC curve. 

The ROC convex-hull of an ROC curve is introduced in (Provost and Fawcett, 2001) 

which shows that a classifier is optimal, if and only if, it lies on the convex-hull connecting 

the ROC points. The ROC convex-hull is a piecewise-linear curve which is always concave-

down, and it represents connecting the optimal models in the ROC space. An optimal 

learning model in the ROC space is the one located closest to the north-west corner of the 

graph. The slopes of line segments along the hull are monotonically non-increasing with 

k — 1 discrete values, where k is the number of component classifiers that make up the hull 

including the end points of the space. An illustration is shown in Figure 2.8. The dashed 

curve represents the ROC convex-hull and is made up by joining line segments connecting 

the optimal ROC points. The solid curve is the ROC curve. 
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A line segment on the hull represents a tie among instances it covers. For a single clas­

sifier, the convex hull can be interpreted as an isotonic transformation of the original model 

designed to maximize the area under the ROC curve by repairing concavities in the ROC 

curve (Flach and Wu, 2003, 2005). The slopes of individual line segments are computed by 

Equation 2.23 where pos and neg are the numbers of the positives and negatives respectively 

in the group of instances of equal scores, and skew = ^ , the ratio of positives to negatives 

(Fawcett and Niculescu-Mizil, 2007). 

pos/n+ 1 pos 
slope = !—!-,— = — x — (2.23) 

neg/n skew neg 

Fawcett and Niculescu-Mizil (2007) shows how the above slopes of individual line seg­

ments can be mapped into probability estimates once the class distribution, or skew, is 

known. Independently, Flach and Matsubara (2007) show that the calibration of proba­

bility estimates is linked to the ROC convex hull. Therefore, the slope of line segments of 

the convex-hull represent calibrated probability estimates for instances they cover. To cali­

brate the probability scores, produced by the learning model, they recommend constructing 

the ROC curve with the associated convex-hull, then, using the slopes of line segments as 

a probability estimates for instances covered by them. Such process is also illustrated in 

(Fawcett and Niculescu-Mizil, 2007) and is shown to be equivalent to isotonic regression 

(Zadrozny and Elkan, 2001). Methods of constructing the ROC convex-hull are omitted in 

this review because of their lack of relevance to this research; however, we provide a brief 

listing of them for completeness. Initially, Provost and Fawcett (2001) brought forward 

a method that generates the ROC convex-hull, but recently, Fawcett and Niculescu-Mizil 

(2007) presented an alternative, more efficient method. They call it the PAV algorithm 

designed to calibrate probability estimates. The PAV method uses the Pool Adjacent Vi­

olators algorithm and is based on an isotonic regression calibration method. They show 

that the PAV algorithm is equivalent to the method used by Provost and Fawcett (2001). 

Independent and similar results are presented by (Flach and Wu, 2005), where they improve 
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the performance of a learning model by rearranging the class membership scores to repair 

concavities on the ROC curve. They claim; such technique can be used to improve the 

probability scores due to the isomorphism between the ROC curve and the PAV algorithm 

(Fawcett and Niculescu-Mizil, 2007). 

2.2.7.1 Calibrating probability scores 

In decision-making tasks, the value of obtaining calibrated probability estimates relies on 

making reliable estimates of the true probability that each instance belongs to the class 

of interest (Cohen and Goldszmidt, 2004; Bennett, 2000). However, some learning mod­

els are prone to producing poor probability estimates (Fawcett and Niculescu-Mizil, 2007; 

Niculescu-Mizil and Caruana, 2005). Extensive studies have been conducted to improve the 

quality of probability estimation produced by decision trees and by Naive Bayes methods 

(Zhang and Su, 2006, 2004; Ferri et a l , 2003; Margineantu and Dietterich, 2002; Provost 

and Fawcett, 2001; Zadrozny and Elkan, 2001), and studies in (Fawcett and Niculescu-

Mizil, 2007; Flach and Matsubara, 2007; Zadrozny and Elkan, 2002; Provost and Fawcett, 

2001; Niculescu-Mizil and Caruana, 2005; Caruana and Niculescu-Mizil, 2006) are focused 

on calibrating probability estimates. 

The assessment of probability scores calibration is based on measuring their Brier score 

value which is also known as the mean squared error MSE (Brier, 1950). However, this 

metric provides a scalar summary of the over all assessment. In forecasting models, proba­

bilities are assessed based on calibration and refinement (DeGroot and Fienberg, 1983). In 

machine learning, the former has become more popular than the latter. In this section we 

focus on probability calibration and briefly discuss its refinement. 

The notion of calibration compares the estimated value of a parameter to its previously 

known value to determine whether the estimate is an over or under estimate and adjusts 

accordingly. For instance, if a statement says; an event occurs with probability of 80%, then, 

we can calibrate this estimate by conducting trials while recording observations of how many 

times the event occurs. If the event occurs only 65% of the time (less than 80%), we can 
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say that statement is an over estimate, and it can be calibrated down to 65%. However, if 

the event occurs 90% of the time (more than 80%), then, the statement is an underestimate 

and can be calibrated up to 90%. The idea is to adjust the probability estimate to better 

reflect the true probability by measuring its observed value. 

Following notation presented in Section 2.1, we define probability calibration as pre­

sented in (Fawcett and Niculescu-Mizil, 2007). A scoring classifier is defined as a mapping 

s : X —> R which assigns scores s(xl) € R instances xt G X. Calibrating these s(a;2) scores 

produces a mapping m such that m(s(xz)) —> [0,1] is an estimate of the posterior probabil­

ity of instance xz being positive (Fawcett and Niculescu-Mizil, 2007). Finding this mapping 

m is known as calibration. Instead of using a scoring classifier, one can use a probability 

estimator which, as described in Section 2.1 of this chapter, is a mapping p : X —> [0,1]. 

However, these probabilities may not be calibrated. To calibrate them, a mapping m is 

needed to produce m(p(xl)) —» [0,1] as calibrated posterior probabilities of belonging to the 

positive class. Methods of calibrating probabilities can be based on parametric estimation 

(Piatt, 1999), binning (Zadrozny and Elkan, 2001), or non-parametric isotonic regression 

(Zadrozny and Elkan, 2002). The PAV algorithm (Fawcett and Niculescu-Mizil, 2007) is 

also among such methods and was discussed in the previous section. 

A second property of probability estimates, which can be used to compare them, is 

refinement. DeGroot and Fienberg (1983) compare probability estimates of two classifica­

tion models in terms of calibration and refinement. Refinement measures how close the 

probability estimates are to zero and one. Similar assessment can also be carried out in the 

context of positive and negative examples. For instance, a scoring classifier (or a probability 

estimator) is desired to assign scores close to one for the positives and scores close to zero 

for the negatives. In such a case, the model produces refined scores that clearly distinguish 

between the positives and the negatives. It can be argued that the AUC under the ROC 

curve is maximized when scores are refined with a low classification error. It is preferred 

to construct a more refined classifier; however, refined scores may not produce good prob­

ability estimates, and therefore, calibration is emphasized as the primary concern when it 
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comes to probability estimation. A Naive Bayes model is an example of a refined but poor 

probability estimator (Zhang, 2004). 

2.3 Chapter summary 

This chapter presents a review of methods used to evaluating classification, ranking, and 

class membership score estimation in binary class problems. The performance of classifica­

tion is measured, naturally, by the accuracy metric (or 1 - error rate), but has been criticized 

in (Provost et al., 1998; Ling et al., 2003b). The performance of ranking tasks is measured 

by the ROC curve (Fawcett, 2003; Provost et al., 1997; Provost and Fawcett, 2001) and 

associated analysis. An ROC curve is a two dimensional representation of performance for 

all threshold values, and its ability to respond to changing class or cost distributions makes 

it better suited for the task. Consequently, the area under the ROC curve becomes more 

appropriate than accuracy when summarizing classification performance. Measuring the 

quality of class membership scores as probability estimates is usually done by computing 

the mean squared error, or Brier score (Brier, 1950). The calibration of these probabili­

ties is related to the ROC convex-hull curve (Fawcett and Niculescu-Mizil, 2007; Provost 

and Fawcett, 2001; Flach and Matsubara, 2007), and several methods can be used to cali­

brate scores and probability estimates. Finally, many well-established learning methods are 

able to provide calibrated, good estimates of class membership probabilities (Zadrozny and 

Elkan, 2001, 2002; Caruana and Niculescu-Mizil, 2006; Niculescu-Mizil and Caruana, 2005; 

Wu et al., 2007). 

Reviews presented in this chapter provide a technical background used to help position 

the contributions of this dissertation among related evaluation methods. This positioning 

and related work are discussed in more detail in Chapter 3. 



Chapter 3 

Positioning 

In supervised learning, a problem may be represented by various learning tasks that convey 

diverse information about class memberships of data points. Classification, ranking, scoring 

and probability estimation are such tasks commonly used to construct learning models. This 

chapter presents a comparative framework that organizes these tasks based on information 

relevant to the performance assessment process. Within this framework, we identify a gap 

in the performance analysis literature, and we argue that the contribution of this research 

fills this gap by extending a well-established evaluation method. In this process, the chapter 

presents a positioning of this research among closely related evaluation methods available 

in the machine learning literature. 

In this research, a learning task refers to the construction of a learning model that 

solves a corresponding problem in a domain. The distinction between tasks relates to how 

their associated models express class memberships for individual data points. This may be 

done by classifications, ranks, scores, or probability estimates. For instance, the example 

discussed in Chapter 1 deals with the task of deciding whether to play an outdoor game 

based on weather conditions data. The learning task, corresponding to this problem, may 

involve classification that produces decisions directly, or it can be based on computing ranks, 

scores, or probabilities form which decisions can be obtained. Such is the distinction used 

to categorize learning tasks throughout this chapter. 

48 
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3.1 Information content of common learning tasks 

A classification task relies on a classification model to make decisions that categorize indi­

vidual data points into appropriate classes. A binary classification task is a special case that 

makes decisions on two classes usually referred to as the positive and the negative class. 

In the multi-class settings, there are more classes which are often nominal. However, the 

classification task remains the same. An ordinal classification task extends the multi-class 

settings to include an order among classes. Effectively, this order has implications on class 

memberships of individual points. For instance, consider the classification of asthma pa­

tients who are experiencing exacerbations in the emergency department of a hospital. They 

may be classified in mild, moderate, and severe classes whose order relates to the severity 

of the asthma exacerbation. In this case, the order may imply an exclusive patient mem­

bership in one class, because concluding a mild severity of exacerbations, for example, can 

hardly suggest the suffering of a severe episode. Alternatively, the classification problem 

can be presented as: patients who are classified in a severity class higher than mild are 

admitted for observation or treatment, otherwise, they are discharged. Such classification 

allows for the interpretation of the AUC metric to be meaningful in the context of one class 

(mild) versus the others. However, the outcome of this learning task remains, nonetheless, 

a classification decision despite the class order. 

A ranking task produces an order of the data points from the most positives, placed at 

high ranks, to the least positives, positioned at low ranks. Intuitively, a good ranker ranks 

the positives towards the top and places the negatives towards the bottom of the ordered 

list. Ranking can be depicted by a simple order or by assigning rank values to individual 

instances. Sorting them by their rank values produces the desired order. Scoring is a 

mechanism that enables the learning model to express confidence in the class memberships 

of individual instances. Therefore, they are called class membership scores. When these 

scores are probabilities, the task becomes a probability estimation task, which is an informed 

case of a scoring task and involves the modeling of posterior probability distribution of class 
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Types of Learning Tasks and Their Outcomes 
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Figure 3.1: Information content of common machine learning tasks. 

memberships given the training data. In this case, the scores reflect the probabilities of 

individual data points belonging to the positive class. 

The premise of this thesis relies on utilizing a comparative framework, shown in Figure 

3.1, to organize these learning tasks based on their outcomes. The outcome of a learning 

task conveys information that can be used by the performance evaluation method. The 

figure shows that the outcome of a classification task is the labels it assigns to instances, 

and for a ranking task, the outcome is their order. While a scoring task produces class 

membership scores, a probability estimation task is a more specific kind of a scoring task. 

It estimates class membership probabilities and assigns them to individual instances. 

In this dissertation, we claim that these learning tasks can be organized by the increasing 

order of their information content as illustrated in Figure 3.1. For instance, the outcome of a 

classification task is a yes or a no decision. It indicates whether, or not, an instance belongs 

to the positive class. With decisions only, distinguishing between instances predicted in the 

same class is difficult. In a ranking task, the outcome is an order so that more, or less, 

positive instances can be identified relative to a given instance. Therefore in this case, we 

are able to compare pairs of instances but fail to detect gaps or compute distances between 
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them. Alternatively, the learning model may be made to produce ranking values to help 

determine ranking gaps and compute ranking distances between them. These ranking values 

can be considered as scores, however, the example presented in Section 1.2.1 of Chapter 1 

illustrates that using the ranks to compute distances or to detect gaps between data points 

can be misleading. The reason for this problem relates to that the ranks show the order of 

points and ignore the magnitudes of their scores. 

Based on the confidence of the learning model in its predictions, the scores describe 

an order and magnitudes of class memberships in the positive class. On the one hand, a 

considerable amount of information is needed to interpret the scores in the domain, because 

the interpretation depends on the method used to estimate them. This is a considerably 

difficult task more often than not, and to deal with this issue, some learning algorithms 

estimate probabilities of class memberships, because they can be easily interpreted in the 

domain using principles of statistics. However, estimating scores on the other hand, is 

less cumbersome than estimating probabilities. The latter estimate requires substantial 

knowledge of the domain and may impose requirements or make assumptions in the domain. 

For instance, the Naive Bayes method requires that individual attributes be indepen­

dent, and to be useful, individual probability values of attributes need to be non-zeros (to 

prevent the majority of class probabilities from being zero). This illustrates that it is nec­

essary to understand that the Naive Bayes algorithm relies on Bayes rule of conditional 

probabilities. This understanding can indeed be beneficial, because it enables the explana­

tion of predictions based on Baye's formula being used. However, such understanding may 

not be attainable for other, more complex methods. In addition, such an understanding 

of the estimation method is necessary for the purpose of performance assessment. This 

requirement may prevent the black-box treatment of the learning model. Finally, probabil­

ity estimation methods may impose assumptions in the underlying distribution from which 

data is drawn. For example, the class distribution may be assumed to remains constant, 

and the data distribution may be assumed to be static (does not change over time). The vi­

olation of such assumptions have been argued in (Widmer and Kubat, 1996, 1998; Forman, 
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2005; Hand, 2006). 

The ability to distinguish between instances depends on the granularity of predictions 

made by the learning task. Ties, or small differences, between predictions represent sim­

ilarities between data points as expressed by the learning model. However, large gaps in 

their scores represent large differences between them and can be of value (Cortes et al., 

2007). Using the CT scan patients example presented in Section 2.2.6 of Chapter 1, if the 

learning model produces similar scores and assigns them to a group of such patients, which 

are significantly different from scores assigned to other patients. This suggests that this 

group of patients have similar needs to undergo a CT scan. Such a distinction between pa­

tients, when correct, can alert the physician to differences in patients needs for treatment. 

Ignoring the scores by considering decisions or ranks without the magnitudes of the scores 

makes the assessment process insensitive to such similarities or differences. 

Ling et al. (2003b) describes this property as the "discriminancy" of a measure. While 

a classification task distinguishes between positive and negative instances, a ranking task 

separates them based on how high (or how low) they are placed in an ordered list. The gap 

between them is determined by the availability of instances rather than by the strength of 

their class memberships. The latter is usually conveyed by their scores. In other words, 

ranking is an order of data points, thus, the ranking gap between two points is determined 

by observing other data points ranked and placed between them. If we compare the same 

two points in isolation, the ranking order can only convey which of the two ranks higher 

than the other. However, if we consider the magnitudes of their respective scores, it is 

possible to determine a gap between them (by subtraction) irrespective of the presence 

of other data. The same argument applies when the scores are probabilities. Probability 

scores represent a particular type of class membership scores, but they also provide such 

information. However, estimating probabilities is a more difficult task. 

It is obvious that a prediction conveyed by a multi-valued score is more likely to dis­

tinguished between instances more often than a binary classification decision (a two-values 

score). On the one extreme, classification is considered to be the least informative task. It 
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represents an abstract task that produces yes or no decisions, with the least granularity. 

On the other extreme, probability estimation represents the most informative task capa­

ble of describing the probability distribution, learned from the domain. This additional 

information content is a result of the ability, of probabilistic methods, to exploit statisti­

cal theories and principles while potentially making assumptions or imposing restrictions. 

Probability estimation methods, we claim, are restrictive and inflexible due to being para­

metric in nature. They provide powerful tests and are most specialized with a high degree 

of granularity. One can argue that nonparametric methods can also be used. They require 

fewer assumptions, but they are also offer reduced statistical power (Motulsky, 1995). 

In addition, the selection of parametric or nonparametric test is an informative decision 

that requires the assessment of data. Motulsky (1995) presents guidelines of how to choose 

from parametric or nonparametric tests. He points out the hazards of applying a parametric 

test to data obtained from a non-Gaussian distribution, and argues that applying a non­

parametric test to data from a Gaussian distribution results in a loss of statistical power. 

Furthermore, the decision of which test to select relies on two main assumptions: one, a 

large amount of data is drawn form the domain, and two, this data drawn randomly. We 

argue that data collected in real-life domains is more likely to be collected by "convenience" 

than randomly, thus, the randomness assumption may often be violated. With respect to 

the size of data drawn form the domain, Motulsky (1995) points out that the size is a 

difficult issue to determine. Therefore, we argue that the use of statistical tests should not 

be practiced without the consideration of a magnitude of issues to ensure the applicability 

of statistical theories. Of course, using statistics offers substantial testing power, however, 

one needs to assess the data and select an appropriate test to their desired trade off be­

tween imposing assumptions and gains in testing power. We claim that such issues present 

difficulties in real-life domains. 

In our framework, probability estimating tasks have the highest information content. As 

posterior probabilities contain sufficient information for all types of performance measure, if 

they can be readily estimated, they should be. Our claim, however, is that often this is not 
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the case. Either sufficient information is not available or, too often, probability estimates 

are made but are poor as the underlying assumptions are not met. The aim therefore is to 

use the most informative measure possible given the least assumptions. 

3.2 Converting learning tasks 

Conversions between tasks, in either direction, can be achieved by abstraction or by special­

ization, but these operations are not meant to be the inverse of one another. A specialized, 

more informative task can be abstracted by ignoring some information. In other words, a 

specialized task can be made to convey the same information as that of a more abstract task 

because the latter conveys less information. For instance, ignoring assumptions, required 

for probability estimation, allows for the treatment of probability scores as though they 

are just scores. Sorting instances in a descending order of their probability estimates, or 

their scores while ignoring their magnitudes, produces a ranking order (Flach and Matsub-

ara, 2007). Finally, comparing class membership probabilities, scores, or rank values to a 

threshold results in classifications while ignoring their magnitudes and their order (Fawcett, 

2003). 

