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Abstract— A quick overview of the most commonly 

used metrics to measure the performance of classification 

and regression models. Metrics like Area under ROC curve, 

Confusion matrix, Median Absolute Deviation, R-Squared 

etc. These metrics are used to determine whether the model 

is performing well or need to change or retrain the model by 

giving more importance to different feature to make model 

more accurate. 
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I. INTRODUCTION 

In this paper we will see most commonly used metrics to 

measure classification and regression models. The metric 

evaluation of the model will describe how well the model 

performs on the unseen data. Based on which we can decide 

whether there is a need for an improvement in model or for 

comparing two different models performing same tasks 

which is better than other. All these metrics are performed 

on the test data set. 

II. CLASSIFICATION METRICS 

A. Accuracy 

The number of data points are classified correctly out of the 

total given data points 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑜𝑖𝑛𝑡𝑠 𝑖𝑛 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑜𝑖𝑛𝑡 𝑖𝑛 𝐷𝑡𝑒𝑠𝑡

 

 The value of accuracy lies between 0 and 1. The higher the 

accuracy value the better the model. 

1) Disadvantages 

− It does not perform well with imbalanced test data. 

− If model returns the probability score, Since accuracy 

does not use the probability score it is not much helpful 

to differentiate better model from good model. 

B. Confusion Matrix 

Confusion matrix is table or matrix representation of the 

accuracy of the model. It is also known as error matrix. 

Rows and columns of the matrix represent predicted class 

and actual class respectively (vice-versa). The matrix size 

will be C x C where C is number of classes in data-set. For a 

sensible model the principal diagonal elements will have the 

high values and off diagonal elements have low values. 

 
− Classification terminology 

There are four conditions for any given outcome in binary 

classification terminology. They are 

1) True Positive: the correct identification of actual true 

class of the data. 

2) True Negative: the correct identification of actual false 

class of the data. 

3) False Positive: the incorrect identification of actual 

false class of the data as true class data. This is known 

as Type I Error. 

4) False Negative: the incorrect identification of actual 

true class of the data as false class data. This is known 

as Type II Error 

The above described accuracy can be written as  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

Ratios or Quantifying accuracies 

Using confusion matrix we can calculate Different Rates 

(Ratios). They are 

1) True Positive Rate 

It is also known as Sensitivity or Recall. The proportion of 

actual true data points are correctly classified as true. 

𝑇𝑃𝑅 =   
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑜𝑡𝑎𝑙 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
 =   

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

2) True Negative Rate 

It is also known as Specificity. The proportion of actual 

false data points are correctly classified as false. 

𝑇𝑁𝑅 =  
𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇𝑜𝑡𝑎𝑙 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
=  

𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 

3) False Positive Rate 

It is also known as Fall-Out. The proportion of actual false 

data points are classified as true. 

𝐹𝑃𝑅 =  
𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑡𝑖𝑣𝑒

𝑇𝑜𝑡𝑎𝑙 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
=  

𝐹𝑃

𝑇𝑁 + 𝐹𝑃
 

Confusion matrix also does not process probability scores. 
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4) False Negative Rate 

It is also known as Miss-Rate. The proportion of actual true 

data points are classified as false.  

𝐹𝑁𝑅 =  
𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇𝑜𝑡𝑎𝑙 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
=

𝐹𝑁

𝐹𝑁 + 𝑇𝑃
 

Ideally, a model should have high TPR, TNR and low FPR, 

FNR. In these four which metrics is important, It is 

completely dependent on the domain. 

C. Precision, Recall, F1 score 

Precision, Recall and F Score all lie between 0 and 1 

1) Precision 

Precision is a measure of result relevancy. In other words, 

What percentage of points that model predicted to be 

positive are actually positive? 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

2) Recall 

Recall is a measure of how many truly relevant results are 

returned. It is nothing but the True Positive Rate (TPR). 

