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Matrix calculation
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PCA in genomics

TERHRIETE S Hr R, PCA LAk SR A RER MM IR R IR, XA AR~ E K5 (principal

components) , FAFE R A —HEL A S LR FRIEME, e DR AN R E A 5 KT 2. 24 H PCA XfFE [
RKISHARHATIRAE S, AT DR —AFE SR, HhSAERs#H L — 1 mE, N eigengene CFFEREED , &
RET —HEF M ERBEE.

TERRRIATE S, eigengene 7] A# KRR R —HIEFR AR, @I HEAR LA FAFREAR eigengene &1k

{B, T DAHE 7R JE PR Fab A A A ) AR B AL BRAS T 324K . eigengene 34 AT LA FH Sk 45 5 AN [ 35 [R1 a2 1] FrR A BA
AZFdE, BTSN GO B R 2 18] A AR R RR 2R &R, AR R R AN I3k [ 2 B R A= ) 2 T g

Factors: k X d

I Loadings: n X k

A high dimensional data of 11 X d, Compacting data into the linear
where for example d > 1000 combination of loadings and factors, which

are two low dimensional matrixes (k << d).



Estimation and correction for the batch effect

LR (batch effect) gLt e T2 M RGIRMAEARR ZS, AR ESZRAEYFE ST SR EHERZE . fit
RN T AW 2 S 56 45 SR AR AT N T BE 2 R B RS, [RIE TR B AT A T ERMB IE . 8 AR A
(eigengene) BEATHERN FIETHSIBIE & —Ma R 775, T & BAARR D .

1. @t PCA S5, THEEAREN LR, SRR E R0 SR ERE (eigengene)

2. RBREEREF A FEARIZRALIR (batch) #4742, A FHLR A 2T 434

3. AFTEALIK, THEIZMR T A FEA) eigengene (IEIEAN T % .

4. IR eigengene HIERI T ZIENBEL, HSLAMER B, M MEABATHA MG HAEE.
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principal component correction (PCC)
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AU YR

2. WFRATEE, FIF PCA kst B gt T gk b3, $RECHE AT k A3 5% (Principal Components) .

3. MTEATE, HEZTEMENRS TME (Principal Component Mean, PCM) , BIiZ14 WA FEALE £
A T A .

4. XNTEHNTEANIER, BHRRZTEMERS A PCM LA E, AR ERNTFENNER> 155
(Principal Component Scores) -

5. XN TRAFRST, FIHENEREERE Bz S AR Z B9 R,  BI 32 oo 1570 Rtk i 22 14 [m] U5 24k
(Regression Coefficient) -

6. XTTHIAEA, EHAH PCA KB E E ir Br, IR AN TERNKERS S5, S5 H X R 2R
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7. KA LR I R 150y ER B AR R S 1, A5 B2 i R RONAZ I S B A -
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PCA and tSNE/UMAP

PCA (Principal Component Analysis) . tSNE (t-distributed Stochastic Neighbor Embedding) #1 UMAP (Uniform Manifold
Approximation and Projection) #I & &4k 772
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Finding low dimensional
PCA projections that spread data
as much as possible.

High interpretability as Work less well for non-
factor analysis linear patterns

Non-linear embedding that
tSNE / keep close-by points close Can learn complex non-
UMA using a probabilistic linear relationships

objective.

Axes have no meanings

S RRUL, SRR BT IR B T AR R R R B S . AR EE ARRE AR R, AT DAE A PCA; SR B SR R AR Ltk
(K7, JURTLAfE A tSNE 5 UMAP. 0 R 7 BEOR B IR UG HdR I & Jm Ak, JUIRT AR 3% UMAP; i 2R 75 2Ok B T4k 2080 1) =) R 45
#4, U] ALE$E tSNE,

Performance of dimensional reduction methods in scRNA-seq
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Trajectory Inference- - - . . . . .
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When testing on multiple
scRNA-Seq data sets, classical
dimensionality reduction
methods (e.g. Factor Analysis, /
PCA, and NMF) can outperform
most of the newly invented I Good M Intermediate [ Poor
methods.
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