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S1 Proof of proposition 1

S1.1 Results from Rodriguez et al.| (2008)

In the hierarchical and nested nonparametric prior (3.1), given Gy, GU)’s
come from the NDP, DP(v,DP(v,Gp)). According to Rodriguez et al.

(2008)), we have the following results for any Borel set A € B.
1 E(GY(A)|Gy) = Go(A).

2 E <(GU)(A))2 |G0> _ Go(A)(Go(A)+1)

v+1

3 E (G (A)GU)(A)|Go) = (Go(A))* + s L= 5o .

v+1 v+1

4 Assume the first and second moments of G are a; and as, respectively.
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When D =1, let ,ugj ) and uf/j " denote random variables from G and
)

7

GU")| respectively. Conditional on Gy, the expectation between s

and ug,]l) fori #4 is E (uz(-j)ug,j)]GO = ﬁaQ + #a%.

5 P(GY(A) = GUI(A)|Gy) = -2 > 0.

v+1

S1.2 Proposition 1(1)

Proof.

S1.3 Proposition 1(2)

Proof. Since Gy ~ DP(a, H), Go(A) ~ Beta (aH(A),a(1 — H(A))).

E <(G(j)(A))2 |H) ~E (E ((G<J’>(A))2 \G0> |H)
g (GG D) )
oy (H(A) + (a7 + 1) H(A)
(a+1)(y+1) '




S1. PROOF OF PROPOSITION 1

Therefore,

V(G(j)(A)|H) _F <(G(j)(A>>2 |H> — (E (G(j)(A)|H))2
_ (a+~y+1)H(A)(1 - H(A))
(@+1)(v+1)

S1.4 Proposition 1(3)

Proof. Since Gy ~ DP(«, H), Go(A) ~ Beta(aH(A),a(1 — H(A))). For

Jj#7T,
o) (o) )
— Go(A))
- E( e )
_a(H(A >4 H(A) aH(A)(1—H(A))
a+1 (a+1)(v+1)(r+1)
Then,

Cov (G(j)(A), G(j')(A)|H> —E <G(j)(A)G(j')(A)|H> —E(GY(A)|H)E (G(j')(A)|H>

_a(H(A) + H(A) | aH(A)(1- H(A)) 2
B a+1 +(a+1)(7+1)(u+1)_(H(A))
_(a+(y+1)(w+1) H(A) A~ H(A)

(a+1)(y+1)(v+1)
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Therefore,

Cov (G (A), GU(A) |H)
(V(GW(A)H)V (GUI(A)|H))"?
1 o ry+at+y+rv+1
14w a+y+1 '

Cor (G(j)(A), G<J">(A)|H) -

S1.5 Proposition 1(4)

Proof. Since Gy ~ DP(a, H), we can write Go = Y ;- | m0,,, where p, R
H {m}2, ~ GEM(«). Assume the first and second moments of G, are
a; and ag, respectively. Let E(ux|H) = my and E(pi|H) = my < oo.
Then a1 = >0, T and ag = Y oo ey imply that E(a|H) = my and

E(as|H) = ms. According to the construction of stick-breaking process,

a k-1 2
E(m}) = (52) (+a)(2+a)”
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First, we have

E (a%\H) =E (Zﬂkﬂk <7rkuk +Z7Tgug> ‘H)
= £k

k=1

= |E()E(ui|H) + E(m, ) m)E(ukuz!H)]

k=1 L 04k

— Z E(77)my + E(my Z m)mf]

k=1 L £k

= > [E(n)(mz —m})] +m}

k=1
1 2 2
—a+1(m2—m1)+m1
1 N a
= my.
a+1 7 at1 !

In addition,

E(u1H) = E (B (11Gy ) 1)

:E(a1’H> = mq,

v (i) = (2 (1) 160) 1#r) ~ B (u111)’

. 2
— E (ao|H) —E <MEJ)|H> = my —m2.
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Fori #i,j =,

) 110 )
- (7+1 a1|H)

1 ¥ 1 o} 9
BT +m(ﬁm2+a—+1ml)
at+y+1 oy 2
T+ T ar ™

Subsequently,

Cov (uz ,uﬂ)|H> E(uz i |H) (uﬁj)IH)E(u?)\H)
_afqo+1 m ay m2 — m2
(a+1)(v+1) > (a+1)(y+1) +

o OZ—F’Y—Fl (m _m2)
HCEDRE A

Therefore,

Cov (uf»j ) H )

