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Learning Objectives for Module 3: Cancer

* | can answer the question “what is cancer?” and explain what the
hallmarks of cancer are.

and validate the model.

* | understand the difference between supervised and
learning methods and know when to use them.

* | understand how machine learning methods use optimization of a cost
function to determine the best answer to my research question.

* | know how to avoid overfitting and determine if my model is “good
enough” using quantitative metrics.
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Lel's picK genes specitic to our hallmark ot
Interest

* Pull my upstream remote branch
* Open EDA.py and in_class_DR_clustering.ipynb

* How many total genes are in the dataset?
* How do we visualize this?

* To get a comprehensive picture of the hallmark activity, use a “gene set”:
genes with coordinated expression related to a hallmark

* https://cancerhallmarks.com/download



https://cancerhallmarks.com/download

Using sci-kit learn for machine learning

Check out the User Guide on sklearn website!

conda activate BME2315
pip install scikit-learn

https://scikit-learn.org/stable/modules/generated/sklearn.linear model.LinearRegression.html



https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LinearRegression.html
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Unsupervised learning methods

* | have “unlabeled” data

* No labels or “right answers” (or the labels
given are irrelevant to my question)

* | want to find patterns or structure in the data

* Dimensionality reduction
* Preserve information while reducing features
* PCA
* Manifold learning (UMAP, tSNE)

* Clustering
* K-means

* Hierarchical clustering
* DBSCAN

* Anomaly detection
* Finding unusual data points

o

statistics

i

Machine Learning

5

Artificial intelligence




Dimensionality reduction and manifold learning

 Problem: our data has thousands
of features (genes)
* Even after subsetting to a hallmark,

* We need a way to look at the “most
important” dimensions in 2D or 3D

* “What gene shows the most
variable expression across breast
cancer?” (PCA)

* “Is there a pattern of continuous
cell identity (i.e. plasticity)
connecting small cell lung cancer
subtypes?” (manifold learning)

Cell Systems

Archetype tasks link intratumoral heterogeneity to
plasticity and cancer hallmarks in small cell lung

cancer
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| In brief

Groves et al. revisit small cell lung cancer
intra-tumor heterogeneity by applying
archetypal analysis and produce
actionable insights into functional task
trade-offs as drivers of cancer cell

|| plasticity.

WE ARE ALL GOING TO USE DIMENSIONALITY REDUCTION TO VISUALIZE

OUR DATA!



Matrix Factorization/Decomposition: PCA

« Find the “directions” in the dataset that
give the most information (have the w
most variance)

« Done by “decomposing” the matrix of data
(genes/features x samples) into new
features (PC1, PC2, etc)

« Each PC is a combination of the old
features

« Each PC is orthogonal (90deg) from
others

« Maximizing variance ~ minimizing the
distance of the projection in a
least-squares sense

« Very useful for visualizing high-
dimensional data

« Can plot things like cluster labels on top N o
of the PCA for communicating clustering \aximize variance Winimize residuals

. squared distance) (squared distance)
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https://setosa.io/ev/principal-component-analysis/

https://alexhwilliams.info/itsneuronalblog/2016/03/27/pca/


https://setosa.io/ev/principal-component-analysis/
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How to use ANY sklearn model/estimator

INSTANTIATE * X_train = features you want
" [ e s ot e 10 train the model on
|| *y_train = if you have
FIT - labeled data, this is the

INSTANTIATED

ESTIMATOR “target”

O- ® * X_test & Y_test = new
|

DATA dataset



How to use PCA from the sklearn.decomposition module

X = data # features X samples

#instantiate model
pca = PCA(n_components=2)

#fit the PCA to data AND transform that same data
X_pca = pca.fit _transform(X)

#X_pca = transformed dataset
#pca.Attribute = info about model



Understanding sci-kit learn via the API

conda activate BME2315
pip install scikit-learn E

https://www.menti.com/al29szz58jmf



https://www.menti.com/al29szz58jmf

Manifold learning: UMAP

* High-dimensional data often

IieS onNn a Iower_dimensional, Original 3D Data znumnppfffif
non-linear “manifold” (like a ) ety

curved surface)

* “Fuzzy graph” where each
data point is connected to its
nearest neighbors

* Preserves high-dimensional
structure

n_neighbors: 3 L]

* Optimize the layout of the .

