Biomed. Data Science:

Unsupervised Datamining E:
LDA & tSNE

5
- ///Z,/ ’ A :\\?\%
1.300.000 /(/I;ll/,g H,‘"'“"\“‘ \\‘\\\ ¥
oo o Mark Gerstein, Yale University

gersteinlab.org/courses/452
(last edit in spring '21, pack #9e, final)



Unsupervised Mining

LDA



From
dimension
reduction

view

-
-
-
-

dog animal loyal cat evil Olympics corner

Catis an
animal.
Cats are
evil ...

Animals

dog animal loyal cat evil Olympics corner

Olympics
IS just
around the
corner ...

Sports

Al

Al

Al bots Flying cars
beat Dota are driven
players . by cats ...

beat Dota players flying cars driven

Al bots Flying cars
beat Dota are driven
players .. by cats ...

Tech

beat Dota players flying cars driven

https://towardsdatascience.com/light-on-math-machine-learning-intuitive-guide-to-latent-dirichlet-allocation-437¢81220158

Lectures.GersteinLab.org



Diagram

08D

(@

N

M

®p—1...x ~ Dirichlety (8)
04—1.. ;s ~ Dirichletg ()
Zd=1.. Mw=1...N; ~ Categoricalg (6,)

Wq—1.. . Mw=1...N; ~ Categoricaly, (‘Pzdw )

« is the parameter of the Dirichlet prior on the per-document topic dis-

tributions

B is the parameter of the Dirichlet prior on the per-topic word distribu-

tion
0; is the topic distribution for document i
@k is the word distribution for topic k

zjjis the topic for the jth word in document i

w;; is the specific word, and

K is the number of topics, N is the number of word in a document, M is

the number of Documents.

Lectures.GersteinLab.org



[
e n e ra t I Ve 3. Pick another ball from the new ground
and you have a single word
Process
. 2. Based on the ball
Regs vl you pick, you're sent
to another ground
£ 1. Pick a ball from
Flying Olympics the ground "Theta"
------------------------------- = - £
Organize —J—
,’,"‘ Cats Loyal ground
e I Theta
"""""""""""""""""" Evil Alpha
’l:a”—— _C.D_ Organize Mimals Tech
7 ground
Phi B
Beta ympics
Players Al
D 5, Cats Loyal
v CTe--bcats
NS
:g\(/)l?s < Dogs Evil
/,—"' Cats )
Flying Oly‘ynpics
Players Al E
Document :
e Do this 5 times to get 5 words out for the document
5

w
https://towardsdatascience.com/light-on-math-machine-learning-intuitive-guide-to-latent-dirichlet-allocation-437¢81220158*



The sparsity is important

hyperparameter of Dirichlet distribution enable the sparsity of document

to topic (@) and word to topic (¢) distribution, make LDA works better than
others similar methods most of time.

Alpha =[1,1,1] Alpha =[0.2,0.2,0.2] Alpha =[5.0, 5.0, 5.0]

In LDA analysis, alpha
should be tuned for topic
distribution(0)

Alpha = [5.0, 1.0, 1.0] Alpha = [1.0, 1.0, 0.2] Alpha = [1.0, 5.0, 0.2]

https://towardsdatascience.com/light-on-math-machine-
learning-intuitive-guide-to-latent-dirichlet-allocation-
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FromTF —

gene (109%50,000) Hidden Layer
toTF — (50 biological

pathway (109%50) pathways?)

[Zhang et al. (‘20), biorxiv + Nat. Comm. (in press)]
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TopicNet: Measuring transcriptional regulatory
network change using LDA
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tSNE

a technique for dimensionality reduction that is particularly well suited for the
visualization of high-dimensional datasets

original data Perplexity=5 Perplexity=30 Perplexity=50 Perplexity=100
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hyperparameters ‘perplexity’ really matter; Cluster sizes in a t-SNE plot mean
nothing; Distances between clusters might not mean anything

https://distill.pub/2016/misread-tsne/ 11
https://scikit-learn.org/stable/auto_examples/manifold/plot_t_sne_perplexity.html#sphx-glr-auto-examples-manifold-plot-t-sne-perplexity-py



Example: t-SNE clustering of 14,685 single-cell transcriptomes
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Dulken, B.W. et al. nature 2019
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Unsupervised Mining
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Hierarchical Clustering

Comparison on real datasets

(melanoma scRNA-seq dataset)
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Comparison of sparsity using USArrests dataset
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