(v (u180) 7 (7 101))

at+y+1
ENCECR)

Cor (uz i H )
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For j # j,

E (1u1Go) = E (n ' |Co) B (GV(4) = GV (4)]Go)

+E (170" 1Go ) P (GO(4) £ 6D (4)[Go

Then

E(ul n |H> E<E<u§j)uﬁ7/)|00> |H>
vytat+y+r+l a(vy+y+v) 2
m2 1
(v+1D(a+1)(y+1)

S+ D(a+D(y+1)

Subsequently,

Cov (4w 11) =B (nu 1) — B (u|H) E (111

vyt at+y+rv+1 (m —m2)
+Da+)(y+1) 2

Therefore,

Cov (m 1 |H)
Cor (i 11) = (v (w18) v (w12)) "
B vy+a+vy+rv+1
(v+D(a+1)(y+1)
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S1.6 Proposition 1(5)

Proof. Since Gy ~ DP (o, H), we can write Go = ), | mx0,, , where 1, L

H {m}2, ~ GEM(«a). Assume the first and second moments of G are
a; and as, respectively. Let E(u,|H) = my, E(u,pl|H) = my and
Cor(p|H) = Ry. Then ay = > o0 mepy, and as = > oo Tty - Thus,
E(a1|H) = m; and E(az|H) = my. According to the construction of

stick-breaking process, E(Wﬁ) = (ﬁ)k_l _(1+a)2(2+a)’

First, we have
E (a1a( |H) =E (Z Tk (7%/%r + ZW#J) ’H>

1 £k

= | EE)E(pp [H) + E(mie Y 7o) Byl | H)
k=1 L 04k

= Z E(m})ms + E(m Z?Te)mlmI]

k=1 L 04k

= Z [E(77)(ms — mym] )| + mym]

In addition,

:E(a1|H) =Mm,,
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v (u1t) = (& () 160 ) 1) - B (1)

N2
=E(ax|H) - E (M§J)|H> =my —mm,.

Fori#£14d,5=7,
) -
1
= a,a] |H
7+1 1
1 vy 1 o T
T+l 2+v+1(@+1m2+a+1m1m1)
at+y+1 e + -y I
@+ D)(y+1) 2 (at+)(y+1)
Subsequently,

(), ()T ) @)
COV<uZ i \H) E(ul p IH) (uﬂ |H>E<ui7 |H)
aty+1 oy T T
e m —|— _
D+ 2T ar1)(y 1) mm — M
o at+y+1
(@a+1)(v+1)

(mgy — mlmlT)

Therefore,

Cor (,u,Z ,/J,Z \H) —dlag( (p,l(j)|H>) Cov (ul ,,u,l ]H) dlag( <u§7)|H>)_1/2
a+v+1
T (a+D(y+1)

H-
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For j # j,

E(n71"1Go) = E (1Pu1Go) P (GV)(4) = GV (4)|Go)

+E (1 1Go) B (GU(A) # GGy )

Then

IE(Mz uﬂ)|H> ]E(E(uz p |G0> \H>

_ vytatytvdl o alvytydy) s
v+ Da+DH+1) > w+D(a+)(y+1) 8

Subsequently,

Cov (. w11) =B (1) — B (u 1) E (1)

vyt at+y+rv+1l T
T Dt D )T )

Therefore,

—-1/2

Cor (uZ ,;u,Z \H)—dlag( (;J,Ej)|H>> Cov(p,z ,ulj)|H) d1ag< (,ujg,jl)lH)>

vyta+vy+rv+1
(v+D(a+1)(y+1)

H -



S2. THE PLN DISTRIBUTION ACCOUNTS FOR THE OVER-DISPERSION

S2 The PLN distribution accounts for the over-dispersion

Let Y ~ PLN(n,0?), which is equivalent to § ~ N(n,02) and Y ~ Poi(e?).
The mean and variance of Y can be derived based on the law of the total

expectation as follows.

o2

= e’7+§(1 + 5 et T,

The variance of PLN is larger than the mean, so PLN is able to model

over-dispersed data.