In other words, how many points actually belong to positive 

class is predicted to be positive? 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

3) F-Score 

Instead of giving two scores (precision and recall) we can 

get a single score using them it is known as F-Score or F1-

score. It is harmonic-mean of precision and recall. 

𝐹1 𝑆𝑐𝑜𝑟𝑒 =   2 ∗  
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

D. AUROC 

AUC or AUROC stands for Area Under Receiver Operating 

Characteristic Curve. 

X-axis and Y-axis of the ROC curve are false positive rate 

(FPR), and true positive rate(TPR) respectively. 

 
1) AUC Properties 

− Unlike accuracy AUC performs well with imbalanced 

data. 

− AUC is not dependent on the predicted probability 

scores. It only depends on the ordering of data points. 

− Preferred AUC model values lie between 0.5 and 1.0. 

Where 0.5 is considered as worst and 1.0 as best. 

E. Log-loss 

Unlike all previous metrics, Log-loss makes use of the 

actual class probabilities. we want log-loss to be as small as 

possible. 

Log-loss values lie between 0 and ∞. 

Log-loss takes care of the misclassifications since it 

penalizes even for small deviation from the actual class 

label. 

log _𝑙𝑜𝑠𝑠 =  − 
1

𝑛
 ∑ 𝑦𝑖

𝑛

𝑖=1

∗ log(𝑃(𝑦𝑖)) + (1 − 𝑦𝑖) ∗  log (1

− 𝑃(𝑦𝑖))  
It is hard to interpret since it lies between 0 and ∞. 

III. REGRESSION METRICS 

1) Coefficient of determination 

It is denoted by R2 or r2. Coefficient of determination is 

proportion of the variance in the dependent variable that is 

predictable from the independent variable. 

𝑅2 = 1 −  
𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑠𝑢𝑚 𝑜𝑓 𝑠𝑞𝑢𝑎𝑟𝑒𝑠

𝑡𝑜𝑡𝑎𝑙  𝑠𝑢𝑚 𝑜𝑓 𝑠𝑞𝑢𝑎𝑟𝑒𝑠
= 1 −  

𝑆𝑆𝑟𝑒𝑠

𝑆𝑆𝑡𝑜𝑡𝑎𝑙

 

Case 1: if 𝑆𝑆𝑟𝑒𝑠 = 0 then R2 = 1. The best model. 

Case 2: if 𝑆𝑆𝑟𝑒𝑠 < 𝑆𝑆𝑡𝑜𝑡𝑎𝑙then R2 lies between 0 and 1. 

Case 3: if 𝑆𝑆𝑟𝑒𝑠 = 𝑆𝑆𝑡𝑜𝑡𝑎𝑙then R2 = 0 i.e. it’s a simple mean 

model. 

Case 4: if 𝑆𝑆𝑟𝑒𝑠 = 𝑆𝑆𝑡𝑜𝑡𝑎𝑙  then R2 < 0. The worst model. 

R2 is not very robust to the outliers. 

2) Median Absolute Deviation (MAD) of errors 

Median absolute deviation is the robust metric. It does not 

any impact of the outliers since we're using median value. 

Median (ei) = Central values of errors.  

𝑀𝐴𝐷(𝑒𝑖) = 𝑀𝑒𝑑𝑖𝑎𝑛(|𝑒𝑖 − 𝑀𝑒𝑑𝑖𝑎𝑛(𝑒𝑖)|) 

3) Distribution of Errors (PDF, CDF) 

By using standard statistical measures to get an idea of 

distribution of errors. Ideally we want as many errors to 0 as 

possible. 

 
This is mostly used to compare two models, If model M1 

CDF is above Model M2 CDF then model M1 is better than 

model M2. 
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IV. CONCLUSION 

These are the few most commonly used metrics to determine 

the performance of the classification and regression model. 

These are the very basic and most widely used. So, we come 

across these metrics whenever we see someone's model or to 

analyze our own models we've to know these metrics. 
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