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Perturbation experiments on cells
A

(Change conditions and modify the basal cell state\ )

through a controlled external event

Impact of the perturbation on
e gene expression/cell type?

— _
Three types of approaches:
COHdit{l 1 Condition 2 Condition 1 Condition 2 Cell type 1 Cell type 2
PO \ AL f \.
X ~
Differential Abundance Differential Expression Differential State
Detect differences in the Detect differences in gene Detect differences in cell

cell type composition expression types’ responses
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Application to experimental data

self-renewal

di differentiation- K 10on?
— inducing J O U ~ Reversion:
medium
Batch
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Undifferentiated |
cells I '_H
OH 24H 48H Time
’) Are the reverted cells close

‘ ’) What is the transcriptomic impact of the
e to undifferentiated?

e medium perturbation on cell differentiation?

3



Kernel testing for perturbation analysis

Complex nature of the gene-expression distribution == non-linear approach is required

Reproducing Kernel

J

Original data Embedded data Hilbert Space
Y,,...,Y, € ym™d pY), ..., (Y, € ' g—————(RKHS)
LfAN Vin M o
.3.:: ;‘t".".' e g‘“ i} .
¥ iR 3 < Non-linear for the original
% ?“;{ kernel k( - , - ) data, but linear in the
- o’ O
/' IR such that ' feature space
P, 2

Simple two-sample test:
Hy: (P =P = {1 =u}
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Generalizing kernel testing to any design

* Embed the expression data into the feature space
* Regress the embeddings against:

v/ the medium effect (i.e. perturbation)

v the batch effect
o o level Linear decomposition of
APIESSION TEVES the mean embeddings
of 83 genes \ A Random
| , ) error
| ) = @medium batch 4]
!& qﬁ):u,kz 0 T 6} T €ijik ’
Medium - “Batch h —Cell

1 € {OH, 24H, 48HDIFF, 48HREV } je{l,....8} ke {l,...,685}

* Matrix formulation in the feature space: ®(Y) = X0 + E
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Perturbation analysis via statistical tests

* Differential Expression Analysns v1a panrwnse test:

(z z) = {OH 24H 48HDIFF 48HREV }?,
[ £ 1

* Kernel 7-truncated Hotelling-Lawley test statistic: # , = Tr( Z

pd '\

~ Cov(E)~! A test operator encoding
the test hypothesis

» Frisasymptotically )(C%T -» asymptotic p-values



Perturbation analysis via statistical tests

| . gmedium

i

The most distinct (i, i) € {OH, 24H, 48HDIFF, 4§HREV }2,

medium pair: 0 24H _48HDIFF  48HREV [ £ 1
OH and 48HDIFF 59.25 BELKEIE 0.00
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medium pailr: Pairwise Hotelling-Lawley Hierarchical clustering based

OH and 48HREV test statistic values on the pairwise test statistic



Projections on discriminant axes

N

* Project the cell embeddings onto the eigenfunctions of X }1 TJ\L

t

“Discrimination” operator associated with the test

o . . . gmedium __ gmedium _ gmedium _ gmedium
Test for the medium effect: H, : Oor =001 = O4etinier = OISHREV

le=7 Medium
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From DEA to DSA
' leferences in gene expressu@ [l;f?erences in cell types responses)

» Differential expression analysis (DEA):

condition
Cb( k) — H T €; k
Cell type fixed effect

: : , Cell tcyelﬁteyixed eliect for a given condition
» Differential state analysis (DSA): 0 e X geondition&eelltype — g

/ il

. T 4
¢( e l) _ Hicondluon 4 chelltype 4 6).cond1t10n&celltype 4 € k.

Hcondltlon&celltyp

ll’ %

* Test (pairwise): %




Python + R library
ktest
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Thank you for attention!

Python library kKAOV

kAOV: Kernel Analysis of Variance

General Preprint
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