S3 Library size

The cell library size is the total number of reads mapped to one single cell.
For example, there are two genes and two cells. We assume the two genes in
fact have the same expression in the two cells. However, two cells usually go
through different polymerase chain reaction (PCR) amplification, resulting
in different read counts on genes, e.g., gene 1 has 4 reads in cell 1 and 12
reads in cell 2, and gene 2 has 6 reads in cell 1 and 18 reads in cell 2. Then

library sizes of two cells are 10 and 30, respectively. Without consideration
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of cell library sizes, we will have the wrong conclusion that the two genes are
differentially expressed between the two cells. If library sizes are accounted
for, we divide the expressions in cell 2 by 30/10 = 3 and thus obtain the
correct results that the two genes have the same expression levels in the

two cells.

S4 The proof of Theorem 1

We denote the set of all parameters in SCSC except p by ©_,,.

1940 = =0l ax < [ [ [ plxla. @[5 ~ 5 (an)| p(d®-,)ax
— [ ) - = (an)|
< [[ 1P @uiGo) - r(auiGo)| pdGo)
< [ et placy

="t (v, 7).

b T 7

last inequality in this theorem follows the proof of the Theorem 2 of |Ro-

driguez et al.| (2008).
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S5 Proof of equivalence between Models (4.1) and

(4.2)

We prove that Model (4.1) is equivalent to Model (4.2).

Proof. In Model (4.1), we first focus on the first three lines,

Go ~ DP(«, H)
GONDP(OZ,H) GZ|GONDPK(’}/,G0) for 1 SfSL

G(])|GO ~ DPL(”? DPK(V? GO)) — (*) d) = (¢17 ¢27 to 7¢L> ~ GEML(”)

Ml(j)|G(j) ~ QW) GGy, b ~ Zle onJer

\

p? GO ~ GU),

Note that Gy ~ DP(a, H) and G} |Gy ~ DP(v,G)) are equivalent to
p = (p1.p2,...) ~ GEM(a), py ~ H, m, = (my, 7,...)|p ~ DP(y,p)
and G} = Y32 mh,0,, according to the results from the HDP paper (Teh
et al.,|2006). Subsequently, when there is a truncation K on the distribution
Gy =302 Tl , we have G} = SR TeOp, , Where mpy = m, for 1 < k <
K —1 and mgp = )2 ;. Therefore, the first two lines of the expression

(%) are
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p = (p1,p2,...) ~ GEM(c)
Ky, ~ H
Go ~ DP(a, H)
— Ty = (Wl,fa"'aﬂKfl,faﬂK,E)’p
G7|Go ~ DPk (v, Go)
~ Dir(ypr, .. VPE-1,Y Dk Pi)
. K
\ Gl oy = Dy TreOp,
)
§:= (& =p1,- 8k 1= Pr-1,6K = D iopc i)
7Tg|€ ~ Dir(/ygh cee 775[()
. K
\ Gylme, g ~ Dy Thelp, -

The second equivalence holds because for any & ~ GEMg(a) we can
find a p following GEM(«) by letting pr, = & for 1 < k < K — 1, px =
(1= 35" 2) - Py and p = (1=3205" pi) - TLZac (1= p)) - pf for ke > K +1,
where p, ~ Beta(l,a) (i > K); and on the opposite direction, for any

p ~ GEM(«), & follows GEM g («) through the construction above. Next,
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we plug the result above into the expression (x), leading to

py, ~ H
GO NDP(O[,H) 7T€|£NDH‘(’7€17775K)

GY|Gy ~ DPr(v,DPk(7,Go)) < Gilmo, e = Sone TheOp,

ng)|G(j) ~ GUY) ¢ = (¢1,¢2,...,¢1) ~ GEM(v)

\

GGy, ¢ ~ S0, deda

pI|Go ~ U,

Considering SU), C’i(j ), and the distribution for scRNA-seq data, it fol-

lows that
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E ~ GEMK<Oé)

My ~ H
Gy ~ DP(a, H)
o ~ Dir(v&, . .., k)
GY|Gy ~ DP,(v,DPk (7, Go))
¢ = (1,62, .., 61) ~ GEM(v)
pD|G0) ~ GO —
SO ~ MN(L; 61, bo, .. ., 1)
XD ~
CD|SG) = ¢ ~ MN(1; 1y, . . ., Tre)

ZIPLN(AgO, >\g17 Sz(j)7 /"[’é]l) + ﬁ-éj)’ 03) . i
X189 =0,¢9 =k ~

ZIPLN (Ao, Ag1, 8, pigh + Bty 02).