Converting a task in the other direction is rather cumbersome. Specializing more ab­

stract, less informative tasks requires a considerable amount of information usually unavail­

able. Fawcett (2003) suggests "looking inside" the classification model itself to determine 

recorded instance statistics. Decision trees, for example, can compute probability score 

estimates (Provost and Domingos, 2003), and the confidence of a rule can also be used to 

produce scores (Fawcett, 2001). Finally, an ensemble of discrete classifiers can be combined 

to produce the frequency of votes as scores (Domingos, 1999). Such methods involve access­

ing information internal to the learning algorithm, which requires inspecting the structure 

of the learning model, and potentially, further processing the data. 

Intuitively, if sufficient information is available to describe how the scores are estimated, 

we may be able to consider the scores as probabilities. Nonetheless, it is necessary to 
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gain an understanding of the learning algorithm structure to examine and, possibly, to 

verify assumptions it makes. With a lack of such information, existing evaluation methods 

eliminate these scores and reduce the learning task to a ranking task, to a classification 

task, or to a combination there of (Fawcett, 2003). 

3.3 Positioning within existing literature 

The position of this research relies on scoring tasks as part of the comparative framework 

illustrated in Figure 3.1. We claim that there is a gap in the machine learning literature 

when it comes to the evaluation of scoring tasks. Our arguments follow two rationales: the 

first relies on questioning the quality of probabilities (e.g. poor estimates) which can neces­

sitate their assessment as scores, and the second, argues that existing performance metrics 

including accuracy, AUC and Brier score are designed to summarize the performance, which 

makes them unable to provide the necessary distinction between individual data points when 

measuring performance similarities or differences (e.g. gaps in scores or the lack there of). 

In this case, the ROC performance curve is a useful, well-established evaluation method de­

signed to visualize the ranking performance. Its ability to represent individual data points 

has been demonstrated by Fawcett and Niculescu-Mizil (2007). However, despite its wealth 

of information (Flach, 2004), the ROC analysis ignores the magnitudes of the scores (Wu 

et al., 2007), but it still can provide a useful base for a new valuation method. The scored 

ROC curve extends the ROC curve to include the score magnitudes, and therefore, it is 

capable of assessing the performance of a scoring task without reducing it to a ranking. 

3.3.1 T h e quality of probabil i ty e s t imates 

In practice, probability estimates can fail to represent probabilities, a case in which most 

researchers convert the probability estimating task into a ranking to enable the performance 

assessment by the ROC curve. In Section 3.2, we argue that this conversion results in a 

reduction in information made available for the process of performance assessment. This 
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reduction is a consequence of a shortage in current evaluation methods, which are unable to 

take the score magnitudes into account. A similar argument can be made for the practical 

reduction of a scoring task to a ranking in general. When evaluating the performance of 

a scoring task, we advocate that scores be examined for the consideration as probability 

estimates e.g., by computing their Brier (1950) score. Probability estimates, as suggested 

by the comparative framework presented in Section 3.1, are the most informative results 

with respect to performance assessment and their performance can be assessed by the well-

established methods of probability theory. If for any reason - discussed in details later 

in this section - they fail for such a consideration, then instead of reducing the task into 

a ranking, we propose they be assessed by the method proposed in this thesis. Current 

evaluation methods can only measure the performance of classification or ranking, hence, 

most researchers reduce the scoring task to a ranking by ignoring the magnitudes of scores 

all together. 

Issues concerning scores and probability estimation have been documented by several 

studies in the machine learning literature (Bennett, 2000; Margineantu and Dietterich, 2002; 

Niculescu-Mizil and Caruana, 2005; Zadrozny and Elkan, 2001, 2002; Provost and Domingos, 

2003; Ferri et al., 2003; Grossman and Domingos, 2004; Zhang and Su, 2004; Flach and 

Matsubara, 2007). Fawcett and Niculescu-Mizil (2007) state that scoring classifiers are 

commonly used to provide not only class labels, but also scores associated with data points. 

These scores usually reflect the confidence of the classifier in its predictions, because the 

higher the score, the higher the probability of the associated instance being positive. In 

some applications, the scores are used to estimate posterior class membership probabilities 

(Fawcett and Niculescu-Mizil, 2007). To motivate their calibration, it can be argued that 

the raw scores do not always provide good estimates of true probabilities, because some 

models are prone to producing poor probability estimates. This observation is also made 

in (Niculescu-Mizil and Caruana, 2005). 

Probabilities are valuable because they contain sufficient information useful for all types 

of performance assessments. If they can be readily estimated, they should be. However, 
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we claim that in practice this is often not the case due to several factors. Either sufficient 

information needed to estimate probabilities is unavailable, or more often, probability esti­

mates are made but their quality is poor as the underlying assumptions are not met. The 

quality of probability estimates relies on elements including assumptions made, estimation 

methods, statistical tests used to measure the performance, and changes in the domain. For 

example, most statistical methods, parametric and non-parametric, assume that sufficient 

data is randomly drawn from the domain. Effectively, one needs to examine two issues, 

or possibly make assumptions: how much data is sufficient, and the collection is random. 

In practice, data is collected by convenience and potentially in a manner that limits the 

cost of collection. This can be amplified in medical domains. Medical researchers put great 

emphasis on data collection which leads to higher quality data of mostly limited size due 

to the cost of collection (Cios and Moore, 2002). In most domains, the quality and size of 

data may be compromised by the trade off between convenience and cost (Motulsky, 1995). 

The ability to verify assumptions relies not only on the domain but also on the un­

derstanding of the method of estimation. For instance, the Naive Bayes method assumes 

independence between individual attributes, therefore, it is not recommended for text min­

ing (Rennie et al., 2003). Despite its tolerance to violations of this assumption in clas­

sification (Domingos and Pazzani, 1997; Zhang, 2004), Naive Bayes has been shown to 

produce poorly calibrated probability estimates (Bennett, 2000). Also, decision trees were 

not designed to produce probability estimates, but with the use of Laplace correction, they 

can (Margineantu and Dietterich, 2002; Provost and Domingos, 2003; Ferri et al., 2003). 

This shows that when estimating probabilities, one cannot not use a learning method in 

a black-box approach because an understanding of assumptions is necessary to ensure the 

probability estimates are reliable. This can be restrictive in some domains. The inability to 

verify assumptions may result in poor probability estimates at best, and in the worst case, 

violating assumptions may invalidate the consideration of these estimates as probabilities. 

Using a statistical test, in such a case, becomes questionable and assessing the quality of 

scores becomes a desirable solution which existing evaluation measures cannot offer. In 
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addition to failing probability estimates and in other application domains, it may be un­

necessary to treat the scores as calibrated posterior probabilities. Instead, they are used 

to generate the ROC curve to estimate the expected performance (Fawcett and Niculescu-

Mizil, 2007). Given the organization of learning tasks presented in Figure 3.1, we argue 

that this reduction omits information relevant to the performance analysis by eliminating 

the scores. We propose that they be evaluated using our scored ROC curve, which can also 

be used to assess the performance of probabilities as though they are scores. 

Another issue that affects the quality of probability estimates deals with changes in the 

underlying distribution of data in the domain. The idea of constructing a learning model 

from the training data to make predictions on future, unseen data relies on making the 

assumption that the data distribution varies little over time. For instance, most machine 

learning methods assume that the class distribution remains constant over time. However, 

Forman (2005) argues that this assumption is often violated in real-life domains. Along 

with Bennett (2000), they argue that changes in the domain cause probability estimates to 

deteriorate. If changes in the domain are undetected, such a deterioration in the quality 

of probability estimates can lead to unreliable results when using a statistical test. In the 

current state, evaluation methods are unable to assess the performance in such cases, and 

they eliminate valuable information by discarding the scores. Thus, given that probability 

estimates are affected by variations in the data distribution, we would expect the scores 

to also be impacted by such variations. Therefore, an evaluation measure sensitive to 

changes in the score values can be expected to detect such deterioration. This is why we 

expect our method, the scored ROC method, to be sensitive to changes in the underlying 

distribution of data in the domain. This problem of learning in changing environments is a 

well documented problem since Widmer and Kubat (1996, 1998) brought it to the attention 

of the community. 
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3.3.2 Exis t ing evaluat ion measures 

According to the comparative framework presented in Section 3.1, the evaluation measure 

relies on information made available by the learning model. For instance, the accuracy 

metric measures how often classification decisions are made correctly, and the AUC metric 

assesses the overall probability of ranking positive data points higher than the negatives. 

In either case, the performance measure is limited to binary decisions and excludes score 

magnitudes. For scores, the mean squared error (MSE) - also known as Brier (1950) score -

measures the average squared error of estimation. When they are probabilities, Brier score 

(Brier, 1950) is used to measure the average squared deviation of the predicted probabili­

ties. This measure, like many other scalar evaluation metrics, including accuracy, precision, 

recall, etc., is designed to produce a summary of performance insensitive to the distribution 

of class memberships scores on individual data points. Such sensitivity is important when 

visualizing scores for desired characteristics while identifying associated points. This sen­

sitivity allows for the identification of data points that have common scores values (their 

scores show little variations) versus those points that differ in score values assigned to them. 

In Chapter 1, we referred to such score differences as gaps in score values. We also illustrated 

that they can be valuable in determining performance similarities and differences among 

data points. The Receiver Operating Characteristic (ROC) method addresses this issue of 

visualization of individual points (Fawcett, 2003; Fawcett and Niculescu-Mizil, 2007) but 

excludes the magnitudes of their scores as shown in Section 1.2 of Chapter 1. Therefore, 

this work starts with an algorithm that incrementally constructs the ROC curve Fawcett 

and Niculescu-Mizil (2007) and extends it to include the scores so that each line segment, 

associated with a given data point, is weighted proportional to the score magnitude. 

3.3.2.1 The margin-based A U C (or sAUC) 

Recently, researchers recognized the need for an evaluation method able to include infor­

mation conveyed by the scores in the performance analysis. Wu et al. (2007) propose an 

evaluation metric based on the area under the ROC curve (they call it the sAUC), which is 
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Figure 3.2: Sample AUC deterioration for an increasing r (Wu et al., 2007). 

sensitive to differences in class membership scores. They argue that excluding such differ­

ences, by eliminating the scores form the analysis, may lead to over-fitting the validation 

set when selecting learning models with high AUC values. Wu et al. (2007) demonstrate 

that the sAUC can be computed without having to construct the associated ROC curve 

itself, and they interpret this sAUC metric by how quickly the standard AUC deteriorates 

when the score assigned to the positive data points are decreased. 

In more specific terms, Wu et al. (2007) develops a modified version of the AUC which 

incorporates differences in scores into the calculation of the AUC. The idea is based on 

modifying the AUC to indicate whether the difference of the pairwise scores is greater than 

a predetermined margin T. Their idea is to record the existence of fixed-size score gaps 

between positive and negatives data points. This margin-based AUC (or sAUC) can be 

calculated as shown in in Equation 3.1, which accumulates the pairwise difference in scores 

between pairs of correctly ranked positives and negatives, but only when they (the score 

differences) are greater than a fixed gap r (see Equation 3.2). The result is the area under 

the ROC curve for a given gap value r . Therefore, plotting SAUC(T) against values of r 

shows how quickly the AUC values deteriorate as r increases. 

K 
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AUC{r) = - £ - £ $>(*+) - S(XJ)MT) (3.1) 
n n i i 

where 

1 if (*(*+) - S (a - ) ) > r 
* (T ) = < (3.2) 

0 otherwise 

Figure 3.2 illustrates that when r increases the sAUC value decreases. This is so because 

increasing r leads to increasing gaps in scores, and thus, fewer such pairs will have their 

score differences greater than r . Therefore, the sAUC values will gradually deteriorate 

(decrease) as r increases. 

Clearly, the sAUC involves information related to the class membership scores that de­

scribe the behavior (deterioration) of the standard AUC metric under certain conditions 

(when the positive scores are decreased). This makes the sAUC relevant but significantly 

different from our method. This work develops a scored ROC curve weighted by the mag­

nitudes of the scores. Wu et al. (2007) derive a performance metric that summarizes the 

performance and relies on score differences (or gaps) rather than score values. To properly 

compare the two methods, the sAUC should only be compared to the area under the scored 

ROC curve. The former method is presented by Wu et al. (2007) and utilizes fixed-size gaps 

between all pairs of positive and negative data points. They measure these score gaps only 

between positive and negative data points, which limits their assessment to the positives 

versus the negatives. This is depicted by Equations 2.17 and 3.2. In their case, the score 

difference (s(x^) — s(xj)) is accumulated for all pairs of negatives and positives but only 

when it is greater than r (see the indicator function J() shown in Equation 3.2. 

In contrast, our method enables the visualization of score differences and gaps of any 

size between any pairs of instances regardless of which class they belong to, i.e., our method 

can distinguish between data points in one class. The ability of our scored ROC curve to 

distinguish between any two pairs of instances lies in understanding that the scored ROC 

curve plots the positive proportion against the negative proportion of the score, as depicted 
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by comparing the score with the label assigned to the instance (as discussed in Section 

4.3.2.1 of Chapter 4). This information, depicted by our scored ROC curve, can be viewed 

in two ways: the first can be a parallel to the AUC under the standard ROC curve in that 

it represents the weighted separation between the positives and the negatives, weighted 

by the magnitudes of the scores, and the second is that this information relates to the 

separation between the positive and the negative fractions (si and 1 — s;) of the scores. In 

each view, the area under the scored ROC curve becomes related to the separation between 

the cumulative positive scores and the cumulative negative scores. In other words, when 

we consider the normalization of score magnitudes presented in Section 4.3.2.3 of Chapter 

4, we can argue that the scores ROC curve represents the separation between positive and 

negative scores for all data points. This argument leads to the conclusion that our method 

reports a different kind of performance information than that of Wu et al. (2007). 

Therefore, our method depicts the performance of ranking weighted by the magnitude of 

confidence in predictions conveyed by the class membership scores. We develop the actual 

scored ROC curve, and for the purpose of our experiments, we geometrically compute the 

area under our curve. At this point and due to time constraints, we have not developed an 

interpretation of the metric based on the area under our scored ROC curve. However, we are 

able to argue that Wu et al. (2007) develop the sAUC metric as a metric that summarizes 

a different kind of performance because it is based on score differences (gaps) not values. 

Their analysis describe the behavior of the AUC under the standard ROC curve, but we 

develop generalized version of the ROC curve that includes score magnitudes. 

3.4 Summary 

This chapter presented a comparative framework that organizes the classification, ranking, 

scoring and probability estimation tasks based on their performance-related information. 

Within this framework, good probability estimates can be evaluated with the aid of proba­

bility theory. However, when the scores fail to quality as probabilities or are poor estimates, 
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the task of assessing the performance becomes difficult, and existing evaluation methods 

avoid it by reducing the learning task to a ranking task. Effectively, this reduction elimi­

nates the scores all together, which identifies a gap in existing machine learning research in 

which scores are over looked. Our research fills in this gap by incorporating the magnitudes 

of the scores into the ROC analysis. The resulting evaluation method is able to convey 

the combined performance of classification, ranking and scoring and can also be used to 

visualize probabilities if need be. 

In the process, our method makes two assumptions: the learning problem is a binary 

class problem, and the value of these class membership scores are between zero and one. The 

latter assumption ensures that our normalization of the scores maintains the unit square in 

the scored ROC space. The details of how to construct our scored ROC curve are formally 

discussed in Chapter 4. 



Chapter 4 

Scored ROC analysis 

This chapter presents the approach of our proposed solution. For ease of explanation, 

we begin by defining notation, which we use to illustrate our proposed method. Further, 

this chapter explores several methods that can be used to construct a scored ROC curve, 

however, we show that only one of them is able to incorporate class membership scores 

into the ROC space correctly. Subsequent sections present detailed discussions of how we 

calculate the parameters required by our algorithm to construct the scored ROC curve. 

Finally, we also demonstrate that a scored ROC curve can be reduced to a standard ROC 

curve. 

4.1 Notations 

For a data set X of n instances, let xt be the ith instance in X whose label is L, € {+, — }. 

If we let n+ and n~ be the number of positive and negative instances of X respectively, 

then, n = n+ + n~ is the size of the data set. Also, let St represent the positive class 

membership score, assigned by the learning model to the ith instance xz, where m + and m~ 

are the averages of scores assigned to all of the positive and all of the negative instances 

respectively. 

With this notation, the following sections explore potential methods for incorporating 

64 
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Algorithm 1 Plotting of the ROC curve incrementally (Fawcett and Niculescu-Mizil, 2007). 
1: Input: 

n is the number of instances 
n+ is the number of positive instances 
n~ is the number of negative instances 
S is a set of n class membership scores sorted in a decreasing order of Sz € [0,1] 
L is the corresponding set of n labels with Lz £ {+, —} 

2: start at the origin (0,0) 
3: for i = 1 to n do 
4: if scores Sz are tied then 
5: move along the diagonal 
6: else 
7: if Lt = + then 
8: move up by 4p 
9: else if Lz = — then 

10: move right by ^p 
11: end if 
12: end if 
13: end for 

the scores Sz into the ROC space. We begin with an incremental algorithm to plot an ROC 

curve, then, we modify it to develop our algorithm. 

4.2 Plotting the standard ROC curve 

In their early introduction to machine learning, ROC Curves were constructed by plot­

ting the true positive rates against the false positive rates for all classification threshold val­

ues between 0 and 1 Fawcett (2003); Provost et al. (1997). However, Algorithm 1 presents 

an alternative method that plots the ROC curve incrementally Fawcett and Niculescu-Mizil 

(2007). 

Starting at the origin (0,0) in the ROC space, Algorithm 1 plots the ROC curve by 

incrementally examining the set of instances X in a decreasing order of their 52 scores. If 

xt is a positive instance, the ROC is plotted one step upwaid, i.e., the algorithm moves one 

square unit upward along the y-axis. When xz is labeled as a negative, the ROC curve is 

plotted one step to the right, i.e. it moves one square unit to the right along the x-axis. 

According to this algorithm, the step size is -\ in the vertical direction along the y-
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Figure 4.1: The scored ROC in a single direction (left) and the standard ROC curve (right) 
for Table 2.2 on page 27 

axis, and •£? in the horizontal direction along the x-axis. It is important to point out that 

this algorithm plots the ROC curve without relying on a classification threshold value. For 

illustration, the ROC curve plotted for data shown in Table 2.2, on page 27, appears in the 

right plot of Figure 4.1. 

4.3 Incorporating class membership scores 

Our approach, in incorporating the scores into the ROC space, relies on altering the step 

size in the ROC space, such that, it becomes proportional to score magnitudes. Regardless 

of what modifications are introduced, we wish to preserve properties and characteristics 

of the ROC curve, such that, the ROC analysis remains valid by preserving the ranking 

performance so the curve continues to depict the same performance information. 

