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Abstract 
The Receiver Operating Characteristic (ROC) curve is used to test the accuracy of a 

diagnostic test especially in medical related fields. Construction of an ROC curve is based on 

four possible counts or states. The ROC curve is a plot of Sensitivity vs (1-Specificity) and is 

drawn between the coordinates (0,0) and (1,1). The accuracy of an diagnostic test can be 

measured by the Area Under the ROC Curve (AUC). The AUC is always lies between (0, 1). 

Other performance measures like Positive likelihood, Negative likelihood, Precision, Recall, 

Youden’s Index, Matthews correlation, Discriminant Power (DP) etc., obtained from the four 

possible counts or states are briefly discussed in this paper. 

 

Key words: ROC, AUC, Precision, Recall, Youden’s index, Matthews correlation,  

        Discrimnant Power. 

 

1. Introduction 

As many different areas of science and technology most important problems in medical fields 

merely on the proper development and assessment of binary classifiers. A generalized 

assessment of the performance of binary classifiers is typically carried out the analysis of 

their Receiver Operating Characteristic (ROC) curves. The phrase Receiver Operating 

Characteristic (ROC) curve had its origin in statistical Decision theory as well as signal 

detection theory (SDT) and was used during world war-II for the analysis of radar images. 

 

In medical diagnosis one needs to discriminate between a Healthy (H) and Diseased (D) 

subject using a procedure like ECG, Echo, Lipid values etc., Very often there exists a 

decision rule called “Gold Standard” that leads to correct classification a subject into 

Healthy(H) or Diseased (D) group. Such a rule could be some times more expansive or 
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invasive or may not be available at a given location or time point. In this situation we seek an 

alternative and user friendly discriminating procedures with reasonably good accuracy. Such 

procedures are often called markers. (in biological sciences called biomarkers) 

 

When there are several markers available we need to choose a marker or a combination of 

markers that correctly classify a new patient into D or H groups. The percentage of correct 

classifications made by the marker is a measure of the test performance. 

The distinction between the two groups of cases is normally made basing on a threshold or 

cut off value. Given a cutoff value on the biomarker, it is possible to classify a new subject 

with some reasonable level of accuracy. 

 

Let X denote the test result (continuous or discrete) and C be a cutoff value so that a subject 

is classified as positive if X>C and negative otherwise. Each subject will be in one of the 

disjoint states D or H denoting the Diseased and Healthy states respectively. While 

comparing a test result with the actual diagnosis then we get the following counts or states. 

 

1) True Positives  (TP)  : Sick people correctly diagnosed as Sick 

2) False Positives (FP)  : Healthy people correctly diagnosed as Sick 

3) True Negatives (TN) : Healthy people correctly diagnosed as Healthy 

4) False Negatives(FN) : Sick people wrongly diagnosed as Healthy 

 

These four states can be explained in the following 2x2 matrix or contingency table, often 

known as confusion matrix in which the entries are non-negative integers. 

 

    

 

 

 

 

Two other important measures of performance popularly used in medical diagnosis are 

(i) Sensitivity (SRnR) or TPF  = TP/TP+FN 

(ii) Specificity (SRPR) or TNF = TN/TN+FP 

    Diagnosis 

Test Result Positive Negative 

Positive TP FN 

Negative FP TN 
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Basing on these four counts several performance measures are discussed in the following 

sections. 

 

2. Commonly accepted performance evaluation measures 
 

In medical diagnosis, two popularly measures that separately estimate a classifier’s 

performances on different classes are sensitivity and specificity (often employed in 

biomedical and medical applications and in studies which involve image and visual data): 

 

a) By definition Sensitivity = P[X>C/D]= TPF  = TP/TP+FN 

 

It is the probability that a randomly selected person from the D group will have a 

measurement X>C. 

b) By definition  Specificity = P[X<C/D]= TNF  = TN/TN+FP 

It is the probability that a randomly selected person from the D group will have a 

measurement X<C. 

