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Overview
- Test sets
- Sum of Square Error, 
- Mean Square Error,
- Least Square Estimation.
- Accuracy, 
- Confusion Matrix
- ROC
- AUC
- Cross Validation.
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Regression

- Each training case consists of input vector x and target output t.
- The output consists of real number or a whole vector of real numbers.

Examples
- Predicting weather for afternoon tomorrow.
- Predicting future stock price.

Regression consists of the following:

- Linear Regression and Multiple linear Regression.
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Classification
- Each training case consists of an input vector x and a target output t.
- The target output is a class label.
- we can have alternative multiple labels.

Examples
- The simplest case is choice to the question that needs yes or no.
- Gender (female or male).

4



The set-up
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Test Sets

How can we get unbiased estimate of the accuracy of a learned model?
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Test Sets

- When learning a model, one should pretend that one doesn’t have the test 
data yet.

- If the test-set labels influence the learned model in any way, accuracy 
estimates will be biased.

- The test set should also be representative of the original data - ie It should 
be a random sample of the dataset.
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Cross Validation

Cross validation allows us to partition data into small samples so that we can train data 
on each sample.
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Labeled data set

S1 S2 S3 S4 S5

Partition data into 
subsamples

iteratively leave 
one subsample 
out for the test 
set, train on the 
rest

iteration train on test on

1 S2 S3 S4 S5 S1 

2 S1 S3 S4 S5 S2

: : :

5 S1 S2 S3 S4 S5



Cross Validation

 Extreme case of k-fold cross validation (k = n)
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Cross Validation Example

Suppose we we have 200 instances, and we want to estimate accuracy with cross 
validation
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iteration train on test on correct

1 S2 S3 S4 S5 S1 25 / 40

2 S1 S3 S4 S5 S2 33 /40

3 S1 S2 S4 S5  S3 28/40

4 S1 S2 S3 S5 S4 35/40

5 S1 S2 S3 S4 S5 29/40

accuracy=150/200 = 75%
Error rate = 25%



Example Partition

Given a training set instead split into three pieces

● 1 - Training set (60%) - m values
● 2 - Cross validation (CV) set (20%)mcv
● 3 - Test set (20%) mtest 
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Cross Validation comments

– Any preprocessing done over entire data set (feature selection, parameter tuning, 
threshold selection) must not use labels .

12



Precision Measures
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Accuracy

- The accuracy of a classifier on a given test set is the percentage of test set 
tuples that are correctly classified by the classifier – Often also referred to 
as recognition rate.

-  Error rate (or misclassification rate) is the opposite of accuracy
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Confusion Matrix

is a table that is often used to describe the performance of a classification 
model (or "classifier") on a set of test data for which the true values are known.
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precision/recall - Show the fraction of predictions that are false 
positives • well suited for tasks with lots of negative instances.

  Model Accuracy = (TP + TN  )/ (TP + FP + TN + FN)

 Misclassification Rate = (FP + FN)/( TP + FP + TN + FN)

 recall/Sensitivity (True Positive Rate) = TP/( TP + FN)

 precision/Specificity (True Negative Rate) = TN / (TN + FP)



Example of confusion matrix
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● Accuracy: (TP+TN)/total = (100+50)/165 = 0.91

● Misclassification Rate: (FP+FN)/total = (10+5)/165 = 0.09

● True Positive Rate: TP/actual yes = 100/105 = 0.95

also known as "Sensitivity" or "Recall"
● False Positive Rate: FP/actual no = 10/60 = 0.17

○ Specificity: TN/actual no = 50/60 = 0.83

○ Precision: When it predicts yes, how often is it correct?

TP/predicted yes = 100/110 = 0.91

● Prevalence: How often does the yes condition 

actually occur in our sample?

○ actual yes/total = 105/165 = 0.64



LSE And MSE
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y = β0 + β1x 

- Sum of Square determines the error between predicted model and original model based on the 
univariate or multiple variables . 

-Mean squared error (MSE) of an estimator measures the average of the squares of the "errors", that is, 
the difference between the estimator and what is estimated. MSE is a risk function, corresponding to the 
expected value of the squared error loss or quadratic loss

https://en.wikipedia.org/wiki/Estimator
https://en.wikipedia.org/wiki/Expected_value
https://en.wikipedia.org/wiki/Risk_function
https://en.wikipedia.org/wiki/Expected_value
https://en.wikipedia.org/wiki/Expected_value


Learning Curves and  Error Functions
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Learning Curves

Learning curves

● A learning curve is often useful to plot for algorithmic sanity checking or improving performance
● What is a learning curve?

○ Plot Jtrain (average squared error on training set) or Jcv (average squared error on cross validation set)
○ Plot against m (number of training examples)

■ m is a constant
■ So artificially reduce m and recalculate errors with the smaller training set sizes

○ Jtrain 
■ Error on smaller sample sizes is smaller (as less variance to accommodate)
■ So as m grows error grows
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Learning Curves

○ Jcv 
■ Error on cross validation set
■ When you have a tiny training set your generalize badly
■ But as training set grows your hypothesis generalize better
■ So cv error will decrease as m increases
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RMSE

Root mean Squared Error
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ROC - Receiver Operating Characteristic

Consider how the relationship between true positives and false positives can 
change. We need to choose the best operating point .

•ROC curves can be used to compare models .
•The greater the area under the curve (AUC) 
the more accurate the model .
•ROC index is the area under the ROC curve.
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AUC - Area Under Curve

Area under  Curve - plays a very creative role in predicting the model, because 
the more it gets bigger the more the accuracy it gets.
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ROC and PR comments

- allows predictive performance to be assessed at various levels of confidence 
- assumes binary classification tasks 
- sometimes summarized by calculating area under the curve 
- Roc - insensitive to changes in class distribution (ROC curve does not change if the proportion of 

positive and negative instances in the test set are varied)  , can identify optimal classification 
thresholds for tasks with differential misclassification costs.

- PR - show the fraction of predictions that are false positives , well suited for tasks with lots of 
negative instances .
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Questions?

?
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