The following sections examine potential methods for adjusting these step-sizes in two 

settings. The first approach adjusts the step-size in a single direction along the X or along 

Y only, and the second modifies it in both directions X and Y simultaneously. We examine 

this collection of algorithms to investigate their ability to include score values into the ROC 

curve in an appropriate manner. By appropriate we mean that the curve should depict the 

correct (positive or negative) portion of score values. This is discussed in further details 
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Algorithm 2 Plotting a scored ROC curve in a single direction, 
l: Input: 

n is the number of instances 
n+ is the number of positive instances 
n~ is the number of negative instances 
S is a set of n class membership scores sorted in a decreasing order of Si G [0,1] 
L is the corresponding set of n labels with Li £ {+, — } 
m + is the average positive score in S 
mT is the average negative score in S 

2: start at the origin (0,0) 
for i = 1 to n do 

if Li = + then 
move up by p + 

else if Lj — — then 
move right by (l}m-)n-

end if 
end for 

in Section 4.3.2.1. Algorithm 2 implements the first approach but is inappropriate due to 

being biased. It fails to consider how the scores relate to the class label assigned to the 

associated instances. In a sense, it biases the learning model to produce appropriate scores. 

Alternatively, we examine the second approach implemented by Algorithm 3 which again 

fails to include class information. Algorithm 4 addresses this shortfall to construct our 

scored ROC curve. 

4.3.1 Adjus t ing the step-size in a single direct ion 

We first consider altering the step size, such that, the algorithm moves up proportional 

to Si when the instance Xi is positive, or moves right proportional to (1 — Si) for a negative 

instance £;. At each iteration, the algorithm makes a single step either in the upward 

direction (for a positive instance) or in the horizontal direction (for a negative example). In 

addition, maintaining the square unit in the space requires the normalization of these steps 

by i i in the vertical direction, and by / 1 _J_\„- in the horizontal direction. Algorithm 
Tfl TX \x. 771 J Th 

2 illustrates this procedure. 

This approach can be viewed as a way of sampling the data based on the magnitudes of 
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their scores. Positive instances are sampled proportionally to the normalized magnitudes of 

their scores ( + '+) , which scales the vertical climb of the ROC curve. Similarly, negative 

instances are also sampled according to their normalized negative scores („*+„?[•)• 

Visually, this approach results in stretching the bottom left and the top right portions 

of the ROC curve while shrinking the part of the ROC that is towards the top left corner 

of the space. Such effect can be seen in the left plot of Figure 4.1, and may be interpreted 

as a bias in favor of the learning model because it does not verify the appropriateness of 

score assignments (e.g., some positive data points may be assigned low scores and some 

negatives may be assigned high score values. When unchecked, the scores may be assumed 

to be assigned appropriately). While positive instances, with high scores (therefore, of 

high ranks), cause the ROC curve to stretch upward in the bottom left of the ROC space, 

negative instances, with low scores (of low ranks), cause the ROC curve to stretch in the 

horizontal direction in the top right of the ROC space. Instances in the middle segment 

of the ROC curve (instances that form the segment which results in a concavity along the 

curve in the Figure) are scaled lower because their scores are below the average score. 

The resulting curve is optimistic, and thus, mostly dominates the standard ROC curve 

(it lies higher towards the top left corner of the space). This bias, in favor of the learning 

model, presents serious issues with the usefulness of this approach, however, it may be used 

to produce an upper bound on the potential performance of the learning model, and thus, 

it remains a subject of future investigation. In the next section, this bias is dealt with by 

adjusting the step-size in both directions simultaneously. 

4.3.2 Adjus t ing t h e step-size in b o t h direct ions 

An alternative method, to incorporate the scores into the ROC space, can be achieved by 

adjusting the step-size in both directions, vertically and horizontally, simultaneously. While 

the move upward can be proportional to Si, the horizontal step can be scaled proportionally 

to (1 — Si). In order to maintain the unit square int he space, we must normalize the vertical 

climb and the horizontal run by ^ and by / ^ ^ n r e sPectively as illustrated by Algorithm 
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Algorithm 3 Plotting a scored ROC curve in both directions without class information. 
1: Input: 

n is the number of instances 
S is a set of n class membership scores where Si € [0,1] 
m is the average score in S 

2: start at the origin (0,0) 
3: for i = 1 to n do 
4: move up by ^ AND move right by ^Z^)n 

5: end for 

3. 

This approach, however, fails to account for the class information, because positive and 

negative instances are treated in an identical manner, and the class labels are excluded from 

the process of plotting the curve. This problem occurs when positive instances are assigned 

low scores, or when negative instances are assigned high scores. Such scenarios occur when 

the score estimation process makes mistakes. 

In the context of performance analysis, this approach fails to convey an accurate picture 

of learning performance. When the score assignment process is appropriate, this approach 

may be useful to determine a form of an upper bound on performance. This approach 

ignores the class information and makes an implicit assumption that the scores are calculated 

correctly. Thus, the new curve plotted by Algorithm 3 depicts the magnitude of such scores 

while ignoring the labels. This depicts the magnitude of the scores only reflecting the 

maximum learning available. Every Si score produces a vertical climb and every (1 —Si) 

score results in a horizontal shift to the right. Therefore, this curve becomes unable to detect 

errors in score estimation due to ignoring how score values relate to class information. 

To remedy this shortfall, and to include the class information in the analysis, our al­

gorithm should treat correctly classified instances favorably while imposing a performance 

penalty for incorrectly classified instances. However, we first must understand the meaning 

of correct classification in the context of using score magnitudes assigned by the model. 

To this extent, appropriate score assignments to positive and to negatives instances 

relies on assigning high scores to the positives and on assigning low scores to the negatives. 
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Table 4.1: The appropriateness of scores assignments. 

Label High Score Low Score 

+ Appropriate Inappropriate 
Inappropriate Appropriate 

In practice, however, this process is not always appropriate and can result in some positive 

instances being assigned low scores or some negative instances being assigned high scores. 

Table 4.1 illustrates this situation. 

4.3.2.1 The appropriateness of score assignments 

A learning task, designed to produce class membership scores, estimates these scores during 

training, assigns them to instances during testing. Then, it proceeds to making classification 

decisions by imposing a classification threshold on the assigned scores. Classification errors, 

false positives and false negatives, occur based on the choice of classification threshold value. 

While negative instances whose scores lie above the classification threshold result in false 

positive errors, positive instances with scores below the classification threshold produce false 

negatives. We argue that such errors can be blamed not only on the choice of classification 

threshold, but also on the appropriateness of score assignment as per the definition below. 

Inappropriate scores are low scores assigned to positive instances, as well as those high 

scores assigned to negative instances. Distinguishing between high and low scores relies 

on computing a mid point in the range of these scores. For instance, when the scores are 

calibrated between 0 and 1, this mid point lies naturally at 0.5. The computation of this 

mid point is discussed in further detail in a subsequent section of this chapter. 

Definition Given an instance x^, an associated score Si related to the confidence of x% 

being positive, and a mid-point score Mid, then, Si is called an appropriate score for xz if 

Si > Mid when Xi is a positive instance, or if Si < Mid when Xi is a negative instance. 

Otherwise, Si is called an inappropriate score for Xi. 
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Table 4.2: Classification accuracy and appropriateness of scores. 

(Appropriate Scores) (Inappropriate Scores) 

Actual Predicted Actual Predicted 
Score Label Y N Score Label Y N 

High + Correct Incorrect Low + Correct Incorrect 
Low — Incorrect Correct High — Incorrect Correct 

In supervised learning, the designation of performance relies on comparing predictions 

to a representation of the truth. In classification, truth is represented by class labels and 

predictions, produced by a scoring model, take on the form of class membership scores. 

We now discuss how we compare these scores to class labels to assess the accuracy of 

prediction. Ideally, a scoring task assigns high scores to positive data points and allocates 

low scores for the negatives. In practice, however, learning models perform far from ideal, 

and they may err by assigning low scores to some positives or by estimating high scores 

for some negatives. Definition 4.3.2.1 refers to this by the appropriateness of scores. In 

order for our evaluation method to designate correct performance information, it must 

treat appropriate and inappropriate scores differently. While the former are consistent with 

class information, the latter contradict it, i.e., it is inappropriate for positive data points to 

be assigned low scores or negative instances to have high scores. In addition, classification 

decisions are obtained by imposing a decision threshold on the scores values. It is clear that 

classification errors occur for positives that have scores lower than this threshold, as well as 

for negatives with scores above it. Such misclassification can occur for either appropriate or 

inappropriate scores. Therefore, Table 4.2 defines two confusion matrices to address each 

type of classification error separately. While the first deals with classification accuracy of 

appropriately assigned scores, the second deals with that of inappropriately scores. With 

such a distinction between errors, the scored ROC method is sensitive to performance errors 

resulting from in appropriate scores or from incorrect classification decisions. 

In the ROC space, good performance is represented by a vertical climb, and a horizontal 

run represents a penalty. To incorporate the magnitude of scores into the ROC space, 
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Positive Instance Negative Instance 

Figure 4.2: Determining the new step size for appropriate scores. 

Algorithm 4 makes a distinction between the above two types of score assignment errors 

by treating instances whose scores are appropriate differently from those whose scores are 

inappropriate. For data points with appropriate scores, the algorithm climbs vertically by 

an amount proportional to the magnitude of the score and simultaneously runs horizontally 

by an amount proportional to one minus the score. This is illustrated in Figure 4.2, and for 

ease of illustration, we omit the normalization factors at this point. The left plot of Figure 

4.2 shows a positive instance with an appropriate score St. When S, > (1 — St), the score 

54 is higher (more positive) than random. This is equivalent to St > 0.5, and is depicted by 

a higher rise than run. When Sl < (1 — 5 t), however, the instance x, is more likely to be 

negative, and the score can also be considered as appropriate when the L% label is negative. 

This is shown in the right plot of Figure 4.2. While the score Sx appropriately indicates, 

in this case, whether the instance is positive or negative, the 1 — Sx score contradicts the 

labels. Therefore, we plot a vertical climb proportional to St to show a gain in performance, 

and impose a horizontal penalty proportional to 1 — St. The criterion of St being greater 

(or less) than 1 — 5Z is easiest to illustrate when the scores are calibrated, we can use 0.5 

to decide the appropriateness, otherwise, we need to compute the midpoint score. This 

calculation is discussed in more detail in Section 4.3.2.2 of this chapter. 

Earlier, we discussed that data points with inappropriate scores must be treated differ-
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Figure 4.3: The new step size for inappropriate scores. 

ently. Such situations occur when some positives are assigned low scores, or when low scores 

are estimated for some negatives. For these two cases, we reverse the plotting strategy to 

correct the inappropriateness of scores. As Figure 4.3 shows on the left, a positive instance 

is assigned a low Si score where St < (1 — Sl). The low score St conveys a low likelihood 

of the instance x% being positive. In fact, it suggests that the instance is more likely to 

be negative by contradicting the positive label. The right plot, of the same figure, shows 

a similar case for a negative instance being assigned a high score value. The high score 

suggests that it is more likely to be positive. Such contradiction with the label merits some 

adjustment. In each case, while the score S% contradicts the label, 1 — St agrees with the 

label. Therefore, we apply a performance gain in the form of a vertical climb proportional 

to 1 — St, and impose a penalty, a horizontal run, proportional to St. 

Finally, the complete curve is constructed by connecting individual vectors resulting 

from the successive assessment of individual instances. This strategy follows that used by 

Algorithm 1 to plot the standard ROC curve. The main difference is the adjustment of the 

step-size. In the standard ROC algorithm, individual line segments either rise by ^ or run 

by -4r. In the scored ROC algorithm, progress is made in both directions simultaneously. 

It climbs vertically by — while simultaneously running horizontally by v *' when the 

scores are appropriate. When they aren't, this algorithm climbs up by - ' ; and runs 
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Algorithm 4 Plotting the scored ROC curve in both directions with class information. 
1: Input: 

n is the number of instances 
5 is a set of n class membership scores sorted in a decreasing order of S% € [0,1] 
L is the corresponding set of n labels with Lt e {+, —} 

2: Mid = mid point of high and low scores (Equation 4.9) 
3: <xv = vertical normalization factor (Equation 4.10) 
4: ocft = horizontal normalization factor (Equation 4.11) 
5: start at the origin (0,0) 
6: for i = 1 to 77 do 
7: if (L, = +)AND(5 l > Mid) then 

c (1 — S ) 

Move up ^*- and move right ^ x " 

else if (£, = -)AND(S» < Mid) then 

Move up -^- and move right ' ~ ' ' 

else if (L, = +)AND(5Z < Mid) then 

9 

10 

11: 

12: 

13 

14: 

15: 

16: 

Move up ^ ̂  %l and move right by •£*• 

else if {L% = - )AND(5 t > Mid) then 
Move up lJ- and move right by -§*-

end if 
end for 

simultaneously by •§*-. Such curves are illustrated in Figure 4.4. The quantities oĉ  and 

ocft represent the vertical and the horizontal normalization factors respectively. These are 

used to ensure that progress is made in the unit square measurement of the space. Their 

calculations are discussed in more detail in a subsequent Section 4.3.2.3. 

4.3.2.2 Determining the mid-point score 

To decide whether or not a score St is assigned to instance cc, appropriately, it is necessary 

to establish a mid-point value above which scores are deemed to be high. Scores below 

this mid-point value are judged to be low. The appropriateness of score assignments is 

decided by consulting the class label so that positive instances are assigned high scores, and 

negative instances are assigned low scores. Inappropriate score assignments occur when 

negative instances are assigned high scores, or when positive instances are assigned low 

scores. The key issue here is calculating this mid-point score. When the scores St € [0,1] 
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Figure 4.4: The scored ROC curve in both directions with class information (left), and the 
standard ROC curve (right) for Table 2.2 on page 27 

are calibrated, Equation 4.1 can be used. 

Mid = max(S) - min(S) = ( 1 - 0 ) = ^ 
(4.1) 

However, when the scores are not calibrated, one can compute the mid-point, for a given 

X, by calculating the mid point between the two means, the mean positive score mean(Sf), 

and the mean negative scores rnean(S~). Such calculations are justified for a balanced class 

distribution where c = ^ r = 1. Although, the sum of these two means is influenced by the 

class distribution. We propose to set Mid to the midpoint between the two means weighted 

by the class distribution c. Thus, if we let m + be the mean of S+, the scores assigned to 

the positive instances, and if we let m~ represent the mean of S~. the scores associated 

with the negative instances, then, the two means can be computed by Equations 4.2 and 

4.3 respectively. 

(4.2) TO' 
2 = 1 

5>; 
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If the scores St are calibrated, and if the class distribution is c = — , then, it can be shown 
n~ 

that equality 4.4 is true. 

m+ + = 1 
c 

(4.4) 

The above becomes obvious in the extreme case where St € {0,1} and c = 1, which gives 

Equation 4.5. 

(4.5) n+ x m + + n x m — n+ 

In the general case, however, the St scores are not calibrated, and the class distribution is 

not balanced. Then, we have: 

m+ + m 

n T n 

+ - x '-1 1=1 

n + n~ 

For simplicity, we use: 

(4.6) 

Therefore, 

S+ = J2^ , S~ = j^S , - , and S = S+ + S~ 
«=i t = i 

5+ 
n+ 

5+ 

5 
n+ 

+ 

+ 

n 

5 " 

X 
5 " 
n~ 

s+ + s-
n+ 

As a summary, we use Equation 4.9 to set the mid-point Mid. 

, , . , 1 / 4 - wi . S 
Mid = -(m+ H ) = — -

2V c ' 2n+ 

(4.7) 

(4.8) 

(4.9) 

This method of estimating the mid-point score Mid is data driven because it relies on scores 

assigned (by the learning model) to the particular data points. We claim that this approach 

is reasonable because it utilizes information conveyed by the prediction model for the given 
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data set. However, it can be shown that under some conditions, this Mid point can be 

calculated outside the interval [0,1]. This poses a limitation to our method, and therefore, 

alternate methods for estimating Mid remain under investigation for further analysis. This 

limitation is discussed in Chapter 6. 

4.3.2.3 Vertical and horizontal normalization 

To ensure that the vertical climb, and the horizontal run rates comply with the unit square 

of the space, the step-size must be normalized. These are represented by oc„ and oc^ respec­

tively in Algorithm 4. In this section, we present calculations of these two normalization 

factors. First, we need to define some notation. 

Let H+, L~, L+, and H~ represent the sets of positive instances where St > Mid, 

negative instances with Sz < Mid, negative instances of Sz > Mid, and positive instances 

where S, < Mid respectively. Their cardinalities are represented by \H+\, \L~\, \L+\, and by 

\H~\ also respectively. Using this notation, the equations below illustrate how we compute 

<xv and oc/,. Algorithm 4 plots the curve in steps proportional to 52 or 1 — St scores. We 

divide each step by the total score contributions in either direction to normalize them. For 

example, to determine the vertical normalization factor oct,, we divide by the sum of scores 

contributing to the upward progress. Lines 7 and 9, of Algorithm 4, show that instances in 

H+, and in L~ respectively, contribute their 52 scores towards a vertical climb upward. In 

addition, Lines 11 and 13, of the same Algorithm, show that instances in L+, and in i r ­

respectively, contribute their 1 — 5» scores also in the vertical direction. Therefore, the total 

sum of scores contributions in the vertical direction is calculated by Equation 4.10. 

oc„= 
\H+\ 

= £* 
«=i 

\L~\ 

+ £ 5 ' 
7 = 1 

\L+\ 

+ Ed-
2 = 1 

-sl) 
\H~\ 

+ 5 > -
i=i 

-5.) 

Thus, it is clear to see that the vertical normalization factor consists of the sum of all 

Sz, and (1 — Sz) scores that result in a vertical climb. We construct a similar equation for 

the horizontal direction. 
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Algorithm 5 Reducing a scored ROC curve to a standard ROC curve 
l: Input: 

n is the number of instances 
S is a set of n class membership scores sorted in a decreasing order of S% € [0,1] 
L is the corresponding set of n labels with Lt € {+, —} 

_ rp max(S)+min(S) 
Z- 1 — 2 

3- for i = 1 to n do 
4: if St > T then 
5: 5, = 1 
6: else 
7: S, = 0 
8: end if 
9: end for 

10: Call Algorithm 4 with L, S, and n to plot the scored ROC curve. 

For the horizontal normalization factor oc/,, we calculate the sum of all scores contributed 

toward shifts in the horizontal direction to the right. These can be found on Lines 8, 10, 

12, and 14 of Algorithm 4. Instances in H+, and in L~, respectively on Lines 7 and 9 of 

Algorithm 4, contribute their (1 — St) scores along the horizontal direction. In addition, 

instances in L+, and in H~, respectively on Lines 11 and 13 of Algorithm 4, contribute 

their 5 t scores also to the horizontal progression. Therefore, the horizontal normalization 

factor och is computed by Equation 4.11. 