]

S6 SCSC-vs

Tadesse et al. (2005) proposed a Bayesian variable selection method to clus-
ter high-dimensional samples and identify discriminating variables simulta-
neously, so we incorporated this idea into the proposed model SCSC, result-
ing in a variable selection version, which we termed SCSC-vs. SCSC-vs can
identify genes that discriminate cell types to improve the clustering accu-

racy. Specifically, we introduced binary latent variables Z = {z1,--- ,2p},
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where z, = 1 indicates that gene g is a marker across cell types (1 < g < D).
We denoted the common cell-type effects by pgcom When z, = 0, which
means the gene g cannot distinguish cell types. Following [Tadesse et al.
(2005), the likelihood function of Z, p given all other variables is
p(Z,pl-) = H H N( i Hgcom + Bys, @ g> H N ( gi 5 Moot + @smﬂj) :
ij \gizg=0 gizg=1

where N(z; i, 0?) is the normal density evaluated at z with mean p and
variance o2. We assigned a Bernoulli distribution Ber(g) to z, and a normal
distribution N(n,, TEL) to fig.com and pgk.

By combining the conditional distribution above and the Model (4.2)
in the manuscript, we implemented the MCMC algorithm to perform pos-
terior inference. The following steps are different from those in the MCMC

sampling scheme of SCSC in Section S7.

1. The augmented parameter 9;? in the PLN distribution is generated

from

(4) 2
() SO |y 0w (Ogi — gk — Bot)
p(egz |_) X exp{ €9 ngz egi - 20_2 )
g

when SO = ¢, ¥ =k and 2, = 1;

j Q(J) - com 2
p(eg(yji)’_) . exp{ 8(])6021 + Y( )6(1) ( gi Hg, ﬂg@) } ’

2
2ag
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when SO = ¢, ¥ =k and z, = 0.

4. For each gene g, we first sample the marker indicator z, from the

Bernoulli distribution

1
B
eIn<1+dg)’
where
1/2
K m Nj .
Il (z 1(cy” =k>/a§+%2>
1—gq o k=1 \j=li=1 "
dy=—" (r2)E=D)/2 -
an/UEJFT—lz)
j=1 g
( . 2 )
, | X208 - Bsw)/o? + )
7’]“ Jj=1li=1
x exp} (K — 1); +
T, m
! 2| > nj/o?
\ = J
( . 2 )
K (2 (05 = Bysa)UC = K)o} + )
k=1 9 (Z ZJ]K j )/ o2 )
j=li=1

Vs

If z; = 1, then we sample the cell-type k effect on gene g, pg, from

the normal distribution

3% 5568~ By50 HCP = )/ /7 |
N |5

z z 1(CY = k)/o2 +1/72 z z 1(CY = k)/o2 +1/72

Jj=1li=1 Jj=1li=1

If z, = 0, we sample the common cell effect on gene g, fig com, from
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the normal distribution

3° 5508 ~ Bysa o malt

N m ’m
an/0§+1/73 an/ag+1/7'3

=1 =1

. Update the hyper-parameters in the cell-type effect prior,

. >P <z§:1 bl (2 = 1) + K pty coml(z, = 0)) /72 4wy Ju?
Tl =~ DK/7? +1/w?

)

1
DK/72 + 1/wi>’
D K
7—3|_NInVF<bM1+DK/2>bM2+Z<Z Lgk — zg=1)

/2).

6. The subgroup ¢ effect on gene g for £ > 2, B, is sampled from the

N——

+ K (g.com — ”u)zﬂ(zg =0)

normal distribution

Zl Z( Cm)ﬂ(s(” =()/o2 +1s/73 .
)\ [ T
Z I(SU) = =O)n;/o2 + 1/7’5 Zlﬂ(S(j) =)n;/o2+ 1/7’5
iz

]:

when 2z, = 1;

> Z( gz :“g,com)]l(s(j) = f)/Ug + 77/3/7_5
N j=1li= 1
ZI]I(S(j) =l)n;/o2 +1/73 Zlﬂ(S(j) =l)n;/o2 +1/73
Jj= j=

when 2z, = 0.

We notice that subgroup 1 effect, 8,1, is restricted to zero across 1 <
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g < D for identifying the subgroup and cell-type effects.