 

Both sensitivity and specificity lies between 0 and 1.If the value of C increases, both SRn Rand 

SRP Rwill decrease. A good diagnostic test is supposed to have high sensitivity with 

corresponding low specificity.  

 

c) Recall: It is a function of its correctly classified examples (true positives) and 

its misclassified examples (false negatives) 

 

  Recall = TP/TP+FN ≡ Sensitivity 

 

d) Precision: It is a function of true positives and examples misclassified as 

positives (false positives) 

    

Precision = TP/TP+FP 
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e) Accuracy: In binary classification, commonly accepted performance 

evaluation empirical measure is accuracy. It does not distinguish between the 

number of correct labels of different classes. 

 

 accuracy = TP+TN/TP+FP+FN+TN   

 

f) ROC: The Receiver Operating Characteristic (ROC) curve is a plot of SRnR 

versus (1-SRPR). It is an effective method of evaluating the quality or 

performance of a diagnostic test and is widely used in medical related fields 

like radiology, epidemiology etc to evaluate the performance of many medical 

related tests. 

The advantages of the ROC curve as a means of defining the accuracy of a 

test, construction of ROC and its Area Under the Curve (AUC). In this paper 

we discussed several summary measures of test accuracy like Precision, 

Recall, positive and negative likelihood ratios, Matthews correlation, 

Youden’s index, Discriminant power and AUC of the diagnostic test. 

 

g) Area Under Curve (AUC): One of the problems in ROC analysis is that of 

evaluating the Area Under the Curve (AUC).A standard and known procedure 

is a non-parametric method which uses the Trapezoidal rule to find the AUC. 

The AUC can be used to know the overall accuracy of the diagnostic test. 

 

In the following section we briefly discuss the other summary measures of the test. 

 

3. Other summary performance evaluation measures: 
 

In this study, we concentrate on the choice of comparison measures. In particular, we suggest 

evaluating the performance of classifiers using measures other than accuracy and ROC.As 

suggested by Baye’s theory, the measures listed in the survey section have the following 

effect: 

 

• Sensitivity or Specificity approximates the probability of the positive or negative label 

being true.(assesses the effectiveness of the test on a single class) 
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• Precision estimates the predictive value of a test either positive or negative, 

depending on the class for which it is calculated.(assesses the predictive power of the 

test) 

 

• Accuracy approximates how effective the test is by showing the probability of the 

true value of the class label.(assesses the overall effectiveness of the test) 

 

Based on these considerations, we cannot tell the superiority of a test with respect to another 

test. Now we will show that the superiority of a test with respect to another test largely 

depends on the applied evaluation measures. Our main requirement for possible measures is 

to bring in new characteristics for the test’s performance. We also want the measures to be 

easily comparable. 

 

We are interested in two characteristics of a test: 

 

 The confirmation capability with respect to classes. It means estimation of the 

probability of the correct predictions of positive and negative cases. 

 

 The ability to avoid misclassification, namely, the estimation of the component of the 

probability of misclassification. 

 

These measures that caught our attention have been used in medical diagnosis to analyze 

tests. The measures are Youden’s index, likelihood, Matthews correlation and Discriminant 

power. They combine sensitivity and specificity and their complements. 

  

Youden’s index: It evaluates the test’s ability to avoid misclassification-equally weight its 

performance on positive and negative examples. 

    

Youden’s index = Sensitivity - (1-Specificity) = Sensitivity+Specificity-1 

 

          Youden’s index has been traditionally used to compare diagnostic abilities of two tests. 
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Likelihoods: If a measure accommodates both sensitivity and specificity but treats them 

separately, then we can evaluate the classifier’s performance to finer degree with respect to 

both classes. The following measure combing positive and negative likelihood allows us to 

do just that: 

  Positive likelihood ratio   = sensitivity/1-specificity 

 Negative likelihood ratio  = 1-sensitivity/specificity 

 

A higher positive and a lower negative likelihood mean better performance on positive and 

negative classes respectively. 