<xh= 

\H+\ 

»=i 

-Sz) 
\L~\ 

-St) 
\L+\ 

i=\ 

\H~\ 

2 = 1 

(4.11) 

4.4 The relation to the standard ROC Curves 

An important aspect of the scored ROC curve is the ability to reduce it to a standard ROC 

curve. Such a reduction demonstrates that the scored ROC curve extends the standard ROC 

curve by, merely, including the class membership scores as weights applied to individual line 

segments. An extension that preserves valuable properties of the ROC curve, then combines 

the performance of classification, ranking, and scoring into a single evaluation method. In 

this section, we illustrate how to perform such a reduction. 
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Our procedure of reduction relies on ignoring the class membership scores produced by 

the learning model. The process is illustrated by Algorithm 5, it begins by replacing the 

scores by ones and zeros. To do so, it must determine a threshold to decide which scores 

are replaced by ones and which are replaced by zeros. Because the standard ROC curve 

eliminates the score values form its analysis, the value of this threshold becomes irrelevant. 

The key is to preserve the order of instances not the scores. Therefore, Algorithm 5 computes 

the average score on Line 2. Indeed, we can use 0.5 to make such decisions without changing 

their order. 

Having replaced the scores with zeros and ones, Algorithm 5 calls Algorithm 4 on Line 

10. The latter plots the scored ROC curve, which we show, is the standard ROC curve. The 

proof that Algorithm 4 plots, in this case, the standard ROC curve relies on demonstrating 

that they both behave identically. We begin with the initial calculations of Algorithm 4, 

which compute the mid-point Mid, the vertical normalization factor oc„ and the horizontal 

normalization factor OQt. The mid-point Mid is calculated on Line 2, of Algorithm 4, by 

Equation 4.9 as: 

Mid = JL ( 4 . 1 2 ) 

When the scores are zeros and ones, S is equal to the number of instances whose scores 

are equal to one. Recall, S is the sum of all scores. These instances may be positives or 

negatives, however, they all have a score of one, i.e., they all lie above the Mid value, their 

scores are considered high, and therefore, form the sets H+ and H~. Thus, Equation 4.12 

becomes: 

Mid=lH+[+JH~l (4'13) 
The condition that Mid € [0,1] remains important for the scored ROC method to work. 

This is a limitation discussed in Chapter 6. Further, Algorithm 4 calculates the vertical 

normalization factor on Line 3 by: 

\H+\ \L~\ \L+\ \H~] 

«„= E si + E s* + E ^ 1 - 5') + E o- - s^ (4.14) 
i=i i=i j = i i=\ 
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When the scores are only zeros and ones, only H+ and H~ contain instances whose 

scores are high, and are equal to one. The remaining sets, L+ and L~, both have low scores 

of zero. As a result, we have the following four quantities: 

\H+\ \H+\ 

J2sz = j21 = \H+\ (4-15) 
i = i t = i 

\L~\ \L~\ 

x;s, = E o = o (4-16) 

^ ( l - 5 0 = ^ ( l - 0 ) = | i + | (4.17) 
i = i «=i 

\H~\ \H~\ 

£ ( 1 - S , ) = £ ( 1 - 1 ) = 0 (4.18) 
2 = 1 1=1 

Substituting them in Equation 4.14 produces: 

«„= | f l - + | + | L + | = n + (4.19) 

The above shows that the vertical normalization factor oc„ in Algorithm 4 becomes equal 

to the number of positive instances n+. This is also equal to the vertical normalization factor 

used in Algorithm 1 on page 65, which plots the standard ROC curve. A similar argument 

can be used for the calculation of the horizontal normalization factor oc/j. which appears on 

Line 4 of Algorithm 4. The computation of oc/i follows Equation 4.11 as: 

jiJ+| \L~\ \L+\ ,H~\ 

cxh= £ ( 1 - Sz) + 5^(1 - 5.) + £ 5, + J2 5, (4-20) 
2 = 1 2 = 1 2 = 1 2 = 1 

Again, replacing the scores with zeros and ones results in H+ and in H~ to have instances 

whose scores are one. All remaining instances have scores of zero. Therefore, we compute 
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the following four quantities: 

\H+\ |H+| 

£ ( 1 - S , ) = £ ( 1 - 1 ) = 0 (4.21) 
t=i i=i 

\L~\ \L~\ 

^ ( l - 5 0 = ^ ( l - 0 ) - | i - | (4.22) 
i=i i=i 

\L+\ \L+\ 

£ S , = £ o = 0 (4.23) 
i=i i=i 

\H~\ \H~\ 

j2sl = J21 = \H~\ (4-24) 
i=i i=i 

By substituting these quantities into Equation 4.20, we obtain oc^ as: 

<x fc=|L-| + | J f - | = f r (4.25) 

The horizontal normalization factor oc^= n~, in Algorithm 4, becomes equal to that 

calculated by Algorithm 1. We have shown that when the scores are replaced by ones and 

zeros, our algorithm and the standard ROC algorithm calculate the same vertical and the 

same horizontal normalization factors. The remaining issue, in demonstrating that the two 

algorithms behave identically when the scores are zeros and ones, is to show that they both 

make identical steps, in size and in direction, when they plot their respective curves. To do 

so, we consider all possible label L, and score St combinations that may occur. There are 

four such combinations, they include1: 

1. A positive instance where Sx = 1. For this instance, Algorithm 4 computes the 

vertical step size by •£- on Line 8. This vertical climb reduces to ^ because Sz = 1 

and oc1,= n+. Simultaneously, the horizontal run is calculated by ' ~ l' on the same 

line, and becomes •£- = 0 because (1 — St) = (1 — 1) = 0. Therefore, Algorithm 4 

makes a vertical climb of -\ only. This is identical to what Algorithm 1 does with a 

xIt is assumed that Mid e (0,1) 
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positive instance on Line 8 on page 65. 

2. A negative instance with Si = 0, for which Algorithm 4 calculates the vertical climb 

by —*-, on Line 10. This vertical step size becomes S- = 0 because St = 0. The 

horizontal run is calculated by ' ~ *' on Line 10. It becomes ^p because (1 — Si) = 1, 

and och= n~. Therefore, for this negative instance, Algorithm 3 makes a horizontal 

run of •— which is identical to what Algorithm 1 does for a negative instance on Line 

10. 

3. A positive instance with Si = 0 causes Algorithm 4 to calculate a vertical climb equal 

to ' ~ %' on Line 12. In this case, this is equal to ^p- because (1 — Si) = 1 and oc„= n+. 

At the same time, the horizontal step is determined by £*- on Line 12, which becomes 

•£- = 0 because Si = 0. Therefore, Algorithm 3 makes a vertical step of ^ only. This 

is an identical step to that of Algorithm 1 when dealing with a positive instance. 

4. The final case is that of a negative instance with 5, = 1. Algorithm 4 computes the 

vertical step size by ' ~ ' ' on Line 14, which becomes -7- = 0. The horizontal step 

size is computed by ^ - on Line 14, and is equal to 4̂r because (1 — S%) = 1 and 

oc/j= n~. The resulting step size is a horizontal shift to the right by ^=-. Such a move 

is identical to how Algorithm 1 treats a negative instance on Line 10. 

All four combinations of binary labels and binary scores are processed identically by 

both algorithms (both algorithms make identical steps in size and in direction, and they 

both compute the same normalization factors). Therefore, we can draw a final conclusion: 

they both behave in an identical manner. When the scores are binary, the two algorithms 

plot the same curve. Thus, converting the scores into binary values then constructing the 

scored ROC curve reduces our curve to the standard ROC curve. This identical behavior 

supports that the scored ROC curve incorporates class membership scores into the ROC 

curve, because converting the scores to binary values results in the same curves being plotted 

by both algorithms. This shows that the scored ROC method extends to the standard ROC 
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curve to incorporate the scores. This is achieved by weighting individual ROC line segments 

by the scores assigned to their associates data points. 

4.5 The area under the scored ROC curve 

Section 2.2.3 of Chapter 2 shows how the AUC metric, the area under the ROC curve, 

can be calculated using an indicator function. This function indicates whether a pair of 

positive and negative instances are correctly ranked. The idea is presented in Bradley 

(1997); Hanley and McNeil (1982) and is based on the correct pairwise rankings of the 

instances. The AUC metric is calculated as a summation of the unit squares contributed 

by every correctly ranked pair of positive and negative instances. 

In the same section, we reviewed a modified version of the AUC metric which calculates 

the scored area under the ROC curve. This method is presented in Wu et al. (2007) and 

is based on modifying the indicator function to reflect the difference in the scores of a pair 

of positive and negative instances being greater than a given margin or fixed score gaps, a 

parameter T. The indicator function is true when Si — Sj > r when Xi is a positive instance 

and Xj is a negative instance. The interpretation of their scored AUC is that it measures 

how quickly the AUC deteriorates if the positive scores are decreased. 

It is important to note that the work in Wu et al. (2007) is based on calculating the 

scored AUC without constructing the scored ROC curve explicitly. In this thesis, we pro­

pose a method to construct this scored ROC curve for which the normalization factors are 

reasonably complex. Formal derivations of the area under the curve can be obtained using 

this indicator function approach. Although we defer the analysis of the AUC under our 

scored ROC to future research due to time constraints, we argued that our AUC depicts 

a different kind of performance than the AUC presented by Wu et al. (2007). Our AUC 

is related to the separation of the positive and the negative scores, where as, their sAUC 

described the behavior of the AUC under the standard ROC under certain conditions (when 

the positive scores are decreased). 
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For the purpose of our experiments, we utilize is an alternative method to calculate the 

area under the scored ROC curve. The AUC can be calculated by successively adding the 

area of trapezoids under points on the curve Fawcett (2003). We perform such calculations 

on the scored ROC curve as well. 

4.6 Chapter summary 

Based on an incremental algorithm used to plot the standard ROC curve, this chapter 

presents a formal method to incorporate the scores into the ROC curve. Our method relies 

on modifying the step size, made by the above algorithm, to construct our curve. This 

chapter shows three possible methods for modifying this step size, they include: modifying 

the step size in a single direction, in two directions simultaneously without accounting for 

class information, and finally, modifying the step size in both directions simultaneously 

while including the class information. The latter, we show, results in the development of 

the scored ROC curve. We have presented an algorithm to construct this curve and have 

described how its vertical and horizontal normalization factors are computed. The result is 

the weighting of the line segments of the ROC curve by the correct magnitude of the scores. 

Finally, this chapter present a proof and describes an algorithm for reducing the scored 

ROC curve into the standard ROC curve. Combined with the notion of modifying the 

step size, this algorithm demonstrates that the scored ROC curve is an extension of the 

standard ROC method. In the following chapter, we describe our experiments and presents 

discussions of their results. 



Chapter 5 

Experiments 

The principle contribution of this research relies on analyzing and interpreting performance 

information conveyed by class membership scores assigned to instances by a learning model. 

The score assignment process is a result of learning class membership in the domain. This 

thesis develops a method to evaluate the performance of such models based on the scores 

they produce. This chapter presents experimental results to demonstrate the effectiveness 

of the performance analysis method developed in this dissertation. 

The hypothesis being tested in our experiments is that the scored ROC curve measures 

performance similarities and differences of scoring classifiers, and it does so more effectively 

than the standard ROC curve. Furthermore, this new method is sensitive to changes in 

performance due to changes in the domain. Therefore, the design of the experiments com­

prises two components. The first aims to demonstrate the new method's ability to measure 

performance similarities and differences for various learning models on a collection of bench­

mark data sets. The second component focuses on its sensitivity to changes in data between 

training and testing. For the latter purpose, we use a synthetic data generator to artificially 

introduce such changes in the domain so that score differences can be reasonably expected. 

Controlled changes allow the evaluation method the opportunity to detect them. 

This chapter describes these two experimental components. For each component, we 

discuss the experimental design, the data included in the experiments, the learning mod-

85 



CHAPTER 5. EXPERIMENTS 86 

els being used, and the evaluation approach of the results followed by presentations and 

discussions of the results. Finally, the chapter concludes with a summary. 

5.1 Component I: measuring similarities and differences 

In this research, the ability to assess score similarities relies on their relevance to class 

memberships of individual instances. This relationship is fundamental to incorporating their 

magnitudes into the evaluation measure. In our experiments, some models are expected to 

produce similar performance while anticipating others to show differences. Subsequently, 

our evaluation method is applied to their predictions in the form of class membership scores 

to assess their similarities or differences. 

The rationale behind this experimental design follows that judging two sets of scores 

for similarities is a difficult task for which supporting information is rarely available. This 

difficulty becomes amplified when the class is described by a binary label rather than a 

score, because it requires comparing a score to a label. Such issues relate to the information 

content and its granularity discussed in Chapter 1. 

Detecting similarities has several applications beneficial to many tasks. On an abstract 

level, examining scores can help reveal characteristics of learning in a domain. While score 

similarities describe the model's scoring tendencies, a lack there of indicates the presence 

of alterations, drifts, or shifts of various kinds. On a practical level, representing user 

preferences as scores and analyzing them for similarities can be useful for the development 

of search engines, information retrieval systems, and recommendation systems. 

5.1.1 Des ign 

Our experiments rely on the consistency of the learning method to simulate score similar­

ities. This simulation is based on fixing the learning algorithm and on fixing the distribution 

from which the training and testing data are drawn. It is reasonable to expect that a learn­

ing algorithm should consistently produce similar class membership scores when trained on 
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Algorithm 6 Generating score similarities with randomized fold splitting. 
1: Input: 

D is a set of n instances. 
C is a classification algorithm. 
XV is a set of 10 random seeds. 

2: Output: 
S is a set of 10 arrays where Si is a set of n scores produced by applying C on D and 
$ , e [0,1]. 

3: for i = 1 to 10 do 
4-. D — 10 random folds of D using seed XVi 
5: Si = class membership scores of applying C to D by cross-validation. 
6: end for 

Algorithm 7 Generating score similarities for ensemble methods. 
1: Input: 

D is a set of n instances. 
C is an ensemble-based classification algorithm C. 
E is a set of 5 random seeds. 

2: Output: 
S is a set of 5 arrays where St is a set of n scores produced by applying C on D and 
Sije [Q,i]. 

3: for i = 1 to 5 do 
4: D = 10-fold splits of D using random seed Ei. 
5: Si = class membership scores of applying C on D by cross validation. 
6: end for 

sufficient data randomly drawn from the same domain. Therefore, we measure similarities 

by evaluating scores resulting from multiple runs of 10-fold cross-validation. As shown in 

Algorithm 6, each cross-validation run uses a different random seed to split the data into 

ten folds. The idea is to construct, more-or-less, similar classifiers from randomized versions 

of the same data. For example, a collection of ten Naive Bayes classifiers, resulting from 

ten runs of cross-validation, should produce similar class membership scores. The same 

argument applies to building ten Probability Estimating Trees, or PETs, in the same way. 

We want to show that classifiers in one group, constructed by the same algorithm, produce 

similar scores among their ten runs which also differ from those produced by classifiers in 

the other groups. Thus, scores produced by the ten Naive Bayes classifiers should be similar 

to each other, but they are expected to differ from those produced by the ten PET models. 
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In the above settings, score similarities arise from comparing the performance of learning 

models resulting from repeatedly applying one learning algorithm to various samples of the 

same data. However, it can be argued that the scores, which we compare, are assigned 

to different data points due to the random splitting into folds. We now show that this is 

not the case due to the very nature of cross-validation testing. Consider how the cross-

validation method works. It begins by randomly splitting the data into iV equal folds. For 

a fold i, the learning algorithm is trained on the remaining folds after setting fold i aside. 

Then, the resulting model is tested on this fold i. This process repeats for every fold i 

generating testing results on all N folds. Therefore, in a single run of cross-validation, 

every instance in the data set is assigned a class membership score by one of the various 

classification models constructed in one of the N iterations. For this purpose, we compare 

scores between ten complete runs of cross-validation so that at the end of each run, every 

instance in the data set is assigned a score. None-the-less, their ranking order may differ 

because various classifiers produce different score distributions for a given set of data. We 

are interested in the over all performance despite differences in their ranking order. With 

the assumption that their training data is similar, these random variations of the similar 

learning models should produce similar scores. 

In the above strategy, variations between classifiers occm due to splitting the training 

data. However, variations can also result from the method used to construct the learning 

model itself. For example, a learning algorithm which utilizes an ensemble of random 

trees can generate slightly different trees from identical data, and can be expected to add 

variations to their performance. In our experiments, we wish to evaluate scores in the 

presence of both types of variations, and therefore, we introduce variations in the learning 

algorithm itself. For this purpose, we perforin other experimental runs using two additional 

learning algorithms for which similarities are produced by building various ensembles of 

classifiers. We construct various bags of decision trees and various random forests from the 

same data. Effectively, we construct various versions of classification models trained and 

tested on the same data. The strategy of these runs is illustrated in Algorithm 7. 
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To construct a bag of decision trees, the algorithm selects a random subset of instances 

with which a decision tree is trained. This process repeats until the specified number of 

decision trees for the bag is reached. In our settings, we construct ten trees in each bag. We 

expect that these various bags, trained with the same data, produce similar scores among 

the bags. The same expectation applies to a collection of random forests when the data is 

fixed, and the learning algorithm is varied. 

The main difference between these two ensemble algorithms lies in how they construct 

the individual decision trees. In the case of random forests, a random variable is used 

to randomly select features and instances to train individual trees in the ensemble which 

are finally combined to form a random forest. For the bagged trees, the seed is used for 

the random selection of instances to build the individual decision trees. Because random 

forest models bootstrap the data and the features, as opposed to only the data for the bag 

of trees, we expect the former to show higher degree of variations in performance. Our 

experiments compare the performance of these two ensemble-based schemes to measure 

similarities within the same learning scheme and differences between the two schemes. 

5.1.2 T h e U C I data 

This component of our experiments involves comparing scores obtained by applying our 

learning models on a collection of benchmark data listed in Table 5.1. All these data sets 

represent binary classification problems obtained from the UCI Machine Learning Reposi­

tory (Asuncion and Newman, 2007). 

This thesis develops a method to analyze class membership scores for a binary class 

problem. For multi-class problems, our method can still be used to measure the performance 

on one class (the positive class) versus the remaining classes. However, we suspect such 

grouping of classes may introduce unnecessary noise in the scoring method from the point 

of view of performance assessment. Therefore, we select binary class data sets from the 

UCI repository. The Balloon data was discarded due to its small size of only 20 records. 

Table 5.1 shows the details of the selected data sets whose sizes ranges from 100 to over 
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Table 5.1: UCI binary classification data. 

