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-Supervised learning2
logistic
ridge, lasso, 
Regression (multinomial, glm)
decision tree, svm, smoothing(kernel), bayes

-Ensemble learning



Supervised learning2



Logistic regression
• Binary classification problem



Logistic regression
• Binary classification problem



Logistic regression
• 𝐻 𝑥 = 𝑊𝑥 + 𝑏
• 𝐻 𝑥 = 𝐺 𝑊𝑥 + 𝑏

• 𝐺 𝑧 =  
ଵ

ଵା௘ష೥



Logistic regression vs linear regression

• Red data points 
-Linear regression: gradual difference
-Logistic regression: dramatic difference each to capture



Logistic regression
• 𝐻 𝑥 = 𝑊𝑥 + 𝑏
• 𝐻 𝑥 = 𝐺 𝑊𝑥 + 𝑏

• 𝐻 𝑥 =  
ଵ

ଵା௘ೈ೉



Logistic regression
• 𝐻 𝑥 = 𝑊𝑥 + 𝑏
• 𝐻 𝑥 = 𝐺 𝑊𝑥 + 𝑏

• 𝐻 𝑥 =  
ଵ

ଵା௘ೈ೉

• Cost function as linear regression??

• 𝑐𝑜𝑠𝑡 𝑊, 𝑏 =  
ଵ

௠
∑ 𝐻(𝑥௜) −  𝑦௜ ଶ

 ௠
௜ୀଵ

• Difference between two probability distribution
 𝐻 𝑃, 𝑄 = − ∑ 𝑃 𝑥 log(𝑄 𝑥 ) 



Logistic regression
• 𝑐𝑜𝑠𝑡 𝑊 =  

ଵ

௠
∑ 𝑐 𝐻(𝑥௜), 𝑦௜  ௠

௜ୀଵ

• 𝑐 𝐻(𝑥), 𝑦 = ቐ
− log 𝐻 𝑥 :        𝑦 = 1

− log 1 − 𝐻 𝑥 : 𝑦 = 0

Q  y
• 𝑐 𝐻(𝑥), 𝑦 = −𝑦𝑙𝑜𝑔 𝐻 𝑥 − 1 − 𝑦 log(1 − 𝐻 𝑥 )



Logistic regression

• 𝑐 𝐻(𝑥), 𝑦 = ቐ
− log 𝐻 𝑥 :        𝑦 = 1

− log 1 − 𝐻 𝑥 : 𝑦 = 0



Logistic regression

• Phenotype = Logistic regression (gn1 expression)
Ex): Cell type, drug-resistance,  …

Gn1 expression  marker gene?
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Multinomial classification

• 𝐻 𝑥 =  
ଵ

ଵା௘ೈ೉

• S𝑜𝑓𝑡𝑚𝑎𝑥 𝑦௜ෝ =  
௘೤೔ෞ

∑ ௘
೤೔ෞ



Linear & Logisitc regression

• Linear regression
- One variable: 𝐻 𝑥 = 𝑊𝑥
- Multinomial: 𝐻 𝑋 =XW

- Cost function: 
ଵ

௠
∑ 𝑊𝑥௜ −  𝑦௜ ଶ

 ௠
௜ୀଵ (MSE: mean-square error)

Logistic regression
- Binary classification: Sigmoid(WX)
- Multinomial: Softmax(WX)
- Cost function: ∑−𝑦𝑙𝑜𝑔(𝐻(𝑥))   Cross entropy in the future



Logistic regression

• Phenotype = Logistic regression (gn1, gn2, gn3 expression)
Ex): Cell type, drug-resistance,  …

Gn1, gn2, gn3 expression  marker gene?
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Regularization

-𝜆: penalty

-Regularization prevents the “weight” from increasing too much

Minimum loss for the test set
 Can lead to over-fitting

Minimum 
regularization



Regularization

-Regularization prevents the “weight” from increasing too much
 Now this model can also predict the data from “left-bottom”



Linear regression  penalty to avoid over-fitting
-𝐻(𝑥)=𝑊𝑥+𝑏

Lasso
-L1-normalization of each parameter (W) from linear regression

Ridge (L2) regression
-L2-normalization of each parameter (W) from linear regression

Elastic net regression
-Combined Ridge + Lasso



Multiple linear regression

-Multiple variables with different weight

Multinomial logistic regression



Generalized linear model
-g function (link function)
E(y): expectation of dependent variable
G(E(y)) ~ linear regression

Example)
Count data: non-negative  log function
Skewed data: gamma or log
Binary data  binomial distribution

m = E(y)



Generalized linear model
-Fixed effect vs random effect

β: fixed effect for (co)variables (Age, Treatment)
u: random effect for variable (hospital, group, school ?)

β0: fixed intercept
e: residual (error term)

Ex) Score = β*studytime



Generalized linear model
-Fixed effect vs random effect

β: fixed effect for (co)variables (Age, Treatment)
u: random effect for variable (hospital, group, school ?) 
Different schools have different learning rate
Rather than predicting each β for each school,

β0: fixed intercept
e: residual (error term)

σ: deviation of effect (for each school)
 Each school has different effect
Higher σ higher variation across schools









Support Vector Machine (SVM)
1. Separating hyperplane
2. Maximum-margin hyperplane
3. Support vector machine (SVM)
4. Soft margin
5. Kernel function



Support Vector Machine (SVM)



Support Vector Machine (SVM)



Support Vector Machine (SVM)



Support Vector Machine (SVM)



Support Vector Machine (SVM)



Kernel-based smoothing
-Noisy data  smoothing  better modeling
-weighted mean for each data point from neighbors
-kernel function: ex) gaussian
-bandwidth: low  noisy, high  smoother



Kernel-based smoothing
-Gaussian kernel smoother

-Nearest neighbor smoother
K-nearest neighbor averaging
Y(x): average value of kNN



Kernal-based smoothing



Kernel Density Estimation (KDE)
-Density estimation by kernel function
Kernel function: symmetric by 0, integral = 1, non-negative
Ex) Gaussian, Epanechnikov, uniform

h (bandwidth): low  sharp shape, high  smooth
Accumulation of K (kernel) for each data point



Bayes theorem

Conditional probability

Likelihood: 

Positive / negative (in the data)
Positive / negative (goldstandard)



Ensemble learning



Ensemble learning

• Single classifier multiple classifier  Improve performance



Ensemble learning
• Majority voting • Single classifier might be over-fitted

• Not robust enough
• Maybe single classifier may work for a 

certain classifier

-Majority voting
Use various models 

model …model3model2model1sample1

xoooYes
oxxxNo

model …model3model2model1sample1

xoxxYes
oxooNo



Ensemble learning
• Bagging (ex: Random forest)
 Down-sampling  average score of each prediction



Ensemble learning
• Boosting: update weight for each training (starts with weak classifier)



Ensemble learning
• Boosting: weight update
-AdaBoost
-Gradient Boosting machine: uses gradient

𝑊 := 𝑊 - 𝛼
డ

డௐ
∗ 𝑐𝑜𝑠𝑡 𝑊

-XGBoost: faster, improve over-fitting



Ensemble learning
• Blending • Training data  multiple classifier

• Score for each prediction
• Use that score as an input for final classifier

Model4Model3Model2Model1Celltype
6213B cell
8142T cell
4595Epithelium
2400Stroma

Model4_S…Model1_TModel1_B
2…23Input

Epithelium