Figure 5: UMAP projections of a 30 woolly mammoath skeleton (S0 points, 10k shown) fnto 2 dimensions, with

]
g ra p h I n 2 D various seftings for the n_neighbors and min_dist parameters

https://biostatsquid.com/umap-simply-explained/ https://pair-code.qgithub.io/understanding-umap/



https://pair-code.github.io/understanding-umap/
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Recap from last class

PCA

- Find axes of highest
variance(pca.fit()) and
rotate the datato view it
from the new axes
(pca.transform())

- Each new axis is
meaningful and tells
you something about
the underlying patterns
in the features

UMAP

* Perform a nonlinear
transformation by:

* building a “fuzzy graph”
that connects the
neighbors in high-
dimensional space

* Figure out a good way
to “smoosh” this graph
into two dimensions that
preserves the high-
dimensional structure

* Visualizes a manifold
through the data

INSTANTIATE

CALL

ESTIMATOR

|

from sklearn.modulename import EstimatorName

model = EstimatorName()

model.fit(X_train, y_train)
3B.model.predict(X_test)

model.score(X_test, y_test)

INSTANTIATED
ESTIMATOR

T-

DATA

!

-

NEW TRAINED PREDICTED = PERFORMANCE
DATA ESTIMATOR DATA METRICS
PREDICT SCORE



Implementing PCA with sklearn

* in_class_DR_clustering.ipynb



K-means clustering

B PLOS | siaamonaL

 Used when we want to find

groups of commonality in the A. CONSENSUS CLUSTERING

WITHK =4

ata

« “Are there subgroups of small cell
lung cancer based on the
expression of key transcription
factors?”

« We need to tell the algorithm how
many clusters to look for

1. Randomly place “centroids”

2. Assign each sample to the closest centroid

3. Move the centroids so they are actually in the middle
of all the points assigned to them

Cost function: minimize the mean distance (norm)

between samples and centroids

https://www.naftaliharris.com/blog/visualizing-k-means-clustering/
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https://www.naftaliharris.com/blog/visualizing-k-means-clustering/

* HC: group
most similar

samples and
then groups
of groups

* DBSCAN:
groups

densely
packed
points while
avoiding low-
density
regions
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Understanding sci-kit learn via the API

conda activate BME2315
pip install scikit-learn E

https://www.menti.com/al29szz58jmf



https://www.menti.com/al29szz58jmf

In class work time on your projects

* Reduce the dataset to the cancer type(s) of interest and genes of interest
related to your hallmark(s).
* You should have >10 genes, but >100 is even better!

* Visualize your data with a PCA
» Color the PCA by important features (at least two different views related to your project

goal)
* Choose one of the following: ond check-n: All the
* Visualize your data with a UMAP red should be

» Use clustering on your data and visualize the clusters on the PCA  completed!
* If you need to refine your question/project goal, do so!



	Module 3 Lecture 4 Introduction to Machine Learning: Unsuper
	Learning Objectives for Module 3: Cancer
	Where we are so far…
	Let’s pick genes specific to our hallmark of interest
	Using sci-kit learn for machine learning
	Slide 7
	Unsupervised learning methods
	Dimensionality reduction and manifold learning
	Matrix Factorization/Decomposition: PCA
	Slide 11
	How to use ANY sklearn model/estimator
	How to use PCA from the sklearn.decomposition module
	Understanding sci-kit learn via the API
	Manifold learning: UMAP
	Where we are so far… (2)
	Recap from last class
	Implementing PCA with sklearn
	K-means clustering
	Hierarchical clustering and DBSCAN
	Slide 21
	Understanding sci-kit learn via the API (2)
	In class work time on your projects