Abbr. 

prom 
echo 
hepa 
prks 
hart 
hrth 
hors 
habr 
iono 
vots 
jcrx 
aust 
wise 
Mod 
diab 
mamo 
tic 
ger 
oz8h 
ozlh 
chss 
ads 
spam 
mush 
mgic 
adit 

Name 

promoters 
echocardiogram 
hepatitis 
parkinsons 
statlog heart 
heart disease hungarian 
horse-colic reduced 
haberman 
ionosphere 
house-votes-84 
Japanese crx 
statlog australian 
breast cancer wise 
blood transfusions 
pima-indians-diabetes 
mammographic masses 
tic-tac-toe 
statlog german 
ozone eighthr 
ozone onehr 
chess kr-vs-kp 
internet ad 
spambase 
mushroom 
magic04 
census adult 

n 

106 
132 
155 
195 
270 
294 
296 
306 
351 
435 
690 
690 
699 
748 
768 
945 
958 

1000 
2534 
2536 
3196 
3279 
4601 
8124 

19020 
32562 

l + l 
53 
43 
32 

147 
120 
188 
188 
81 

225 
168 
307 
307 
241 
178 
268 
434 
626 
700 
160 
73 

1669 
459 

1813 
3916 

12332 
7841 

l-l 
53 
88 

123 
48 

150 
106 
108 
225 
126 
267 
383 
383 
458 
570 
500 
511 
332 
300 

2374 
2463 
1527 
2820 
2788 
4208 
6688 

24720 

Features 

57 
7 

19 
22 
13 
13 
21 
3 

34 
16 
15 
14 
9 
4 
8 
5 
9 

20 
72 
72 
36 

1558 
57 
23 
10 
14 

%+ 
50 
33 
21 
75 
44 
64 
64 
26 
64 
39 
44 
44 
34 
24 
35 
46 
65 
70 

6 
3 

52 
14 
39 
48 
65 
24 

30000 instances. Most of these data sets have fewer than 50 features with the exception of 

the ads data set which contains over 1500 features. The last column of Table 5.1 shows the 

percentage of positive instances found in each set whose value ranges from 3% to 75%. 

5.1.3 T h e learning mode l s 

Our experiments focus on understanding the learning performance based on class member­

ship scores. The ROC curve and the area under the ROC curve deal with performance issues 

associated with ranking one class relative to another. The assessment of scores and their 
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magnitudes has been limited to probability estimation tasks. In this context, the primary 

debate that has captured the attention of researchers revolves around comparing probability 

estimates produced by commonly used models (Flach and Matsubara, 2007; Niculescu-Mizil 

and Caruana, 2005; Ferri et al., 2003; Provost and Domingos, 2003; Margineantu and Di-

etterich, 2002; Zadrozny and Elkan, 2002, 2001). The most common is comparing scores 

of Naive Bayes to those produced by probability estimating trees (PET). These studies 

show that probability scores produced by these two methods differ greatly from each other. 

Therefore, we include them in our experiments to give rise to differences between scores. 

Our objective is to illustrate how our new evaluation method accounts for such differences. 

In the following sections, we present a brief description for each classification algorithm 

used in the experiments. 

5.1.3.1 Naive Bayes (NB) 

The Naive Bayes classification method is a probabilistic classification algorithm based on 

Bayes rule of conditional probability to estimates the posterior probabilities of class mem­

bership, given the training data points. Historically, the Naive Bayes classifier has been 

found to be very effective in making classification decisions (Domingos and Pazzani, 1997; 

Zhang, 2004), notwithstanding violations of its assumption of independence among the fea­

tures. However, the assessment of posterior probabilities, produced by Naive Bayes method, 

suggests that they are poor and are notoriously uncalibrated (Bennett, 2000). 

5.1.3.2 Probability Estimating Trees (PET) 

The decision tree algorithm produces a tree as series of tests on individual attribute values 

to represent a decision boundary. A decision tree is constructed in two phases; a growth 

phase and a pruning phase. In the growth phase, an initial tree is built then reduced to a 

simpler tree to reduce the estimated error rate. This reduction occurs in the pruning phase. 

Pruning removes tree nodes resulting from noise in the data and helps counter over-fitting 

to produces more accurate models (Quinlan, 1993; Mitchell, 1997; Witten and Frank, 2005). 
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Generally, a decision tree classifier is designed to maximize decision accuracy. Class 

membership probabilities are usually obtained by taking the ratio of positives to negatives 

in the leaf node where the instance is classified. Studies show that the standard decision 

trees (using pruning without smoothing) produce poor probability estimates (Margineantu 

and Dietterich, 2002; Provost and Domingos, 2003) because they are designed to reduce 

classification error. Improving classification decisions produces poor probability estimates 

Wu et al. (2007); Provost and Domingos (2003). Consequently, using standard decision trees 

to produce scores is useless. Instead, studies recommend using using unpruned decision trees 

with Laplace correction (Margineantu and Dietterich, 2002; Provost and Domingos, 2003; 

Ferri et al., 2003). Smoothing probability estimates produced by decision trees has been 

shown to be a reasonable approach (Smyth et al., 1995; Bradley, 1997). Therefore, we use 

the PET method to compare scores it produces against those produced by the Naive Bayes 

classifier described above. Our expectations rely on these two algorithm to produce similar 

scores for various seeds of cross validation individually (when compared to themselves), and 

to produce very different scores when compared to each other. Our experiments will confirm 

conclusions made in existing studies that PET method produces different scores than the 

Naive Bayes algorithm (Margineantu and Dietterich, 2002). 

5.1.3.3 Bagged PET (BPET) 

Several machine learning studies show that using an ensemble of models improves the clas­

sification performance over the use of a single model (Provost and Domingos, 2003). Con­

structing an ensemble of models involves training several models and then combining them 

into a single model by voting or by averaging their scores. Bagging is such an algorithm, 

which stands for Bootstrap Aggregation, and is commonly used in conjunction with decision 

trees. It builds an ensemble of classifiers whose individual members are constructed on ran­

domly selected subsets of instances using the bootstrap method (Breiman, 1996). Provost 

and Domingos (2003) show that BPET improves the performance over using a single PET. 

They argue that this improvement is due to averaging the probability scores across members 
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in the ensemble (Provost et al., 1998; Bauer and Kohavi, 1999). Our analysis compares the 

performance of several BPET models, where each bag contains ten non-pruned decision 

trees with Laplace correction. The objective is to generate random variations among the 

bags using random training data samples. Our experiment will show that our evaluation 

method captures similarities among these various ensembles (bags). 

5.1.3.4 Random Forest (RF) 

Introduced also by Breiman (2001), random forests represent a variation on the bagging 

algorithm. The random forest method uses random decision trees as the main model for 

building individual members in the ensemble. Each such tree is constructed from randomly 

selected subsets of instances and features. For our experiments, the random forest models 

(RF) are expected to be similar to the bagged PET models (BPET). However, there is a 

difference among them. Variations among members of the ensemble are due to selecting 

random subsets of features, as well as, random subsets of instances. Only the latter is 

used by the BPET model. Therefore, we include these two schemes in our experiments. 

Our experiment will measure performance similarities among the various random forests 

using the scored ROC method developed in this research. More importantly, our evaluation 

method will show that scores (class membership scores) produced by these random forests 

are similar to those resulting form BPET models described above. This similarity is also 

evident in (Caruana and Niculescu-Mizil, 2006). 

5.1.4 Evaluat ion 

To assess how well our evaluation method, the scored ROC method, measures performance 

similarities or differences among learning models, we compare its conclusions to those drawn 

from the standard ROC analysis. The selected learning algorithms are trained and tested 

on data sets included in the experiment. To support the analysis, we plot the scored and the 

standard ROC curves, and we compute the area under them respectively. Due to the use of 

several data sets, the number of possible plots becomes large. Therefore, we only show plots 
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Figure 5.1: Pairwise separation between points along two curves in the ROC space. 

representative of the results. In addition, it is necessary to examine curve dominance, or 

the lack there of, to conclude similarities or differences between curves in the scored and in 

the standard ROC plots. Therefore, we summarize our plots using two scalar metrics which 

together depict these results. First, we compute the average and the standard deviation 

of the area under the curves in each space for each group of random cross-validation runs. 

When a curve produces higher area under it is more likely to dominate the other. However, 

the area under the curve alone is insufficient to show dominance due to the possibility of 

overlapping and crossing over the other multiple times. Therefore, we need a second metric 

to measure the separation between curves to show dominance by a higher area under the 

curve coupled with a higher degree of separation. Curve separation near 100% suggests 

dominance. To this extent, we develop a second scalar metric to estimate this separation 

between curves in the following section. 

5.1.4.1 Measuring curve separation 

When evaluating machine learning methods in the ROC space, the task of determining curve 

dominance is challenging and cumbersome. In this section we develop an adequate metric 

to measure the separation between two ROC curves. Accompanied with the AUC metric, 
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this separation score enables us to express dominance of one curve over another. The idea 

is based on comparing the pairwise-distances of points on both curves to the increasing 

diagonal. Figure 5.1 shows such distances for a pair of points on two ROC curves. In this 

space, an good learning model results in a convex curve that lies northwest of the increasing 

diagonal line (the random decision line). When comparing two curves, they both begin at 

the origin (0,0) with no separation. They also end at point (1,1) with no separation. With 

respect to performance, we are interested in the region between the curves and above the 

increasing diagonal line. The emphasis is on how they are separated. Such is the region 

between the dark and the light curves in Figure 5.1, which can be formally measured by 

the Gini index (Gastwirth, 1972). 

In the experiments, we ensure that both curves consist of the same number of points. 

Using simple trigonometry, we calculate and compare the pairwise-distances shown by the 

dotted lines in Figure 5.1. Such pairwise comparisons produce a test that indicates whether 

a point a lies above or below point b. To compute the separation score for the dark curve's 

dominance over the light one, we count how many points on the dark curve lie above points 

on the light curve. Then, we normalize this count as a percentage of the total number 

of points on the curve itself while excluding the end points. In Figure 5.1 and with the 

exception of the end points, all point on the dark curve are separated from points that lie 

on the light curve. 

In addition to measuring the separation in one direction, we also calculate its value for 

the inverse dominance. We compute this separation score for the light curve dominance over 

the dark one as well. In Figure 5.1, this inverse separation is 0% because the light curve 

lies completely below the dark curve. However, it is possible that curves may frequently 

cross over each other, or they may overlap along some segments of their curves. Measuring 

this separation score in both ways depicts the size and direction of how the two curves 

are separated, and when considered alongside the value of the area under the curve, they 

collectively identify the curve and estimate the magnitude of its dominance. 

Referring back to the example in Figure 5.1, the separation between the dark and the 
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light curves is 100% while the inverse is 0%. This represents separation in favor of the dark 

curve. In addition, their AUC values are 78.64% and 63.49% respectively. If we consider 

both metrics, we see that a 100% separation score accompanied with a higher AUC value 

suggests that the dark curve dominates the light curve. This example shows a situation 

where the curve is dominant (100% separation). However, performance curves may differ 

without being completely separated. Therefore, we relax the dominance criteria to require 

at least 80% curve separation and more than 2% difference in the AUC. This criteria of curve 

dominance is ad hoc and is only used to highlight certain results for ease of presentation. 

However, we list all results for the reader to draw their conclusions. 

For the experimental results, we tabulate the average AUC values and average separation 

scores calculated for curves in the scored and in the standard ROC spaces. For a given 

model, our tables show the average AUC value computed for a collection of scored ROC 

curves. These curves represent the performance obtained from ten runs of 10-fold cross-

validation. The same average AUC is calculated for each model in the ROC space as well. 

The discussion compares these two averages on our data set. We also compute separation 

scores for every pair of curves associated with a given pair of models in a particular run. 

These resulting separation scores are averaged over the ten runs of 10-fold cross-validation. 

5.1.5 R e s u l t s 

This section examines relationships between scores and their corresponding classification 

decisions. First, we discuss the score-based performance of individual learning models over 

various runs of cross-validation. The objective is to show that the scored ROC method cap­

tures similarities among scores generated by the same model on variations of data obtained 

from the same domain. Subsequently, we consider the pairwise performance of different 

models. We compare Naive Bayes (NB) scores to PET scores followed by BPET scores to 

those of the random forest (RF) models. These pairwise comparisons show that the scored 

ROC method is sensitive to differences between different models. Collectively, these results 

demonstrated that our method detects performance similarities among variations of similar 
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Figure 5.2: Scored ROC curves for NB (dark) and PET (light). 

models, as well as, differences between different models. 

For ease of presentation, selected results are plotted as performance curves for models 

applied to data sets. In the discussions, comprehensive tables show summaries of results 

for all data sets listed in Table 5.1. 

5.1.5.1 Similarities of variations of the same model 

This section presents results to demonstrate that the scored ROC method detects similarities 

among scores produced by the same learning model in a given domain. To this purpose, 

we consider the standard deviation of the area under the curve. In the next section, we 

examine differences between learning methods by examining their dominance as measured 

by the AUC and by our curve separation metric. At this point, we only examine curves 

generated by the same learning method for multiple runs of random 10-fold cross-validation. 

We begin with the scored ROC curves generated for models applied to the Horse Colic 

and the Ozone Eighthr data shown in Figure 5.2. The dark bands show the scored ROC 

curves resulting from applying ten runs of the Naive Bayes method tested by 10-fold cross 

validation. The lighter bands represent the scored ROC curves resulting from executing the 

same experiment using the PET learning method. 

At a first glance, it is clear that curves of the same color form a tight distinct band. 
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This means that scores generated by the same model are similar to each other over multiple 

runs of cross-validation. This is illustrated by the dark and by the light sets of curves which 

form tight (with low variance), consistent bands respectively. The dark band shows that 

scores produced by the Naive Bayes models are similar to each other. A similar conclusion 

also applies to the light curves generated by PET scores. This suggests that the random 

splitting of data into folds has little influence on how the two models compute their scores. 

Their scoring mechanisms behave consistently and produce scores with little variations. 

While ignoring the issue of dominance for the moment, comparing the respective curves 

to those plotted in the standard ROC space shown in Figure 5.3 reveals an obvious increase 

in the variance. The bands become wider and are more erratic than for scored ROC. 

This indicates that, although their classification decisions are similar (the curves trail each 

other), the random splitting variations have influenced the smoothness of the ROC curves 

resulting in higher variance. This unsurprising higher variance in the ROC space is due to 

the exclusion of the scores from the analysis. Small changes in the score magnitudes impact 

classification decisions and cause the ROC to appear more ragged. In the scored ROC curve, 

the slope of a line-segment in the normalized unit-square is proportional to the magnitude 

of the score assigned to the instance. Therefore, small changes to the scores result in small 

changes to these slopes on the curve. Hence, the scored ROC curves appear smoother and 

tighter. This variance can also be measured by calculating the standard deviation in the 

area under the curves in either space. 

The results of similarities between various curves generated by the same learning method 

are consistent for all data sets. To illustrate this comprehensively, we compare the standard 

deviations of the average AUC in both spaces. Similar curves are expected to be close to 

each other resulting in small deviations in the average AUC. For our selected data sets 

listed in Table 5.1, there are 52 possible plots to compare. We generate a single plot for 

each space (scored and standard ROC spaces) for 26 data sets. The results are summarized 

by averaging the AUC of the ten curves resulting from 10 cross-validation runs, and we 

compute their standard deviation for individual models on each set. The results for the 
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Figure 5.3: Standard ROC curves for NB (dark) and PET (light). 

Naive Bayes and the PET models are shown in Table 5.2. 

In this table, the first column shows the abbreviated name of the domain, the following 

two columns show the average and the standard deviation of the AUC as percentages for 

the PET models in both spaces respectively. The last two columns of the same table show 

the same values for generated by the Naive Bayes models in both spaces. In Table 5.2, 

the bolded values represent the lowest standard deviations. For instance, the standard 

deviation in AUC values for PET on the horse c o l i c (hors) data is 0.52% of the scored 

ROC space, and it is 1.39% of the standard ROC space. The former is the lowest of the 

two. On the same row, this AUC standard deviation for Naive Bayes is 0.45% of the scored 

ROC space, and it is 0.44% of the standard ROC space, the latter of which is the lowest. 

Inspecting values in Table 5.2 reveals two observations. First, the standard deviation 

values are relatively small compared to their respective average AUC values. This means 

that the individual AUC values, that are being averaged, are similar because the standard 

deviations are small. This suggests that both scored and standard ROC methods measure 

the similarities between curves with relative ease. An intuitive question is; which of the 

two methods, the scored or the standard ROC, measures these similarities better? The 

second observation provides an answer to this question. The bolded values in Table 5.2 

show that these deviations are often smaller in the scored ROC space than in the standard 
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Table 5.2: Average AUC ± standard deviation for PET and NB over ten runs of cross-
validation on UCI data. The lowest deviations are in bold. 

PET NB 

Data Scored ROC Standard ROC Scored ROC Standard ROC 

prom 
echo 
hepa 
prks 
hart 
hrth 
hors 
habr 
iono 
vots 
jcrx 
aust 
wise 
Mod 
diab 

mamo 
tic 
ger 
oz8h 
ozlh 
chss 
ads 

spam 
mush 
mgic 
adit 

1.55 
4.12 
2.31 
2.23 
1.37 
0.86 
0.52 
1.21 
1.35 
0.23 

0.67 
0.95 
0.32 
0.69 
0.45 
0.80 
0.58 
0.01 

0.19 
0.00 

0.06 

0.52 
0.47 
0.18 

0.01 
0.31 
0.19 
0.00 
0.11 

0.48 
0.32 
0.77 
2.00 

0.22 

0.96 
0.90 
0.44 

0.25 
0.32 
0.36 
0.17 
0.08 
0.13 
0.19 
0.27 
0.11 
0.03 
0.47 
1.30 
0.04 
0.08 
0.08 

0.16 

0.44 

0.44 
0.36 

0.32 

0.03 
0.47 
1.30 
0.04 

0.08 

ROC space. This shows that similarities are measured better by the scored ROC curve 

than by the standard ROC because the former results in lower AUC variance. Lower AUC 

variance suggests similar AUC values, hence, similarities among curves. 

Considering the above results, we can conclude that the scored ROC curve captures sim­

ilarities among scores produced by the same model reasonably well. Further, it measures 

them better than the standard ROC does. In more general terms, measuring model similar-



CHAPTER 5. EXPERIMENTS 101 

Horse Colic Ozone Eighthr 

JB os 
CO 

en 

0) 04 

O 
U 

CO 02 

02 04 06 08 1 

Scored FP Rate 

o os 
m 

en 

(D °4 

o o 
CO 02 

0 02 04 06 08 

Scored FP Rate 

Figure 5.4: Scored ROC curves for RF (dark) and BPET (light). 

ities by comparing the magnitudes of its class membership scores is better than comparing 

the classification decisions based on them. 

Now, we shift our focus to the other two learning models; the BPET and the RF models. 

For each of these two ensemble methods, we construct five variations of it, then, we evaluate 

them using ten runs of 10-fold cross-validation. Effectively, we introduce variations in two 

ways. The first lies in the learning algorithm itself by randomly constructing multiple 

trees and forests, and the second relies on randomly splitting the data into folds for cross-

validation. Therefore, we expect to observe higher variations that should result in higher 

standard deviations in the AUC for both types of curves. 