8. Update the variance 02 for gene g by sampling from the inverse-gamma

distribution
InvI'(byy + Zn]/Q bo2 + Z Z gl — Hyol) — Bas)?/2),
j=1 i=1
when z, = 1;
IHVF s1 T Z n]/2 boo + Z — Mg,com — BgS(ﬂ)Q/Q)’
J=1 =1

when 2z, = 0.

9. For each subject j, update the subtype indicator S¥) and the cell-type

indicators C’Q ) for cell i = 1,...,n; from multinomial distributions

P(sY O<¢£H |:Z7Tk£ TT NS pgr + Boe, 07)
=1 - k=1

g:zg=1

T N o+ 52,

g:2g=0
(CJ _le]) _6 - O<7Tk£ H N gi 7Mgk+6géa g) H N<9(z 7Mgcom+ﬁgéa g)
gizg=1 g:2g=0

¢=1,...,Land k=1,... K.
The other steps are the same as those in the MCMC sampling scheme

in Section S7.

We acknowledge that the similar variable selection feature can be ap-

plied to subject-specific effects ﬁéj ) and even cell-type proportions parame-

ters 7,. However, the procedure would further complicate the derivation of
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the sampling scheme and increase the computation burden of the MCMC
algorithm especially for a large gene number and a large cell-type num-
ber. How to address the question efficiently and effectively is an interesting

research direction in this project, and we thus leave it to the future work.

S7 Blocked Gibbs sampler

Given the priors and Model (4.2), we utilize the blocked Gibbs sampler to

2

carry out the posterior sampling: (“—" means given all other variables)

1 The augmented parameter 9;? in the PLN distribution is generated

from

) 2
p(05)]-) o eXp{ R . (65 = 1gr = Bye) }
gi ,

2
2ag

when $@ = ¢ and €Y = k

()

2 Sample the missing variable Y ) for which its observation X, equals
zero from
0\ y @) ‘ o
o) (s Y5 [V DU D (Ao + Mg logy (Y +1)) if Y > 1
p(Yy =) o |
1 if Yg(i]) _

3 Update the zero-inflation intensity parameters Ay and A, by gener-
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ating

P(Agos Ag|—) ox H (1 — ®(Ago + Ag1 IOgQ(Y( ) + 1)))

(G): X >0

I[[ o (Ago + Ag1 logy (V) + 1))

G X D=0y %>0
: N(>\90§ nAgoa T)%g()) : N()\gl; 77)\g1?7—>\291)]1<>\gl < 0)7

where the I(A) is an indicator function, being one if A is true and zero
otherwise; the N(z; a, b?) represents the density value at x of a normal

distribution with mean ¢ and standard deviation b.

4 Sample the cell-type k effect on gene g, jigr, from the normal distribu-
tion

> z< ) — Bs)U(CY = k) /o2 + 1, /72
N ]: : : n‘
33 ICY = k)/o2 +1/72 S SO = k) /o2 +1/72

j=1li=1 j=1li=1

5 Update the hyper-parameters in the cell-type effect prior,

D K
- ~N Zg:l > ket ng/Ti + u“/wi 1
T DE/72 + 1/u? "DK/72+1/u2 )’

D K
Ti|— ~ InvI <b“1 -+ DK/zab;LQ + ZZ Hgk — n# /2>

g=1 k=1

6 The subgroup ¢ effect on gene g for ¢ > 2, B4, is sampled from the
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normal distribution

D Z(e;zf’ — 1,0 IS = £) [0 +15/75

j=li= * 1

N

Y

]; I(SU) = ﬁ)nj/ag + 1/7'52 J; I(SU) = ﬁ)nj/ag + 1/7'62
We notice that subgroup 1 effect, 5,1, is restricted to zero across

1 < g < D for identifying the subgroup and cell-type effects.

7 Update the hyper-parameters in the subgroup effect prior,

-~ N ZgD:1 Zf:z /395/7'5 + UB/WZ’ 1
e DIL—1)/2+ 1/} DL -1/ +1/}

D L
Tg‘—NInVF(bﬂl—{—D( —1/2 bﬂQ—{—ZZng—nﬁ /2)

g=1 (=2
8 Update the variance 03 for gene g by sampling from the inverse-gamma

distribution

InvI'(by1 + Z n]/2 boo + Z Z gz — Hyei) — ﬁgs(j))2/2).

