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Differential Expression Analysis in bulk is blind to
cellular heterogeneity
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Cellular heterogeneity can lead to multi-modal

expression distributions

(A) Expression States of Gene X for Individual Cells Over Time

(B)
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of Single Cells Expression Level of Gene X

Possible mechanisms

Multiple stable
underlying cell states
Stochastic ‘burst’
fluctuations
Oscillatory patterns

Modality of Bulk (Reds) vs Single—cell (Blues) RNA-seq datasets
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Need to reassess evaluation of DE methods in
single—cell
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scDD Framework

Preprocessing

1. Obtain log transformed counts normalized for library size
2. Filter genes that are detected in fewer than 25% of cells
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Detection

1. Model expressed cells for each gene: DPM of Normals
2. Quantify evidence of Differential Distributions (DD):
- BF with permutation for expressed component
- GLM LRT for dropout component




scDD Framework

Preprocessing —
1. Obtain log transformed counts normalized for library size

Conditional on partition, likelihood is
a product over component-specific
distributions:

yilz; =k, pr, e ~ N (pk, %)

2. Filter genes that are detected in fewer than 25% of cells

Detection pik, Tk ~ NG (mo, s0,a0/2,2/bo)

1. Model expressed cells for each gene: DPM of Normals Kr afT(a) )
2. Quantify evidence of Differential Distributions (DD): (a+J) H L(n

- BF with permutation for expressed component
- GLM LRT for dropout component

Partition estimate by BIC with
additional merge/split step based on
Bimodal Index:

BI — 2 « nin2 (|M1—M2|>
(n1 + n9)? o

—




scDD Framework

Preprocessing —
1. Obtain log transformed counts normalized for library size Approximate Bayes Factor score for
2. Filter genes that are detected in fewer than 25% of cells DD of expressed cells between
conditions:
Detection _ <f(Yg, Zg|MDD))
Scorey = log F(Vy Zy\ M)

1. Model expressed cells for each gene: DPM of Normals
2. Quantify evidence of Differential Distributions (DD): g for(YEH, 25N for (Y2, 252)
- BF with permutation for expressed component - ( for.02(Yy, Zg) )

- GLM LRT for dropout component

Assess significance via permutation
of samples to conditions to obtain
gene-specific empirical p—values




scDD Framework

Preprocessing —

1. Obtain log transformed counts normalized for library size
2. Filter genes that are detected in fewer than 25% of cells

If expressed component does not
- display significant DD, assess
Detection evigegce?‘or differential proportion of
1. Model expressed cells for each gene: DPM of Normals zeroes (dropout):
2. Quantify evidence of Differential Distributions (DD):
- BF with permutation for expressed component Logistic regression adjusted for
- GLM LRT for dropout component overall cellular rate of dropout




scDD Framework

Preprocessing

1. Obtain log Expected Counts normalized for library size
2. Filter genes that are detected in fewer than 25% of cells

Detection
1. Model expressed cells for each gene: DPM of Normals

2. Quantify evidence of Differential Distributions (DD):
- BF with permutation for expressed component
- GLM LRT for dropout component

Classification
Classify significant DD genes into patterns DE, DP, DM, DB, DZ

l DE: Traditional Differential DB: Both DM and Differential DZ: Differential Proportion \
Expression DP: Differential Proportion DM: Differential Modality Component means of zeroes

M U2 W U2 M U2 U Ug U2




scDD Framework

Preprocessing —

1. Obtain log Expected Counts normalized for library size Classification algorithm considers
2. Filter genes that are detected in fewer than 25% of cells

number of components in each
condition as well as their overlap

e.qg. if there is one component in
. both conditions, and they do not
Detection overlap => DE
1. Model expressed cells for each gene: DPM of Normals
2. Quantify evidence of Differential Distributions (DD):
- BF with permutation for expressed component
- GLM LRT for dropout component

L] ]

Overlap is assessed via posterior
— . sampling of component-specific
Classification parameters:

Classify significant DD genes into patterns DE, DP, DM, DB, DZ (ks Te)Y, Z ~ NG(my, s, ag/2,2/by)

l DE: Traditional Differential DB: Both DM and Differential DZ: Differential Proportion \
Expression DP: Differential Proportion DM: Differential Modality Component means of zeroes

M U2 W U2 M U2 U Ug U2




Simulation
scDD detects and classifies complex patterns

@ Traditonal DE ® op
True Gene Category

= - : Sample Size  Method DE DP DM DB Overall (FDR)

o - o . scDD | 0.893 0.418 0.898 0.572 | 0.695 (0.029)

