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Logistics
• HW 2 is due on Oct. 8
• Exams
– Midterm: Monday, Oct. 28
– Final exam: Wednesday, Dec. 4

• Project 
– Proposal due on Oct. 21; teams of 2-3 
– Project presentation on Dec. 9
– Project report due on Dec. 10
– Project ideas and datasets posted on Piazza
– Example projects from DS 4400 posted on Piazza
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Project Proposal
• Project Title
• Project Team
• Problem Description 

– What is the prediction problem you are trying to solve?
• Dataset

– Link to data, brief description, number of records, feature 
dimensionality (at least 10K records)

• Approach and methodology
– Normalization 
– Feature selection 
– Machine learning models you will try (at least 3)
– Splitting into training and testing, cross validation
– Language and packages you plan to use

• Metrics (how you will evaluate your models) 
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Outline
• Logistic regression
– Classification based on probability
– Gradient descent for logistic regression

• Evaluation metrics
– Confusion matrix
– ROC curves

• Lab for linear classification
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Review
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• Regularization is a general method to avoid 
over-fitting

• Cross-validation should be performed to
– Improve model generalization
– Avoid over-fitting
– Choose hyper parameters (k in kNN)

• Logistic regression is a linear classifier that 
predicts class probability 
– Classification based on probability; interpretability
– MLE objective: Cross-entropy loss



Linear Classifiers

ℎ" 𝑥 = 𝑓(𝜃(𝑥) linear function
• If 𝜃(𝑥 > 0 classify 1
• If 𝜃(𝑥 < 0 classify 0

All the points x on the hyperplane satisfy: 𝜃(𝑥 = 0
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Logistic Regression
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𝑃(𝑌 = 1|𝑋; 𝜃)

Logistic Regression is a linear classifier!



Cross-Entropy Objective

P 𝑌 = 𝑦4 𝑋 = 𝑥4; 𝜃 = ℎ" 𝑥4 56 1 − ℎ" 𝑥4
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𝜃:;< = argmaxB ∑4D8E log 𝑃[𝑌 = 𝑦4|𝑋 = 𝑥4; 𝜃]

= argmaxB J
4D8

E

𝑦Klog ℎ"(𝑥4) + (1 − 𝑦4)log 1 − ℎ" 𝑥4
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Logistic regression objective

min
"
𝐽 𝜃

𝐽 𝜃 = − J
4D8

E

[𝑦Klog ℎ"(𝑥4) + (1 − 𝑦4)log 1 − ℎ" 𝑥4 ]



Gradient Descent for Logistic 
Regression

𝐽 𝜃 = − J
4D8

E

[𝑦Klog ℎ"(𝑥4) + (1 − 𝑦4)log 1 − ℎ" 𝑥4 ]

𝐽 𝜃 = −J
4D8

P

𝐶4

9



Computing Gradients
• Derivative of sigmoid
– 𝑔 𝑧 = 8

8TUVW; 𝑔
X 𝑧 = UVW

8TUVW Y = 𝑔(𝑧)(1 − 𝑔(𝑧))

• Derivative of hypothesis
– ℎ" 𝑥 = 𝑔 𝜃(𝑥 = 𝑔(𝜃Z𝑥Z + ∑[\Z 𝜃[𝑥[)

– ]^_ `
]"a

= ]b "c`
]"a

𝑥Z = 𝑔 𝜃(𝑥 1 − 𝑔 𝜃(𝑥 𝑥Z

• Derivation of 𝐶4
– ]d6
]"a

= 𝑦4
8

^_ `6
g 𝜃(𝑥4 1 − g 𝜃(𝑥4 𝑥4Z -

1 − 𝑦4
8

89^_ `6
g 𝜃(𝑥4 1 − g 𝜃(𝑥4 𝑥4Z

= 𝑦4 − ℎ" 𝑥4 𝑥4Z
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Gradient Descent for Logistic 
Regression
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𝜃e ← 𝜃e − 𝛼∑4D8E ℎ"(𝑥4) − 𝑦4

