Biostatistics 216: Machine Learning in R for the Biomedical Sciences
Winter 2022, Class is held every Wednesday: Lecture 8:45 – 10:15, Lab: 10:20 – 11:20
Zoom link on CLE.
In-person location (when possible): Mission Hall MH-1400

Course Description: This course covers machine learning methods for solving problems in biomedical research. Machine learning algorithms extract patterns from data to perform tasks such as prediction, clustering, and dimension reduction. Machine learning lies at the intersection between statistics and computer science. The techniques differ from traditional methods in that they scale with the size and complexity of the data. Course topics include supervised learning, unsupervised learning, evaluation/validation of machine learning algorithms, penalization methods for high-dimensional data, ensemble methods, and deep learning. Students will learn to apply these methods in R. The course objectives are:
· Understand the rationale and mechanics of common machine learning techniques;
· Learn how to evaluate and validate machine learning algorithms;
· Be able to apply machine learning techniques in R; and
· Apply the knowledge and techniques to the completion of a real-world biomedical project.
Instructor: Jean Feng, Assistant Professor, Department of Epidemiology and Biostatistics (jean.feng@ucsf.edu)
Teaching Assistant: Emily Tang (emily.tang2@ucsf.edu)
Textbook: The course will cover topics from “Introduction to Statistical Learning in R” by Gareth James, Daniela Witten, Trevor Hastie and Robert Tibshirani.
Prerequisites: Prior completion of BIOSTAT 202, BIOSTAT 208, BIOSTAT 209, and BIOSTAT 213 or equivalent experience. EPI 204 is highly recommended.
Course format: We will have lectures every Wednesday from 8:45 to 10:15. After lecture, we will have a short break followed by lab. The lab is scheduled for 10:20 to 11:20. Lectures will be recorded and posted on the CLE. 
Assignments and Grading:
You will be graded on five homework assignments and one data analysis projects.
	Assignment
	Due date
	Weight

	Homework 1
	1/19
	Evenly weighted; Worst score is dropped; Total weight 70%.

	Homework 2
	2/2
	

	Homework 3
	2/16
	

	Homework 4
	3/2
	

	Homework 5
	3/16
	

	Project
	3/18
	30%



Homework assignments will be given in R and should be done in RMarkdown. To submit the homework, knit the RMarkdown into a HTML file to turn it in. Make sure your code is shown in the HTML file. If you would like to do the homework in Python, please discuss your plans with the instructor. You will be responsible for converting the homework from R to Python.
You are expected to turn in all assignments on time.
Letter grade assignments are: A: 90-100%,   B: 80-90%,   C: 70-80%,   D: 60-70%. Fractional percentages will be rounded up.
Collaboration on homework is encouraged. However, all work you submit should be your own work and should reflect your understanding. Please write your final answers in your own words away from other classmates.
Academic Integrity: https://ticr.ucsf.edu/documents/Professional%20Conduct%20Statement%202014_03_11.pdf
UCSF Graduate Division Policy on Disabilities: https://ticr.ucsf.edu/courses/disability_support.html
Online discussion forum: Please post questions (or topics of discussion!) on the course forum on the CLE. It’s very possible that some other student in the course will have the same question. The TA and I will be monitoring the forum. 
Email: Please email the TA and I if you have questions specific to you. You are also encouraged to email me with feedback on the course. Giving feedback not affect your grade, positively or negatively.
Tentative Schedule
	Session/Lecture Title
	Session/Lecture Content

	Introduction: What is Machine Learning?

Week 1: 1/5
	1. What is Machine Learning?
2. Supervised vs Unsupervised Learning
3. Supervised learning (focusing on regression):
a. Loss functions
b. Parametric vs non-parametric models
c. Bias-Variance Trade-off

	Classification
Week 2: 1/12


	1. Linear regression
a. Optimization
2. Classification
a. Loss functions: AUC, binary accuracy
b. Logistic regression
c. Multinomial regression
d. Linear discriminant analysis
e. k-NN
f. ROC curves

	Penalized regression/classification methods

Week 3: 1/19

	1. Model selection: Training/validation split, Cross-validation
2. Low vs high-dimensional data
3. Variable subset selection
4. Penalization methods
a. Ridge and Lasso

	Support Vector Machines

Week 4: 1/26

	1. Support Vector Classifiers
2. Support Vector Machines and the kernel trick
3. Connections to logistic regression
4. SVMs for more than one class

	Classification and regression trees and Random Forests

Week 5: 2/2

	1. Tree-based methods
2. Bagging
3. Random forests

	Boosting

Week 6: 2/9

	1. Boosting
2. Gradient boosted trees
3. Confounders
4. Fairness
5. Discuss Course Project

	Clustering/Dimension Reduction
Week 7: 2/16


	1. K-means
2. Mixture models
3. Hierarchical clustering
4. Selecting hyperparameters for clustering methods
5. Principal components analysis (PCA)

	Neural networks
Week 8: 2/23

	1. What is deep learning
2. What can deep learning do vs not do
3. Dense neural networks
4. Convolutional neural networks

	Applications lecture

Week 9: 3/2

	Guest lecturer: Adam Olshen

Clustering and classification of high-dimensional data in a genomic context


	Updating risk prediction models

Week 10: 3/9

	1. Distributional shifts
2. Model recalibration and revision
3. Online model updating