Figure 5.4 shows scored ROC curves obtained for these two models on the two selected 

data. In this case, both models produce reasonably good scores because the dark and 

the light curves are consistent, convex, and smooth. In addition, there is little difference 

between them. The dark bands closely follow the light bands, a situation different from 

the previous results. In contrast, curves in Figure 5.5 represent the standard ROC curves 

obtained for the same runs. They form bands that are noticeably thicker. This suggests that 

variations introduced in this part of the experiment have an obvious impact on the standard 

ROC curves in particular. In addition, the BPET model results in a slightly better ranking 

performance than the Rf models because the light curves, for the most part, dominate the 
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Figure 5.5: Standard ROC curves for RF (dark) and BPET (light). 

dark ones. However, the previous Figure 5.4 shows that these two learning method produce 

similar scores. Given that the increased random variations impacts the deviations of the 

ROC curve, and given that scores produced by these two models are found similar, this 

slight dominance of BPET over the RF models in the ROC space becomes questionable. 

Values listed in Table 5.3 illustrate the impact of the increased random variations for 

these two ensemble methods on the AUC in both spaces. The organization of this table is 

similar to the previous one with the exception of using different learning models. Again, 

bolded entries show the lowest standard deviations in AUC values. Despite the added 

variations, our previous observations remain. The AUC deviations obtained in the scored 

ROC space for both models are, in most cases, less than or equal to those computed in the 

standard ROC. This supports our conclusion that random variations have greater impact 

on classification decisions than on class membership scores. The scored ROC curve is more 

sensitive to similarities between models than the standard ROC curve. The latter eliminates 

these scores. Therefore, the scored ROC curve is the logical choice when assessing the scores. 

It is important to note that the similarity of performance between RF models and BPET 

models appears consistent in both spaces. Their respective average AUC values in either 

space are consistently close (within 5%). To see this effect, compare entries in the second 

column to those in the third column, and compare those in the third column against those 
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in the fifth column of Table 5.3. These results suggest that BPET and RF models compute 

similar scores and make similar classification decisions. This issue will be revisited again in 

the next section when we compare their dominance in both spaces. 

Having illustrated the ability of the scored ROC method to represent similarities among 

scores produced by variations of the same learning model, we proceed to investigate score 

similarities among different models. The following section reviews the same results in the 

context of performance dominance of one model over another. 

5.1.5.2 Differences between two models 

In this section, we compare the performance of different learning models based on assessing 

the dominance of their performance curves. While their scored ROC curves rely on the 

scores they produce, their standard ROC curves use the classification decisions they make. 

A curve is said to dominate another when all its points are optimized higher (domi­

nance) or the same (weak dominance) than those of the inferior curve. The task of defining 

dominance is difficult in nature and must be given a criteria to enable its measurement. To 

this effect, the definition of dominance described in Section 5.1.4.1 on page 94 is followed 

in the presentation of results. First, we examine the dominance of PET and Naive Bayes 

models then proceed to discuss that of BPET and Random Forests. 

The issue of dominance is referred to earlier in Figure 5.2 on page 97 and the lack thereof 

in Figure 5.3 on page 99. While dominance of score curves produced by the Naive Bayes 

model (dark band) can be observed in the former figure, there appears little to no dominance 

in the latter figure. Consider the scored ROC curve of the Naive Bayes model (dark band) 

on the Ozone Eighthr data shown in Figure 5.2. Starting at the origin, this scored ROC 

curve, climbs steeply and reaches its peak along the y-axis where it changes directions and 

proceeds flat along the x-axis. To interpret this behavior, we refer to analysis of appropriate 

and inappropriate scores presented in Figures 4.2 and 4.3 on page 73 of Chapter 4. In this 

analysis, a vertical climb is a result of assigning high score to instances. In this case, the 

model predicts these instances to be positive examples. Similarly, a horizontal run results 
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Table 5.3: Average AUC ± standard deviation for 5 BPET and 5 RF models over ten runs 
of cross-validation on UCI data. The lowest deviations are in bold. 

BPET RF 

Data Scored ROC Standard ROC Scored ROC Standard ROC 

prom 
echo 
hepa 
prks 
hart 
hrth 
hors 
habr 
lono 
vots 
jcrx 
aust 
wise 
blod 
diab 

mamo 
tic 
ger 
oz8h 
ozlh 
chss 
ads 

spam 
mush 
mgic 
adit 

0.86 
1.42 
1.24 
0.97 
0.86 
0.46 
0.48 
1.04 
0.48 
0.33 

0.31 
0.17 
0.53 
0.43 
0.24 

0.44 
0.45 
0.55 
0.01 
0.22 
0.09 
0.00 
0.08 
0.05 

0.35 

0.17 

0.23 

0.01 
0.22 

0.00 

0.05 

1.94 
1.56 
1.76 
1.29 
1.09 

0.69 
1.70 

0.18 
0.63 
0.73 
0.39 

0.82 
1.01 
1.60 

0.30 
0.12 
0.00 
0.21 
0.18 

0.89 

0.57 
0.20 
0.46 
0.51 
0.18 

0.39 

0.05 

0.00 

from assigning low scores to instances predicted to be negative examples. 

The progress made by the scored curve from the origin to the north-east corner of the 

space depicts the change in score values while observing their ranking order. The Naive 

Bayes model, in this case, assigns high scores to instances it predicts as positives, leading 

to the steep vertical climb. At some point, this model begins to assign low score values 

to instances abruptly. This situation is illustrated by the dark band in the right plot of 
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Figure 5.6: Scored ROC curves for NB (dark) and PET (light). 

Figure 5.2 on page 97. This means that this Naive Bayes model can be effective when used 

for classification (or for ranking). It assigns high scores for the positive examples and low 

ones for the negatives. This change from high to low score values is indicated by the sharp 

change of direction in its scored ROC curve. When these scores are calibrated probabilities, 

they are described by DeGroot and Fienberg (1983) as "refined probabilities" - the values 

of probabilities assigned to the positives are near one and those to the negatives are near 

zero. Borrowing this terminology from probability theory, by neglecting that they may be 

uncalibrated probabilities, permits these scores to be called "refined scores". 

Contrast the above to the light band of scored ROC curves associated with the PET 

model shown in the same plot (right plot of Figure 5.2). The PET model produces gradual 

changes in scores values without compromising their ranking order. The latter can be 

concluded from the lack of dominance in the standard ROC space in the right plot of 

Figure 5.3 of page 99. This shows that score refinement remains, by design, undetected by 

the standard ROC curve because score magnitudes are eliminated from the analysis. In 

fact, due to this refinement property, researchers prefer using PET scores, over NB scores, 

as probability estimates because their values change more smoothly over the ranking order. 

The visualizing of this property is a significant advantage of the scored ROC curve. 

This disagreement between the scored ROC and the standard ROC curves can also be 
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Figure 5.7: Standard ROC curves for NB (dark) and PET (light). 

observed from several data sets, such as the H e p a t i t i s and the Hungarian Heart Disease 

data shown in Figure 5.6 and 5.7. Curve separation is more clear in the scored ROC space 

but is absent (or less obvious) in the standard ROC space. This suggests that the models 

differ more in how they compute scores rather than in how they rank instances. The failure 

of the standard ROC curve to detect this separation is related to their design which depicts 

the ranking performance of classification. They are not meant to detect properties related 

to score values excluded by imposing a classification threshold. The dominance results for 

the UCI data are summarized in Table 5.4 using the average AUC and the separation score 

metrics discussed earlier Section 5.1.4.1 of this chapter. 

In Table 5.4, column 1 shows the data set as listed in Table 5.1, and entries in columns 

2 and 3 show the average AUC for PET and NB models obtained in the scored ROC space 

respectively. In the same scored ROC space, columns 4 and 5 show the two-way separation 

scores for these two models also respectively with PET dominating NB first followed by 

Naive Bayes over PET, the inverse. Columns 6 through 9 repeat these same values for the 

standard ROC space in the same order. Entries in bold show dominance according to the 

criteria we define in the experimental design which requires an AUC difference more than 

2% and a separation score of at least 80%. The light entries fail to meet this criteria. In 

the scored ROC space, dominance is clear more often than not and can be measured in 18 
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Table 5.4: Dominance of PET and NB where AUC difference > 2% and separation > 80% 
(in bold). AUC and separation are averaged over ten runs of cross-validation on UCI data. 

Data 

Scored ROC Standard ROC 

AUC 
PET vs. NB 

Separation 
PET vs. NB 

AUC 
PET vs. NB 

Separation 
PET vs. NB 

prom 
hrth 

mamo 
hors 
biab 
echo 
Mod 
hart 
hepa 
ger 

ozlh 
jcrx 
oz8h 

aus 
wise 
prks 
iono 
adit 
habr 
mush 

vots 
ads 
chss 

spam 
mgic 
tic 

95.00 
99.60 
95.25 
86.21 
87.95 

96.33 
90.26 
89.07 
78.64 
78.04 
77.27 
70.37 
89.92 
85.18 
75.04 
97.47 
87.66 
94.37 

80 
90 
99 
99 

100 

100 
100 
100 
99 
99 
97 
96 
95 
90 
86 
83 
80 
80 

98.38 
96.23 

96.68 
89.56 
93.24 

97.07 

90.16 

81.31 
78.67 

81 
87 

98 
99 
83 

84 

98 

89 
90 

t 
t 

* Random performance (AUC is close to 50%) 
* Perfect performance (AUC is close to 100%) 

out of the 26 data sets. From these 18 sets, Naive Bayes dominate PET in 13 sets, for the 

remaining 5 sets the inverse dominance is true. 

In general, there appears to be an agreement between dominance results obtained in 

the scored ROC and in the standard ROC spaces. The separation scores and the AUC 
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Figure 5.8: Scored ROC curves for NB (dark) and PET (light). 

differences between the two models agree, however, their magnitudes differ. According to 

our criteria of dominance, standard ROC curves struggle to show consistent dominance 

whereas the scored ROC curves appear more consistent. For example, for the first three 

rows of Table 5.4 the AUC difference is approximately 10% with a separation score of 100%1 

in the scored ROC space. Entries in the standard ROC space, on the same three rows, show 

lower separation scores despite the obvious difference in their corresponding AUC values. 

These observations are consistent for data sets in the top portion of this table. Thus, 

dominance in the standard ROC space is more difficult to achieve because the curves are 

less separated than they are in the scored ROC space. 

In the middle portion of the Table 5.4, dominance between the Naive Bayes and the 

PET models fails to meet the criteria in both spaces. Their AUC difference is less than or 

equal to 2%, or their separation score is less than 80%. Two exceptions can be made for 

the Haberman and the Mushroom data. Their performance curves are shown in Figures 5.8 

and 5.9. The performance of both models is either poor due to their random performance 

(Haberman data), or they achieve optimal performance (Mushroom). For the former set, the 

average AUC suggest that both models perform close to 50% (no better than random). On 

the latter set, both models achieve average AUC close to 100% which makes it difficult to 

1The sum of the two way separation scores may be over 100% due to rounding errors. 
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Figure 5.9: Standard ROC curves for NB (dark) and PET (light). 

distinguish their individual performance. Their separation scores also remain within 50% 

in both spaces for both data sets. 

The bottom portion of Table 5.4 shows the performance on data sets where the PET 

model dominates the Naive Bayes model. An interesting observation lies in that the average 

AUC and the average separation are higher for PET models in both spaces. This indicates 

that on some data sets, the PET model produces a better classifier with good scores than 

Naive Bayes. 

In a similar manner, the dominance results comparing the Bagged PET (BPET) and the 

Random Forests (RF) models are presented in Table 5.5. The presentation format remains 

the same as that used in the previous table. If we consider the dominant scores (values in 

bold), we see that dominance is observed less frequently than in the previous table. This 

suggests performance similarities between RF and BPET in both spaces. 

The RF models dominate the BPET models in the lower portion of the table more often 

than the inverse. However, their AUC differences along with differences in their separations 

scores are relatively small suggesting that these two models produce similar classification 

decisions (standard ROC space) and similar scores (scored ROC space). Such result are 

supported by the finding that BPET and RF models are equally effective classification mod­

els in Caruana and Niculescu-Mizil (2006). This can now be extended to include similarities 
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Table 5.5: Dominance of BPET and RF by AUC difference > 2% and separation > 80% 
(in bold). AUC and separation are averaged over ten runs of cross-validation on UCI data. 

Data 
No. 

prom 
ozlh 
oz8h 
adit 
chss 
ger 
diab 
aus 
habr 
jcrx 
hart 
tic 

mgic 
Mod 

spam 
ads 
hrth 
echo 

mamo 
iono 
hepa 
prks 
vots 
wise 
hors 
nush 

Scored ROC 

AUC 
BPET 

78.65 
86.95 

vs. RF 

65.50 

94.64 
80.75 
91.10 

97.80 
65.91 

Separation 
BPET 

90 
81 

vs. RF 

81 

82 
86 
87 

92 
99 

Standard ROC 

AUC Separation 
BPET vs. RF BPET vs. RF 

87.73 95 
91 

90.59 99 

71.87 82 

88.86 92 

in the scores they produce. 

In this first component of experiments, we have constructed learning models on bench­

mark data selected form the UCI Machine Learning Repository Asuncion and Newman 

(2007). We have shown that these models are similar to themselves (by means of applying 

the same learning algorithm on various versions of the same data), and they are different 

from each other (by means of applying different learning algorithms to the same data). In 
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either case, the results show that comparisons of class membership scores are more sensi­

tive to performance similarities or differences than comparisons of classification decisions. 

In the next experimental component, we use a synthetic data generator to implement perfor­

mance differences to illustrate the ability of the scored ROC curve to measure performance 

differences between training and testing for a given learning model. 

5.2 Component II: detecting changes in the domain 

5.2.1 D e s i g n 

In our experiments this far, training and testing data have been drawn from the same 

distribution. However, an alternative source of differences in performance may be changes 

between training and testing data. This can easily occur in changing data distributions. In 

addition, it has been established that determining the mid point with which we determine 

score appropriateness is sensitive to changing data distribution (Forman, 2005; Bennett, 

2003). Therefore, it is reasonable to expect that the scored ROC curve to be sensitive to 

such changing environments. With such rationale, we conduct the experiments presented 

in this section to verify such sensitivity of the scored ROC method. 

For this component of our experiment, we utilize a synthetic data generator to obtain 

data from a changing distribution. The purpose is to demonstrate that our evaluation 

method is capable of capturing performance differences between training and testing. Such 

performance differences occur when the learning model is tested on data drawn from a 

distribution different from that used for training. Such models are expected to produce 

similar scores when tested on data drawn from the same distribution, however, testing 

them on a modified distribution should result in different scores. Our experiments show that 

the scored ROC curves are more suited for measuring such differences. To this extent, the 

following section describes the design of the synthetic data generator used in this experiment 

followed by presentations of our experimental results. 
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Figure 5.10: The heart attack model used to generate synthetic data (Seifi, 2009). 

5.2.1.1 Heart attack generation model 

This synthetic data generator is described by Seifi (2009) This is an internal report prepared 

by a fellow graduate student at the Ottawa-Car leton Institute for Computer Science in 

collaboration with C. Drummond, S. Matwin, and N. Japkowicz. The principle of this data 

generator is to build a realistic probabilistic data generation model that simulates Heart 

Attack patients based on distributions approximated from real-life data. As illustrated in 

Figure 5.10, this generator consists of four components which categorize data attributes as 

shown in Table 5.6. These components include. 

1. Conditions describe features on which the class (the concept) depends probabilisti­

cally. This category represents the population of heart attack patients. 

2. Outcome features describe symptoms common to heart attack patients. 

3 Contextual attributes affect the outcome of a concept and make the diagnosis more 

difficult They are symptoms, similar to those of a heart attack, which arise due to 

other diseases or conditions. 
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Table 5.6: Attribute categories for heart attack data (Seifi, 2009). 

Conditions Concept Outcome Context 

Gender 
Age 

Weight 
Smoking Type 

Heart Attack 

2hest Pain and tightness 
Upper body discomfort 

Shortness of Breath 
Sweating 
Dizziness 
Nausea 

Sleep Disorder 
Weakness 

Stomach 
Lung 

Asthma 
Shock 

Infection 
Stress 

Flu 
Diabetes 

This data generator relies on several sources of real life data to estimate conditional 

probability distributions and dependencies between the various components of its prob­

abilistic. These sources include; Statistics Canada, StatLib Data Archive (University of 

Carnegie Mellon), the Behavioral Risk Factor Surveillance System Project (Centers for Dis­

ease Control and Prevention - U.S.), and heart disease data from the UCI Machine Learning 

Repository (Asuncion and Newman, 2007). 

5.2.1.2 Differences from training to testing 

For simplicity of presentation, we omit details of probabilities used to generate data in 

the default settings. These are found in (Seifi. 2009). However, we describe probabilities 

involved in our experiments. We only describe probabilities being modified for the purpose 

of our experiments, which implement three types of modifications: 

A. Concept Drifts occur when the risk of having a heart attack, among patients with 

heart attack symptoms, changes from the original default risk. 

B. Contextual Drifts (or Noise) are represented by changes in probabilities of contex­

tual conditions. They produce symptoms similar to those of a heart attack patient 

but in non-heart attack patients. 

C. Population Shifts are changes in proportions of particular'types of patients generated. 
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Algorithm 8 Identifying a candidate attribute for modification, 
l: Input: 

D is a set of n instances generated with the default settings. 
C is a set of attributes belonging to one category (see Table 5.6). 

2: Output: 
A is an attribute S C whose probability is to be changed. 

3: aPET = construct a PET model by training on D. 
4: for all nodes in aPET, return A 6 C closest to the root. 

Yes-

/ Chest Pain 
1 and Tightness 

Yes/X-^__^X 

Stomach 
Condition 

\ N o 

7 Lung \ 
[ Condition ) 

Yes,- N 

, No 

v No 

Yes,-' 

, Asthma 

No 

-t •200 | 

Figure 5.11: PET model constructed from the original heart attack distribution. 

5.2.2 T h e synthet i c d a t a 

In our experiments, we generate data sets that contain these distributional changes individ­

ually to prevent interactions of multiple modifications. Therefore, we make a single change 

to the distribution after training, and then, we measure the corresponding effect on testing 

performance. In addition, we predict the effect of this modification on the performance so 

that we are able to verify that differences are being captured accordingly. Therefore, we 

generate these modified data in a controlled manner using a specific model. 

We first generate a sample of 1000 points obtained with the default settings for the 

construction of a PET model. We analyze this PET to identify candidate attributes whose 

associated probabilities can be changed. This PET model offers several advantages in 
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Algorithm 9 Experiment design for modifying the distribution, 
l: Input: 

A is an attribute in the data. 
P(A) is the default probability of A. 
M is a learning method. 

2: Output: 
S a set of 13 arrays where Si is an array of n scores and Sij € [0,1]. 
L is a set of 13 arrays where L% is a array of n labels and L^ G {+, —}. 

3: D = 1000 data points generated with the default settings. 
4: C = an instance of M trained on D. 