𝜃Z ← 𝜃Z − 𝛼J
4D8

E
ℎ"(𝑥4) − 𝑦4 𝑥4Z

𝐽 𝜃 = − J
4D8

E

[𝑦Klog ℎ"(𝑥4) + (1 − 𝑦4)log 1 − ℎ" 𝑥4 ]



Gradient Descent for Logistic 
Regression

This looks IDENTICAL to Linear Regression! 
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𝜃e ← 𝜃e − 𝛼∑4D8E ℎ"(𝑥4) − 𝑦4

𝜃Z ← 𝜃Z − 𝛼J
4D8

E
ℎ"(𝑥4) − 𝑦4 𝑥4Z



Regularized Logistic Regression

L2 regularization
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𝐽 𝜃 = − J
4D8

E

[𝑦Klog ℎ"(𝑥4) + (1 − 𝑦4)log 1 − ℎ" 𝑥4 ]



Classifier Evaluation

• Classification is a supervised learning problem
– Prediction is binary or multi-class

• Classification techniques
– Linear classifiers 
• Perceptron (online or batch mode)
• Logistic regression (probabilistic interpretation)

– Instance learners 
• kNN: need to store entire training data

• Cross-validation should be used for parameter 
selection and estimation of model error
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Evaluation of classifiers
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Classification Metrics

16

• Training set accuracy and error
• Testing set accuracy and error



Confusion Matrix
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Accuracy and Error
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Confusion Matrix
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Why One Metric is Not Enough
Assume that in your training data, Spam email is 1% of data, and 
Ham email is 99% of data
• Scenario 1
– Have classifier always output HAM!
– What is the accuracy?

• Scenario 2
– Predict one SPAM email as SPAM, all other emails as 

legitimate
– What is the precision?

• Scenario 3
– Output always SPAM!
– What is the recall?

99%

100%

100%
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Precision & Recall

21



F-Score
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A Word of Caution
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Classifiers can be tuned

• Logistic regression sets by default the 
threshold at 0.5 for classifying positive and 
negative instances

• Some applications have strict constraints on 
false positives (or other metrics)
– Example: very low false positives in security (spam)

• Solution: choose different threshold

T

T

Higher T, lower FP
Lower T,  lower FN
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ROC Curves

• Receiver Operating Characteristic (ROC)
• Determine operating point (e.g., by fixing false positive rate)

Perfect 
classification

Random 
guessing

Better

One classifier for 
fixed threshold
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Performance Depends on Threshold
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ROC Curve
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ROC Curve
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ROC Curve
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ROC Curves

• Another useful metric: Area Under the Curve (AUC)
• The closest to 1, the better! 

AUC 
(Area Under 
the Curve)
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Area Under the ROC Curve
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ROC Example
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ROC Example
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Linear models
• Perceptron

• Logistic regression

• LDA 

𝑀𝑎𝑥[
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LDA vs Logistic Regression
• Logistic regression computes directly Pr 𝑌 = 1 𝑋 = 𝑥 by 

assuming sigmoid function
– Uses Maximum Likelihood Estimation
– Discriminative Model

• LDA uses Bayes Theorem to estimate it
– Estimates mean, co-variance, and prior from training data
– Generative model
– Assumes Gaussian distribution for 𝑓[ 𝑥 = Pr 𝑋 = 𝑥 𝑌 = 𝑘

• Which one is better?
– LDA can be sensitive to outliers
– LDA works well for Gaussian distribution
– Logistic regression is more complex to solve, but more 

expressive
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Linear Classifier Lab
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https://www.kaggle.com/ronitf/heart-disease-uci

https://www.kaggle.com/ronitf/heart-disease-uci


Lab, cont.
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Lab, Logistic Regression
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Metrics for LR
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Plot Metrics and ROC
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Lab LDA
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LDA Metrics
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Lab kNN
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