7j=1 =1

9 For each subject j, update the subtype indicator SU) and the cell-type

indicators C’i(j ) for cell i = 1,...,n; from multinomial distributions

P(S(j):ﬂ OCWH ZWMHN gzv:“gk""ﬁgf? g)
i=1 Lk=1

P(Cl(]) — k|S(]) — g’ o( WkZHN gi ,,ng; + /Bgfa g)

K:l,...,Landk:L...,K.

10 Update the subtype proportion vector (¢y, ¢o, ..., ¢r). We first sample
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L
¢y ~ Beta(l + my, v + Z m;)
j=t+1

for £ = 1,...,L —1 and ¢} := 1, where my = #{j : SU) = (} is
the number of subjects allocated to subgroup ¢. Subsequently, we let

¢1 = ¢ and ¢e=¢’gnf;i(1—¢§) for 0 =2,..., L.

11 Update the stick-breaking length vector (£, &s, ..., k). We first sam-

ple

/ / K11 _ gryomt K Y ILS (1-€)g -1
P& -+ Sk 1)| =) o 05 G0 g( > .
and &y := 1. Subsequently, we let £ = £ and &, = 11 1 —&)¢, for

7

k=2,... K.

12 The concentration parameter « is sampled from the gamma distribu-

tion

K-1
r (aal + K — 1>aa2 - Zlog(l - 5];)) )

k=1

where and &, s are the variables generated in the previous iteration.

13 Sample the cell type proportions (7, . .., Txy¢) for each subtype ¢ from

the Dirichlet distribution

Dir(D D ISV = 6,07 = 1)+v&r,.... Y Y LSV = ¢,0) = K)+4¢k).
j=1

j=1 i=1 =1 i=1
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S8 Proposal distributions and acceptance rates

S8.1 Details of the MH algorithm in steps 1, 2, 3 and 11

Updating of 05(7]7;)

The proposal density q( |9 ) for 6’;]1:)* is set to N(@éz), 2). Weset 79 = 1

in our implementation. The Metropolis-Hastings ratio is r = min(r*, 1),

where

o PO 1)a05716,)")
p(01-)a(057"163))
o — o) (0" + 0

— 2(pgr + ﬁgz)>

gt

= exp <eeéjz)* — e%]z)> 51@ + Yg(l.j) <9§§)* — 9@) — ( 7 5
209

Updating of Yg(ij)

Proposal distribution 1: We generate a proposal Y(j from a discrete uni-

form distribution
gV Y9 = Unif iy -5,y + 5},

where Unif{a,b} samples an integer from [a, b] uniformly.
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The Metropolis-Hastings ratio is » = min(r*, 1), where

p(Y ey 9
) ()* ()
p(YD|9)a(Y I [ D)

*_

ity =0,y =0

) gt

1

(( ) (57 =) 5%

o (o +tos(s) (17" - 7,7)) ?fﬁi e R R T 1 =0
(( ) (=) 38
(( ) (5 -%)

gi
[€2)
’L

J)|

g() + >\91 IOgQ(Y (J)* + 1)) if Y;;(z =0 Y(])* >1-

Y gt -

) (J)*
Y, ®(Ago+Ag1 logo (Vo] +1 .
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Proposal distribution 2: We generate a proposal Yg(ij * from a Poisson

distribution which relies on the newly updated Hgl ,
Poi(s(” exp(65)))),

where Poi(a) represents a Poisson distribution with mean a.

The Metropolis-Hastings ratio is 7 = min(r*, 1), where
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S8. PROPOSAL DISTRIBUTIONS AND ACCEPTANCE RATES

Updating of \;o and \j;

The proposal densities g(A}o|Ago) and g(X5;[Ag1) for Ago and Agy are N(Ago, 73)
and N(\g1,73)), respectively. We set 7,, = 0.15 and 7, = 0.15 in our im-

plementation. The Metropolis-Hastings ratio is 7 = min(r*, 1), where

o p(>\907>\21| )qo‘gov)‘glp‘gm gl)
p<)‘g07)‘g1| Ja(; 40> gl‘)\g()’)\gl)
~ P(Ag0: A =) a(Ag1 | A1) a(Agol Ago)
p<)‘90v)‘gl‘ Ja(A 1‘)‘91) (A ;0’)‘90>

@ (X + Apy loga(V +1)) 1= @ (X + Ny loga (V) +
® ()‘90 + Ag1 10%2(}/;;) + 1)) 1-¢ (Ago + Ag1 10g2(Y(J) +

D)
1))

- exp (_ (Nso = Ago) (Ao + Ago — 21, _ (Ao — Ag1) (Aoy + Ag1 — 277Ag1)) IX, < 0).