{Testing 11 holdout sets of modified distributions.} 
5: for i = 0 to 10 do 
6: P'(A) = ± 
7: Tj = generate 1000 points of data with P (A) 
8: Ll = labels of Tt 

9: Si = class membership scores of testing C on T 
10: i = i + l 
11: end for 

{Testing one holdout set of the original distribution} 
12: Tj = generate 1000 points of data with P(A) 
13: Li = labels of T, 
14: Si = class membership scores of testing C on T» 
15: i = i + l 

{Testing on the original distribution with cross validation} 
16: Li — labels of D 
17: Si = class membership scores of testing C on D by 10-fold cross validation 

identifying important attributes. It enables the inspection of its structure and offers a 

reasonable quality of scores. Therefore, the PET shown in Figure 5.11 is constructed and 

inspected to determine its most important attribute located at the root of the tree. In this 

case, this attribute is the Chest Pain and Tightness symptom. 

In this PET model, there are 200 (out of 1000) positively labeled patients located in a 

pure leaf-node. These patients suffer from chest pain, have no other contextual conditions 

(stomach, lung, or asthma conditions), and are correctly classified as positives for having 

a heart attack. According to this PET, this attribute is a reasonable candidate whose 

probability, when changed, can impact the performance of this PET classifier. 

Algorithm 8 identifies candidate attributes whose probabilities are selected for modifi­

cation. Algorithm 9 shows the procedure of producing scores for the test sets including; 
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holdout sets with modified probabilities, a single holdout set with the original probability, 

and 10-fold cross validation on the training set. For the purpose of this experiment, the test­

ing performance is measured by computing the AUC under the scored ROC and under the 

standard ROC curves. Then, we compute the differences of these respective AUC values to 

that resulting from the cross validation testing. In other words, the 10-fold cross-validation 

test is used as a baseline for measuring differences in testing performance. 

The curve separation score is omitted in this experiment due to its unreliability when 

AUC differences are small. In such a case, the curves may trade positions above and below 

each other frequently, and they may overlap with small gaps. In addition, curve separation 

results coincide with those obtained by measuring AUC differences. Therefore, the curve 

separation measure is unnecessary in this part. 

Returning to the attribute identified earlier in this section, the Chest pain and t i g h t n e s s 

symptom is the most important attribute in determining the risk of having a heart attack 

according to the PET model presented in Figure 5.11. In the default settings of the data 

generation model, the probability of a heart attack among patients who suffer from chest 

and pain t i g h t n e s s is 0.78 for men and 0.45 for women. In this case, the concept is the 

risk of having a heart attack whose probability is fixed for both men and women. If we wish 

to change the probability distribution of this concept to generate concept drift, we should 

modify this probability associated with it. The objective of this part of our experiment is 

to measure performance differences for testing with all values of heart attack risk. A minor 

issue lies in the default setting of this risk being different for men than it is for women. To 

simplify the analysis, we only modify this risk for men not for women so we can build an 

expectation of how the performance of the PET model, trained on the default distribution, 

is affected by this concept drift. 

Following Algorithm 9, we generate holdout sets containing data points generated with 

the above probability modified to each of {0, 0.1, 0.2, • • •, 1.0}. The default risk is 0.78, and 

we expect the performance difference to be lowest near the default risk and highest near 

0 and 0.1, because the error should be higher. The same effect can be expected when the 
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Figure 5.12: AUC differences for PET model with a concept drift. 

risk increases well beyond 0.78, however, the performance difference should drop close to 0 

near 0.78. This behavior can be expected due to the fixed probability value with which the 

learning model is trained. Presumably, the trained model classifies 78% of men with chest 

pain as positives for suffering a heart attack. As this probability decreases towards 0 in the 

test sets, the classification (and scoring) errors should gradually increase. Similarly, these 

errors should increase when this risk increases above 0.78. The interesting point lies near 

the 0.78 probability where the performance difference is expected to be near 0 and within 

the observed difference obtained by testing in the original (default) probability distribution. 

In this experiment, we apply the PET model shown previously for the purpose of ver­

ification only. Because changes in the data distribution can possibly be irrelevant to the 

learning model being tested, the experiment should use a different learning algorithm for 

testing. If the same model, used to identify important attributes, is used for testing, it can 

be argued that modifications introduced to the data distribution are known to be relevant 

to the model. Therefore, we repeat the same experiment using Naive Bayes learning to 

ensure that the modified attributes are selected independently from the model being tested. 

To verify our expectations, we test our PET model (discussed earlier) on the holdout 

sets produced by Algorithm 9. For each data set, we measure the performance difference 

between testing with the set itself and with the baseline, 10-fold cross-validation. These 
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AUC differences are measured between performance curves in both spaces shown in the plots 

of Figure 5.12. The solid curves represent AUC differences for test sets containing modified 

risk probabilities. The dashed line represents the AUC difference obtained by testing on 

a hold out set with the default probability. The gap from the x-axis to the dashed line 

represents the amount of AUC difference observed when testing in the original, unmodified 

distribution. This depicts the tolerated AUC difference due to random chance. 

Points belonging to the solid curves that lie below the dashed lines show an AUC differ­

ence no more than that observed by testing on data drawn from the original distribution. 

In Figure 5.12, testing the PET model on data with risk probability between 0.7 and 0.9 

produces an AUC difference no more than that observed by the baseline testing. Hence, 

we can conclude that this PET model performs similarly for heart attack risks, among men 

with chest pain, between 0.7 and 0.9 probability. Outside this interval, the situation differs 

in both plots. The scored ROC and the standard ROC curves produce higher AUC differ­

ences when the risk is low (close to 0). This performance difference decreases gradually as 

the risk probability increases towards 0.7. When the risk increases beyond 0.9 probability, 

this AUC difference climbs up again. The small circle shown on the x-axis represents the 

value of the default risk used in training. 

Technically, these results are less surprising because we modify the data distribution 

based on the structure of the PET tree. This PET is trained to classify men with chest 

pain as positives for a heart attack with probability of 0.78. It is intuitive that the farther 

the risk probability increases (or decreases) away from its original value, the higher the 

scoring, and therefore, the classification error will be higher. When the risk probability is 

close to its original value, the AUC difference should be minimal to within values observed 

by testing in the original distribution. Figure 5.12 illustrates exactly these effects. Curves 

in both spaces capture these AUC differences successfully in a similar manner. The spikes 

in the solid curves may be attributed to the model being a decision tree because decision 

tree classifiers tend to be definite in their classification rather than smooth. 

An interesting observation lies in the gap between the solid curves and the corresponding 
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Table 5.7: Modifications to the heart attack data distribution. 

Type Probability of Category Original Value Modified Values 

heart attack 
Drift among men with concept 0.78 [0,0.1,0.2, ••• ,1.0] 

chest pain symptom 

Noise stomach condition context 0.1 [0,0.1,0.2, ••• ,1.0] 

Shift men in population t condition 0.496 [0.1,0.2, ••• ,0.9] 
f The only population (or condition) related attribute used by our PET model. 

dashed lines within the probability interval [0.7,0.9]. The AUC differences, in this interval 

and in both plots, remain close or below the dashed line. They remain within the tolerated 

AUC difference. However, in the right plot, this segment of the solid curve fails to reach the 

dashed line. The same curve segment in the left plot gets much closer to its corresponding 

dashed line. The left plot is based on scores assigned to the test data and is more accurate 

in detecting performance differences because it detects AUC difference equal to that of the 

baseline. This discrepancy between the left and the right plots may be attributed to the 

use of classification thresholds that ignore the magnitudes of the scores. In addition, it 

is important to note that the dashed line in the left plot is lower than that in the right 

plot. This means that the observed AUC difference by testing in the original probability 

distribution produces higher difference in the standard ROC space (the right plot) than it 

does in the scored ROC space (the left plot). This suggests that measuring performance 

differences using the score-based method is not only more appropriate but more sensitive 

than standard ROC method due to taking the magnitudes of scores into account. The 

standard ROC curve is more prone to fluctuations due to ignoring the scores. 

5.2.3 The learning model and evaluation 

Having verified the ability of both methods, the scored ROC and the standard ROC meth­

ods, to measure performance differences between training and testing, we now proceed to 

the experiments themselves. Using the above method of identifying candidate attributes, 
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whose probabilities we modify, we perform three experiments which aim to measure AUC 

differences resulting from the modification of the attributes listed in Table 5.7. 

For each type of modification, we repeat the above experiment using Naive Bayes. The 

previous PET model is used for the sole purpose of identifying candidate attributes relevant 

to the concept being learned, however, such identification method may produce results 

specific to this PET model. In addition, the naive Bayes learning method is a probabilistic 

method better suited for the data generation model. Therefore, in subsequent runs of this 

experiment, we use Naive Bayes learning instead. Once again, we measure AUC differences 

resulting from making a single change according to Table 5.7 in each run. 

5.2.4 R e s u l t s 

5.2.4.1 Domain changes due to a concept drift 

This experiment run aims to measure performance differences in either space due to a 

concept drift in the domain. We modify the concept attribute representing the risk of 

having a heart attack among men who suffer from chest pain, see Table 5.7. We repeat the 

previous experiment using a Naive Bayes learning method instead of the PET model. After 

training a Naive Bayes classifier on data drawn with the default (original) risk probability, 

we generate holdout sets containing modified probability values as shown in the last column 

of the same table. On these holdout sets, we test the trained Naive Bayes model to measure 

its performance based on comparing the scores it produces (by building the scored ROC 

curves) and based on its classification decisions (by building the standard ROC curves). We 

hope to obtain performance differences similar to that produced by the PET model. 

Using the same presentation described earlier, the results for this run are shown in 

Figure 5.13. At first glance, we see that testing the Naive Bayes model in the original 

distribution produces higher performance difference in the standard ROC space than it 

does in the scored ROC space. This is illustrated by the dashed line in the right plot being 

higher than that in the left plot. This remains consistent with our previous observations 

that the standard ROC depicts higher AUC differences between models that are supposedly 
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Figure 5.13: AUC differences for Naive Bayes model with a concept drift. 

similar. Their training and testing data are drawn from the same distribution. 

Comparing the solid curves in the left to right plots of Figure 5.13 shows that AUC 

differences in the scored ROC space (on the left) gradually decrease in values as the risk 

probability increases from 0 to 0.6. In contrast, the same solid curve, computed for AUC 

differences under the standard ROC curves in the right plot, appears more ragged and lacks 

consistency. However, it too does eventually fall towards and more importantly below the 

dashed line at probability value 0.6. For risk probability values in the interval [0,0.8], the 

resulting AUC differences in the scored ROC space are higher than those measured when 

testing within the default probability distribution, because the original risk probability is 

0.78. In the standard ROC space, however, these differences drop below the tolerated AUC 

difference at risk probability value 0.6, the solid curve in the right plot dips below the 

dashed line. A similar discrepancy appears when testing with risk probability equal to 1, 

the solid curve in the scored ROC space climbs high above the dashed line, whereas the 

same curve barely goes over the dashed line in the standard ROC space, in the right plot. 

Another disagreement between results in the two spaces lies in how close the AUC 

difference is measured near the original value of the probability distribution. For instance, 

in the scored ROC space in the left plot of Figure 5.13, the solid curve approaches the same 

performance difference measured when testing with the original probability value, because 
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the solid curve is on the dashed line and close to the small circle on the x-axis indicating the 

original probability value. In the standard ROC space, however, the same situation can be 

observed but with a higher AUC difference (0.01), which is almost double of that observed in 

the scored ROC space (approx. 0.005). Essentially, the curve in the left plot comes closer 

to AUC differences measured with the original probability distribution than in the right 

plot. Such disagreement between the two spaces suggests that AUC differences measured 

in the scored ROC space are more sensitive to changes the probability distribution of this 

concept. We can conclude that using the scores to detect changes in the performance due to 

changes between training and testing distributions is more sensitive than using classification 

decisions. 

5.2.4.2 Domain changes due to a contextual drift - noise 

In this section, we present results of testing the same Naive Bayes classifier, used in the 

previous experiment, on test data with a changing probability for a contextual attribute. 

A contextual attribute affects the outcome of the concept but is not part of the concept 

itself. For this risk of heart attacks, the attribute Stomach Condition (identified in Table 

5.7) can cause symptoms similar to those commonly associated with a heart attack. In the 

default settings of the generator, the probability of a patient to have a stomach condition is 

10% and 35% of these show Chest pain and Tightness symptom. Since the chest pain 

symptom is an important attribute for this data model, modifying this attribute directly 

impacts the risk of having a heart attack. Generating patients with stomach conditions 

who show chest pain symptoms will effectively generate noisy data. These patients have 

the same symptom as heart attack patients but they do not have heart attacks. 

To maintain control over noise generation, we only modify the probability of developing 

a stomach condition. The probability of showing the chest pain symptom among those 

suffering from stomach condition remains unchanged from the default setting of 35%. While 

generating test data with 0 probability of stomach condition results in less noise, increasing 

the probability of this condition beyond the 10% increases noise. Therefore, we can expect 
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Figure 5.14: AUC differences for Naive Bayes model with noise (contextual drift). 

the performance to gradually deteriorate as the test data becomes more noisy, and the AUC 

difference should gradually increase due to the deteriorating performance. 

The resulting AUC differences for this experiment are presented in Figure 5.14. The 

AUC difference increases as the probability of the condition increases. These differences 

behave more or less in a similar manner in the scored ROC space on the left as they 

do in the standard ROC space on the right. Both curves maintain a similar shape and 

magnitude in both plots. The agreement in the two spaces suggests that performance 

differences due to testing with noisy data is the same in both spaces. However, a small but 

important difference occurs in the probability interval [0,0.1]. In the scored ROC space (in 

the left plot), the AUC difference remains equal to that observed by testing in the original 

distribution where the solid curve trails along the dashed line in this probability interval. In 

the standard ROC space, the solid curve begins at the origin and climbs above the dashed 

line for probability 0.1. When the probability of the Stomach Condition reaches the default 

settings of 0.1, the AUC difference is higher than the tolerated difference (the dashed line). 

This conclusion, drawn from the standard ROC space and shows that when the modified 

probability reaches the same value as that of the default original distribution, the AUC 

difference remains higher than that measured by testing in the original distribution. This 

reinforces our previous results that measuring performance differences based on classification 
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Figure 5.15: Class distribution (+/—) for generated population shifts in men. 
decisions is less sensitive to changes in the probability distribution. 

5.2.4.3 Domain changes due to a population shift 

In this final experimental run, we illustrate the ability of the scored ROC method to capture 

performance differences due to a shift in the population. The focus of this run is the 

distribution of men in the data as listed in Table 5.7 on page 119. Although the distribution 

of men does not appear high in the PET tree model shown in Figure 5.11 on page 114, it 

is the only population-related (or condition related) attribute that appears in the model. 

Inspecting the PET tree fully, we have determined that this attribute appears low in the 

tree just above the leaf level. For this population shift, changing the proportion of men 

in the population is expected to impact the performance of the Naive Bayes model due to 

several factors. The Naive Bayes classifier is, by design, sensitive to the class distribution 

and is affected by changes in the population particularly when the probability of getting a 

heart attack is different for men than it is for women. 

Figure 5.15 shows the class distributions in data generated for this experiment. The 

ratio of positives to negatives is plotted on the y-axis as the portion of men increases in the 

population on the x-axis. Initially, there is a sharp climb in the class distribution between 

0.1 and 0.2 proportion of men followed by a slightly lower rate of climb for men proportion 
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Figure 5.16: AUC differences for Naive Bayes model with a population shift. 

0.2 to 0.4. A steady increase in the class distribution builds up to a high local peak at 0.7 

distribution of men. A sharp drop2 begins after 0.7 probability of men with a final rapid 

climb at 0.9. Over all, it is clear that as the proportion of men increases in the population, 

the class distribution rises. The single square point in the centre of the plot depicts the 

class distribution measured from the training data. Of course, this point does not lie on 

the curve due to the randomization in the data generator. 

Naive Bayes algorithm multiplies individual conditional probabilities of attribute values 

by the class probability, which depends on the class distribution. It is intuitive to expect its 

performance to be affected by this change. Our objective is to show how such changes in the 

population affect the performance of the Naive Bayes classifier in the scored ROC space and 

then in the standard ROC space. Similar to the previous runs, performance differences are 

measured by computing the AUC difference between testing in the modified distributions 

and testing in the original distribution. These results are shown in Figure 5.16. 

At first glance, we observe high AUC differences, in both spaces, for either low men 

population (0.1 to 0.2), or for high men population, well above the original population 

value approx. 0.5. Furthermore, the increase or decrease in the AUC difference appears to 

2The class distribution of heart attach patients drops for a high (above 0.7) distribution of men in Figure 
5.15. The is based on the realistic distribution of data used by the generator. It can explain the drop of 
AUC difference apparent at 0.8 distribution of men in Figure 5.16 
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correlates with the rate of climb of the class distribution shown in Figure 5.15. In a sense, 

the high rate of climb in the class distribution (for intervals [0.1,0.2], [0.6,0.7], and [0.8,0.9] 

of men population) appears to produce a high AUC difference in both, the scored and the 

standard ROC spaces. When this rate of climb drops in Figure 5.15 (intervals [0.2,0.3] and 

[0.7,0.8] men population), the AUC difference also decreases in both spaces. Such apparent 

correlation supports our intuition of performance differences resulting from shifting the 

population of men particularly if such differences can be observed in both spaces. 

However, a disagreement between results obtained in the scored ROC space and in the 

standard ROC space, lies in the interval [0.2,0.6] of men population. The scored ROC space 

depicts AUC differences lower than those observed by testing with the original population 

of men, the tolerated difference represented by the dashed line. The standard ROC, on the 

other hand, shows AUC differences higher than this respective tolerated AUC difference in 

the same interval of population [0.2,0.6]. Over this interval of population, the solid curve 

in the scored ROC space drops well below the dashed line whereas, it remains above the 

respective dashed line in the standard ROC space. When comparing both plots, it is clear 

that the solid curve on the left, gets closer to zero when the population of men equals to the 

original value (approx. 0.5). The same curve in the standard ROC space barely dips below 

the dashed line for men population of 0.6. This difference suggests that standard ROC 

curves detect higher performance differences despite the population of men being close, in 

value, to the original distribution. Thus, the scored ROC curves appear more accurate in 

depicting low differences between testing on data of equal populations of men. 

Although AUC differences (the solid curve) drop close to zero at the original population 

in the left plot they remain below the dashed line. They remain within the tolerated 

performance difference. It is intuitive that the difference in performance is related to the 

changing population of men. These changes are more pronounced because gender is a binary 

attribute which means that the population of women is also affected by this shift. This is 

depicted in the scored ROC space by high and by low AUC differences above the dashed line. 

However, near the original value of the men population, these differences drop close to zero. 



CHAPTER 5. EXPERIMENTS 127 

If we wish to determine the value of population of men in the data with which the Naive 

Bayes classifier is trained, the scored ROC plot shows that it lies inside the interval [0.2,0.5]. 