50 SCDE | 0.872 0.026 0.817 0.260 | 0.494 (0.004)

MAST | 0.908 0.400 0.871 0.019 | 0.550 (0.026)

scDD | 0.951 0590 0.960 0.668 | 0.792 (0.031)

75 SCDE | 0.948 0.070 0.903 0.387 | 0.577 (0.003)

‘ ‘ ‘ ‘ ‘ MAST | 0.956 0.633 0.943 0.036 | 0.642 (0.022)

. ' e scDD | 0.972 0.717 0.982 0.727 | 0.850 (0.033)

100 SCDE | 0.975 0.125 0.946 0.478 | 0.631 (0.003)

MAST | 0.977 0.752 0.970 0.045 | 0.686 (0.022)

- 500 DD genes from each «DD | 1.000 0083 1.000 0.905 | 0.972 (0.035)

category, 8000 null genes 500 SCDE | 1.000 0.855 0.998 0.787 | 0.910 (0.004)

MAST | 1.000 0.993 1.000 0.170 | 0.791 (0.022)

- Observations generated
from mixtures of negative
binomial distributions



Simulation
scDD detects and classifies complex patterns

Correct Classification Rate

| Gene Category Ability to correctly classify
Sample Size DE DP DM DB DD genes dependg on the

50 0719 0.801 0.557  0.665 ability to detect the correct
75 0.760 0.732 0.576 0.698 number of components

100 0.782 0.678 0.599 0.706

500 0.816 0.550 0.583 0.646
I I
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Simulation

scDD detects and classifies complex patterns

Correct Classification Rate

Gene Category
Sample Size DE DP DM

Ability to correctly classify

50 0.719 0.801 0.557
75 0.760 0.732 0.576
100 0.782 0.678 0.599
500 0.816 0.550 0.583

DB DD genes depends on the
0.665 ability to detect the correct
0.698 number of components
0.706
0.646

Power to detect correct number of components

Bimodal Unimodal
Sample component mean distance A,
Size 2 3 4 5 6
50 0.056 0.196 0.579 0.848 0.922 0.907
75 0.052 0.252 0.719 0.917 0.957 0.908
100 0.050 0.302 0.811 0.950 0.974 0.905
MI1 Mlz 500 0.073 0.417 0.959 0.995 0.991 0.884



Case Study
scDD detects and classifies complex patterns

Differentially expressed genes detected by each method

hESC types
Comparison DE DP DM DB SCDE | MAST
Undifferentiated  H1 vs NPC 1686 270 902 440 2021 | 5887
H1 vs DEC 913 254 890 516 1616 | 3724
NPC vs DEC | 1242 327 910 389 2147 | 5624
Differentiated H1 vs H9 260 55 85 37 111 1119

471 DD genes not detected by
H1 vs DEC SCDE or MAST are enriched for
complex patterns (1 gene

(A) scDD-exclusive Genes (B) Cell C .
ycle Genes
DZ: SLAMF?7 DP: FASTKD3 CHEK2 CDK? categorized as DE)
8.
44 N K N
3/ : §4 N Cyclin genes expressed
2. % Y E —> constitutively in hESCs,
" v 2 21| oscillatory in differentiated
o ] N - 0 - - o : cell types
) DEC H1 DEC H1 DEC M DEC H
(8]
EJG’ DM: KCNE3 DB: NCOA3 (C) Pluripotency Genes
2 i FOXP1 gy  PSMD12 PSMD12 encodes a subunit
6 61 . of the proteasome complex
. N s % : vital to maintenance of
@4 o] pluripotency and has shown
2 21 g : decreased expression in
o : ol - - 21 ! differentiating hESCs v
DEC H1 DEC H1 0 D-I'E.C ;,'1 = -



Summary: Advantages & Limitations

scDD is a novel statistical method that detects gene expression
differences in scRNA-seq experiments while explicitly
accounting for potential multimodality among expressed cells

Comparable performance to existing methods at detecting mean

shifts, but able to detect and characterize more complex
differences that are masked under unimodal assumptions

Modeling framework does not directly incorporate covariates and
IS limited to pairwise comparisons of biological conditions

Genes are evaluated independently; does not aim to cluster cells
into subtypes based on global gene expression changes



L earn More

Preprint available on BioRxiv

http://biorxiv.org/content/early/
2016/05/13/035501

R package scDD available on

GitHub O

https://github.com/kdkorthauer/scDD

Contact
@ keegan@jimmy.harvard.edu

W @keegsdur
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