 

Matthews correlation: Matthews correlation coefficient (MCC) is used in machine learning 

and medical diagnosis as a measure of the quality of binary (two-class) classifications. The 

MCC is in essence a correlation coefficient between the observed and predicted binary 

classifications. While there is no perfect way of describing the confusion matrix of true false 

positives and negatives by a single number, the MCC is generally regarded as being one of 

the best such measures. 

 

The MCC can be calculated directly from the confusion matrix using the formula 

  

Matthews correlation coefficient =  
𝑇𝑃∗𝑇𝑁−𝐹𝑃∗𝐹𝑁

�(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)(𝑇𝑃+𝐹𝑃)(𝑇𝑁+𝐹𝑁)
 

If any of the four sums in the denominator is zero, the denominator can be arbitrarily set to 

one. 

 

Discriminant Power: Another measure that summarizes sensitivity and specificity is 

discriminant power (DP). 

    DP = √3
𝜋

 (log x+log y) 

Where  x= sensitivity/(1-sensitivity)  and  y = specificity/(1-specificity) 

 

DP evaluates how well a test distinguishes between positive and negative examples. From the 

Discriminant Power (DP) one can discriminant, the test is a poor discriminant if DP<1, 

limited if DP<2, fair if DP<3, good in other cases. 
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4. Numerical results with MS-Excel 
 

We consider a data from a hospital study in which the average diameter of patients suffering 

from CAD (Cardionary Disease) is a criterion to classification patients into cases (D) and 

control (H) groups. A sample of 32 cases and 32 controls has been studied and the variable 

average diameter is taken as the classifier/marker. Using this data various performance 

measures are evaluated by Excel functions. A sample data set is shown (Excel template) in 

Fig-1. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig-1: Excel Template of Data set 

 

602 
 

http://www.ijiset.com/


IJISET - International Journal of Innovative Science, Engineering & Technology, Vol. 2 Issue 9, September 2015. 

www.ijiset.com 

ISSN 2348 – 7968 

 

Various evaluated performance measures at cutoff=0.50 are shown in the following Table-1 

 

Confusion matrix 

 

 

 

 

Performance measure Formula 
Evaluation 

value 

Sensitivity TPF=TP/TP+FN 0.6670 

Specificity TNF=TN/TN+FP 0.5814 

Positive Predictive Value   TP/TP+FP 0.4375 

Negative Predictive Value  TN/TN+FN 0.7813 

Precision TP/TP+FP 0.4375 

Recall TP/TP+FN 0.6670 

Positive Likelihood ratio sensitivity/1-specificity 1.5926 

Negative Likelihood ratio 1-sensitivity/specificity 0.5733 

Youden’s index Sensitivity+Specificity-1 0.2481 

Matthews correlation 𝑇𝑃 ∗ 𝑇𝑁 − 𝐹𝑃 ∗ 𝐹𝑁
�(𝑇𝑃 + 𝐹𝑃)(𝑇𝑃 + 𝐹𝑁)(𝑇𝑃 + 𝐹𝑃)(𝑇𝑁 + 𝐹𝑁)

 0.2700 

Discriminant Power(DP) √3
𝜋

 (log x + log y) 0.2445 

Table-1: various performance evaluation measures 

Conclusions  

Roc curve is a graphical representation of Sensitivity vs 1-Specificity in XY plane. Various 

performance measures in roc curve analysis have been observed that with an empirical 

illustration of Cardionary Disease (CAD) data. In which I found that Sensitivity is greater 

than Specificity, which is equal to Recall and also seen Discriminant Power (DP) <1. 

TEST  
 

DIAGNOSIS TOTAL 

0 (+)   0 (+)   1 (-) 

 1 (-) 14 18 32 

TOTAL 7 25 32 
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