In other words, the performance of this classifier remains unaffected for those proportions of 

men in the population. The standard ROC plot, however, shows a single possible value 0.6 

because it is the only value for which the observed AUC difference drops below the observed 

difference from testing in the original population. This behavior of the standard ROC curves 

illustrates the premise of this thesis that measuring performance differences using the scores 

generated by the model provides additional valuable performance information ignored by 

the standard ROC curve. 

5.3 Chapter summary 

This chapter presents experiment design, evaluation and results. The experiment consists of 

two components; the first measures performance similarities and differences among learning 

models constructed from UCI data (Asuncion and Newman, 2007), and the second illustrates 

the ability of our method to capture performance differences, artificially introduced into 

the domain with the aid of a synthetic data generator. In both components, we compare 

performance conclusions made in the scored ROC space against those made in the standard 

ROC space using several evaluation metrics, criteria, and performance measures. 

Experiments, described in this chapter, assess performance in the presence of three 

types of variations resulting from randomly splitting the data, randomly selecting a subset 

of features over data, and finally, systematically modifying the data distribution between 

training and testing. In each case, experimental runs are performed to measure performance 

similarities and differences whenever appropriate. 

The results show that the scored ROC method measures performance similarities with 

tighter standard deviations compared to the standard ROC curve. This is a result of 

being more sensitive to model differences than the standard ROC curve. The scored ROC 

method produces more accurate estimates of performance comparison due to utilizing score 
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magnitudes whereas the standard ROC method eliminates the margins between scores by 

imposing classification thresholds. Due to this latter design difference between the two 

methods, the standard ROC appears less reliable and more erratic in depicting similarities 

and dominance for scoring classifiers. When measuring differences among classifiers, again 

the scored ROC method appears to be more sensitive to variations of classifier performance 

than the standard ROC. The latter measures unnecessary differences when changes are 

absent, and it inconsistently measures performance differences when changes are present. 

A clear conclusion we make is that the standard ROC method performs reasonably well 

for what it was designed to measure. It is designed to measure performance based on 

classification decisions. We conclude that comparing the performance of learning models, 

using the scores they produce, results in a more refined measure capable of conveying 

additional information ignored by classification decisions alone. 

With respect to our tested hypothesis, presented at the beginning of this chapter, the 

scored ROC curve measures performance similarities and differences based on the scores 

produced by the learning model. When compared to the standard ROC curve, the scored 

ROC offers superior sensitivity even in changing environments. 



Chapter 6 

Conclusions 

This thesis described a categorization of common machine learning tasks based on the 

information content of their outcome. This categorization allows for the identification of 

performance measures that can be used to evaluate them. This organization provides an 

understanding of how to convert learning tasks to access information conveyed by their 

outcome to help the performance measure cope with practical issues. 

Using the above categorization, this thesis develops the scored ROC curve to incorporate 

class membership scores into the ROC curve. This novel method combines the performance 

of classification, ranking, and scoring and forms a performance visualization method that 

preserves features of the ROC analysis. It extends the ROC curve by introducing the scores 

as weights applied to individual line segments of the curve. Effectively, the new curve is a 

smoothing of the ROC curve based on these scores, which expresses the confidence of the 

model in its predictions. Such an extension addresses a gap that exists among performance 

measures in the machine literature for measuring the performance of scoring as illustrated in 

Chapter 1. Our analysis shows that the scored ROC curve can be reduced to the standard 

ROC curve by converting the scores, even when they are probabilities, to binary values. 

This reduction provides users with flexibility in performance analysis. 

The results of our experiments demonstrate the ability of the scored ROC curve to 

measure similarities and differences among learning models. The experiments illustrate 

129 
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how the scored ROC curve can be used to visually compare scores obtained from various 

learning models. Such comparisons reveal how models assign scores to instances by visu­

alizing the distribution of scores to data points. The use of our method to compare scores 

produced by the Naive Bayes method to those obtained from the Probability Estimating 

Trees (PET) confirms results obtained by studies found in the literature. Comparing scores 

of the Random Forests to those obtained from the Bagged Probability Estimating Trees 

(BPET) reveals that they produce similar scores. However, Random Forests result in a 

slightly higher AUC variance. This result is not surprising due to similarities in the two 

algorithms. They both construct decision trees on randomly selected subsets of instances. 

However, the Random Forest goes a bit further and selects a random subset of features as 

well. This explains the higher variance observed. 

Having illustrated our method's ability to measure similarities and differences among 

learning models, our experiments compare how well such characteristics are measured by 

the scored ROC and by the standard ROC curves. The results show that the scored ROC 

curve measures performance similarities with a smaller standard deviation of the area under 

the curve than the standard ROC method. The scored ROC curve is more sensitive to 

differences between models than the standard ROC curve and produces more consistent 

results. The last component of our experiments, performed on synthetic data, shows that 

the scored ROC curve is sensitive to performance changes when data is obtained from 

changing environments. 

With these results, we conclude that the method, developed by this research, enhances 

the performance evaluation of learning models using class membership scores rather than 

their classification decisions. The scored ROC curve captures performance information with 

a higher granularity than the standard ROC curve. Therefore, it conveys more specialized 

performance information, yet it remains more abstract than dealing with probability es­

timates that are parametric in nature. Our method, however, has limitations. These are 

summarized in the next section followed by a discussion of future research. 
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6.1 Limitations 

The scored ROC curve is a visualization method that extends the ROC analysis to include 

classification scores as weights that smooth the ROC curve. Our approach is a novel method 

that addresses a gap in the performance analysis literature. However, it features some lim­

itations caused by various circumstances ranging from assumptions made to characteristics 

of the problem itself. The following sections discuss these limitations. 

6.1.1 Limitat ions due t o assumpt ions 

An obvious limitation to our approach is the assumption of a binary classification problem. 

This assumption is necessary because the scores are produced by the learning model to 

indicate how positive a given instance is. In a sense, the scores are understood to express 

the confidence of the classifier in its predictions in two classes, the positive and the negative 

class (Fawcett, 2003). When dealing with these scores, our method uses their magnitudes 

and computes the magnitudes of their complements. While the score depicts how positive 

the instance is, the compliment score indicates how negative the instance is thought to be. 

Our method uses these two score values to assess the performance. In a multi-class problem, 

computing the compliment of the score may alter its interpretation. In this case, further 

interpretation may be necessary and has not been addressed in this work. 

Despite this difficulty, our approach can handle multi-class problems when they are 

represented in a binary form. This can be achieved by considering a single class as positive 

and the remaining classes are combined into a single negative class. Such approach has 

been used in the standard ROC analysis (Fawcett, 2003). 

Another challenge is the assumption of the scores being in the [0,1] interval. Most 

learning models assign scores to instances between 0 and 1. In fact, many methods claim 

to estimate class membership probabilities, which we argue, is not necessarily correct. For 

instance, the Weka software package (Witten and Frank, 2005) produces the scores as though 

they are class membership probabilities. We argued that computing these scores may not 
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produce probabilities (or provides poor estimates of probabilities) for various reasons. In 

any case, Weka computes such scores between 0 and 1. However, one can imagine a general 

value scoring function which assigns scores outside the desired interval. In this case, a 

transformation between general score values into the [0,1] interval is needed for our method 

to work. While a mapping between general score into the desired interval may be difficult to 

obtain, we can attempt to normalize them if we are given a maximum and a minimum values. 

However, the effect of this normalization on their interpretation becomes questionable. 

Having dealt with the score values, other limitations may exist due to the distribution 

of score values over the data points. Such limitations are related to characteristics of the 

domain. These are discussed in the following section. 

6.1.2 Limitat ions from the domain 

Traditionally, training and testing a learning model is performed on instances which are 

assumed to be randomly drawn and representative of the domain. Therefore, data driven 

analysis are usually limited to characteristics of the data sample with which the model 

is trained and tested. Like with most evaluation methods, this situation occurs with the 

scored ROC curve as well. It constitute a limitation particular to calculating the midpoint 

value discussed in Section 4.3.2.2 on page 74. 

The midpoint value determines the appropriateness of score values where appropriate 

scores have values greater than or equal to it. The score values are assumed to be in 

the [0,1] interval, and therefore, this mid value is required to remain within the same 

interval. However, its value is calculated using the average score value (weighted by the class 

distribution). Thus, it is plausible that this calculation results in a midpoint value outside 

the desired [0,1] interval. This situation is particularly obvious for severely imbalanced 

data set (with a skewed class distribution). Such effect can be detrimental to our analysis 

because it cases all instances of the data to fall on one side of the midpoint value. 

Related to this same situation is the distribution and sparseness of score values above 

and below this midpoint value. These can also affect our analysis. For instance, if the 
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majority of score values fall on the one side of this midpoint value, our analysis will become 

less sensitive to scoring errors. Ideally, the midpoint should be able to divide the instances 

above and below its value sufficiently. An important issue is determining such sufficiency. 

An additional point of discussion lies in the performance of the learning model. Our 

method is designed to measure differences in score magnitudes for models that perform 

reasonably well. If these class membership scores are estimated with perfect performance, 

where positive instances are assigned ones and negatives are given zeros, the scored ROC 

curve becomes identical to the standard ROC curve. In such a case, our method conveys 

the correct performance in an identical manner to the standard ROC curve. Similarly, if 

the performance of the learning model is close to being random, where score values are near 

0.5, the scored ROC curve will simply resort to the random performance, which in itself, is 

uninteresting. The value of using the scored ROC curve is more apparent when the learning 

model performs better than random but less than perfect. 

In our experiments, we have observed both of these conditions. In particular, models 

constructed from the mushroom and the Haberman data sets produce these two conditions 

respectively. Perfect performance, on the one hand, does not leave room for score assessment 

analysis because perfect scores of zero and one are assigned to the negatives and the positives 

respectively. In this case, the model does not produce inappropriate scores. On the other 

hand, random performance results with an almost equal proportions of appropriate and 

inappropriate scores. Thus, our method becomes unable to provide useful performance 

information. Therefore, it is recommended that the scored ROC curve be used when the 

model performs reasonably well and produces scores between 0 and 1. 

6.2 Future work 

This dissertation identifies a gap in the performance analysis of learning methods. The class 

membership scores, produced by the model, are the center of this evaluation process. As 

a remedy, this research develops a novel evaluation measure that incorporates such scores 
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into the ROC curve. Effectively, our contribution sheds a light on several issues worthy of 

further investigations. They are focused in two main areas; the methodological design of our 

method and the performance analysis of learning models. While the former relates to how 

the scored ROC curve is constructed and interpreted, the latter focuses on investigations 

that utilize our method. Both are discussed in details in the following sections. 

6.2.1 Methodolog ica l des ign 

The discussion in this section is related to several topics including the calculation of the 

midpoint of score values, the possibility of varying this midpoint value to determine the con­

fidence of the scored ROC curve, and the utilization of score appropriateness as an indicator 

function for performance analysis rather than using the score magnitudes themselves. 

The construction of the scored ROC curve relies on computing a midpoint of class 

membership score values to determine their appropriateness. This establishes the basis on 

which our method determines the "correct" score magnitude to be visualized on the curve. 

This midpoint value can be viewed as a property associated with the data set itself and 

relates to how the two classes overlap in the domain. Estimating this midpoint during 

training can potentially lead to over-fitting the training sample. Therefore, we call for 

estimating this midpoint from a validation set and applying it during the model testing 

phase. In our experiments, this midpoint is measured from the test data. 

However, calculating this midpoint has limitations and deficiencies. Ideally, the midpoint 

should be estimated directly from the domain. Like the notion of labeling instances to 

indicate the correct classification outcome in supervised learning, the midpoint value depicts 

the appropriateness of score assignment. When estimated accurately, the performance can 

be measured more precisely. Obviously, if its exact value is given, the estimation issue 

can be put to rest. In real-life applications unfortunately, such knowledge is likely to be 

unavailable. Therefore, we need to explore methods of how to determine this value. In other 

fields, including economics, operation research, psychology, and medicine, several models 

have been developed to produce such a threshold value. It may be feasible to consider 
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some of their methods in addressing this issue. Alternatively, calibrated scores have been 

shown to be more valuable, and they may be desired in some applications (Cohen and 

Goldszmidt, 2004). When the scores are calibrated, it is intuitive to use the 0.5 as a 

midpoint value. Thus, calibrating the scores avoids the estimation of this midpoint all 

together. Furthermore, score calibration produces a convex scored ROC curve, which can 

be useful (Fawcett and Niculescu-Mizil, 2007). To this extent, several methods have been 

proposed to calibrate the scores (Zadrozny and Elkan, 2002; Niculescu-Mizil and Caruana, 

2005; Caruana and Niculescu-Mizil, 2006). 

Another issue concerning this midpoint value deals with varying its value over the [0,1] 

interval in a manner similar to the classification threshold used to generate the standard 

ROC curve. Class membership scores are assumed to be in the [0,1] interval. Therefore, 

considering all possible midpoint values generates multiple scored ROC curves which may 

form a band of curves. Such bands can depict the confidence of the learning model partic­

ularly when combined with data sampling and curve averaging techniques. This approach 

can be viewed as a measure of confidence in the scored ROC space. Similar techniques have 

been applied to the ROC curve (Macskassy and Provost, 2004; Macskassy et al., 2005a,b). 

Potentially, such studies are useful for determining a measure of confidence for our method. 

Along the same line of thought, Chapter 4 presents methods to incorporate class mem­

bership scores in a single direction of the ROC space. We can show that setting this midpoint 

value to one extreme can produce the exact same effect produced by these single-direction 

algorithms. Therefore, using such settings may provide an upper (or lower) bound on the 

learning performance which can be relevant to measuring the confidence. 

Our method incorporates class membership scores into the ROC curve, so that appro­

priate score magnitudes are depicted along the Y-axis and inappropriate score magnitudes 

are shown on the x-axis. Instead of using the score magnitudes themselves, an indicator 

function can be used to depict the appropriateness of scores only. Thus, this new curve 

will depict the performance of the learning model based on the appropriateness its score 

assignment rather than their magnitudes. One can think of this as a method to visualize 
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the trade off between how often the learning model assigns appropriate versus inappropri­

ate scores to instances. This method may provide a useful evaluation measure of a lesser 

granularity of information compared to the scored ROC curve developed in this thesis. 

Finally, researchers in the field of forecasting have developed extensive and compre­

hensive evaluation methods which can be used to assess probability estimation based on 

several characteristics. For instance, Murphy (1993) lists several characteristics and mea­

sures which describe a "good" weather forecast. Borrowing and customizing such criteria 

to suit the needs of machine learning systems will benefit the performance assessment task. 

6.2.2 P e r f o r m a n c e ana lys i s 

In the context of performance analysis, there may be several studies of interest. These 

future studies include but are not limited to comparing the area under the scored ROC 

curve to the scored AUC presented by Wu et al. (2007), analyzing the characteristics of the 

area under the scored ROC curve using the discriminancy measure (Ling et al., 2003b; ?), 

and investigating the value, nature, and conditions of imposing partial assumptions on the 

learning model or on the domain. In addition, it is important to examine characteristic of 

well-established learning algorithms based on their scoring behavior, analyze the effect of 

various data sampling methods on the performance of scoring tasks, and assess the impact 

of the our evaluation method on evaluating models in real-life changing environments. 

In Chapter 2, we reviewed the work of Wu et al. (2007) which calculates the scored 

AUC without having to construct the scored ROC curve itself. This research constructs 

this scored ROC curve. Therefore, a comparison between the area under our curve to their 

sAUC is important to establish a formal link. Furthermore, Ling et al. (2003b); ? compare 

performance measures based on two criteria, consistency and discriminancy. The latter 

indicates how discriminant a performance measure is. The area under the scored ROC 

curve can be related to their measure of discriminancy. The reason lies in that the area 

under the scored ROC curve is maximized when the scores are most discriminant between 

classes. Therefore, we plan to compare the discriminancy of the standard AUC, our AUC, 
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and the scored AUC developed by Wu et al. (2007) to reinforce our results. 

With respect to information content, our categorization of learning tasks positions the 

scored ROC curve to suit the evaluation of scores produced by the learning model. In 

this thesis, we argue that assessing the scores as though they are probabilities imposes 

assumptions and may not be necessary. However, when some assumptions can be made (in 

the presence of additional information), a natural question would be: what and how can we 

exploit such added information? Our method avoids making assumptions but if additional 

knowledge is available, what and how can we exploit such knowledge? In a sense, if we 

knew that the scoring function exhibits some systematic properties, the question is: how 

can we exploit them to enhance the performance analysis? Investigating these issues will 

lead to the development of evaluation measures capable of dealing with various levels of 

uncertainties in scoring tasks. 

From an experimental perspective, it may be valuable to conduct extended experiments 

aimed at examining various scoring characteristics of well-established machine learning algo­

rithms. With our method in hand, we are able to observe and conclude systematic behavior 

of models which produce class membership scores. For instance, we now are able to study 

properties of scores produced by a neural network and compare them to other models as 

well. The same argument applies to studying various characteristics of data sets drawn 

from changing distributions. This thesis illustrates that our proposed method is sensitive 

to changes in data distribution. An empirical study of how various machine learning models 

behave in changing environments may yield interesting results. 

Our novel method can be used to compare scores in medical domains. For example, 

various scoring methods being used in emergency departments as part of medical practice 

guidelines. These scoring scales are developed by conducting costly and lengthy clinical 

trials. If we are able to compare patient diagnostic scores produced by such guidelines to 

those produced by machine learning systems, we will be able to demonstrate the value of 

utilizing machine learning algorithms in such domains. Machine learning models require 

significantly less time and are less costly to develop. If we are able to show that they can 
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produce effective scoring models, practitioners will take notice. Our long term objective is 

to enhance the evaluation of machine learning systems so that we are able to demonstrate 

and document their effectiveness to persuade practitioners to utilize them. 

Based on this research, and along with future research investigations, we anticipate to 

publish several articles. The scored ROC method is a novel method worthy of publication for 

the machine learning community. Its effectiveness in analyzing the performance of learning 

models and in changing environment is also important form the point of view of publication. 

The comparisons of the various performance measures based on the area under the various 

curves, studied in this dissertation, can provide significant insights for the machine learning 

community and are potential subjects of publications. Finally, the use of our method to 

assess the quality of data sets will, most certainly, capture interest in the community. 

6.3 A final note 

This dissertation has utilized a comparative categorization of common machine learning 

tasks based on their information content. It has demonstrated a need for an evaluation 

method capable of dealing with class membership scores so that researchers are able to 

visualize and compare score values produced by the learning model. This research has 

developed such a method which extends the Receiver Operating Characteristics (ROC) 

curve to include class membership scores. This thesis has shown the ability of this novel 

method, the scored ROC curve, to capture similarities and differences in the performance 

of different learning models, and to detect changes in the data distributions. Although 

the scored ROC curve remains in its infancy stage, it makes a fundamental step towards 

developing a comprehensive evaluation measure which demonstrates the value of machine 

learning methods effectively. We expect that future research, along with existing work, will 

expand and refine our approach to address many issues brought forward by this dissertation. 
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