2 2
27)\90 27’/\!]1

()X =0y >0 (G):X >0

Updating of (&1,&,...,¢k)

The proposal densities q(&;7|¢;) for &(k = 1,2,--- K — 1) is N(&,72).
We set 7 = 0.01 in our implementation. The Metropolis-Hastings ratio is

r = min(r*, 1), where

. Dl -~af/1?—1)| )Hk 1 Q(§k|§k*)

(&
LT DTS aE I
K-1 1_5/>,< a—1 K ’yéuk 7(§Z—§k)
_ k
- U (1—5;) Hrﬂ@fk ,H(H” ) |

where £ = £ and & = Hf;ll(l — N fork=2,... K.
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S8.2 Acceptance rates

For the variance of proposal distributions in the MH steps, we actually tried
multiple values and selected the one with the maximal effective sample size
(Gelman et al., [2013). Using the current variance specification, the average
acceptance rates for parameters (6,Y &, A) are (0.155,0.650,0.263, 0.082)
in the simulation study. We acknowledge that some adaptive schemes (e.g.,
Roberts and Rosenthal| (2009)) can be adopted and could further improve
the effective size.

For the missing variables Y, if we used the uniform proposal dis-
tribution, the average acceptance rate was 0.650. If we employed the
Pois(sl(»j ) exp(@ég))) proposal distribution, we can obtain a higher average
acceptance rate 0.806. The trace plots for the two types of proposal distri-

bution are shown in Figure [S8]|

S9 Data generation details in simulation

We generated data following Model (4.2) with three subject subgroups,
four cell types. The subject size was selected as 50, and for each subject
we sampled its corresponding cell number from a uniform distribution on

integers between 15 and 35. The subject proportions for the three subgroups
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were 40%, 30%, and 30%. For each subject subgroup, there were different
cell type proportions 7, (¢ = 1,2,3). Subject subgroup 1 had 20%, 30%,
30%, and 20% for cell types one to four, respectively. If we denote those
as w1 = (0.2,0.3,0.3,0.2), then we set w9 = (0.4,0.2,0.3,0.1) for subject
subgroup 2, and 73 = (0.3,0.1,0.3,0.3) for subject subgroup 3. The number
of genes for each cell was 1,000, and the first 150 genes were treated as
marker genes with differential expressions between at least two cell types,
whereas the remaining genes had the same cell effects across all cell types.
Regarding the subject subgroup effects, the subject subgroup 1 effects were
fixed at zero. Using subgroup 1 as the reference, subgroup 2 had marker
genes from 401 to 475, and subgroup 3 had marker genes from 501 to 575.

We generated cell type effects p,xs from normal distributions N (figy, aﬁg).
We set 1415 of the first 75 genes to 2, and fi4s of the genes from 76 to 150
to 1 in cell type 1. Subsequently, we set figo =5 (1 < g < 75) and fign =1
(76 < g < 150) in cell type 2; let figs be 2 on the first 75 genes and fiz3 be 5
on the second 75 genes in cell type 3; and similarly in cell type 4 fig4 = 5 on
1<g<75and fige =40on76 < g < 150. The figs for the genes from 151 to
1,000 in all cell types were set to 3. We finally let o7, (1 < g < 150) = 0.2
and 029(151 < ¢ <1,000) =0.1% .

With regard to the subject subgroup effects, we used the subgroup 1 as
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the reference subgroup. The subgroup 2 had intrinsic genes from 401 to 475,
while the subgroup 3 had intrinsic genes from 501 to 575. We generated
subject subgroup effects Sgs of intrinsic genes from a normal distribution
N(1,0.2%). The rest of subject subgroup effects 8,8 were set to 0.

The scaling factors were fixed at one. The dropout coefficients Ay and
Ag1 were sampled respectively from N(3,0.1%) and N(—1,0.1%), and o,’s
were fixed at 0.1.

In simulation, 10,000 iterations took approximately 3.49 hours using
24 CPU cores and retained the second half of the posterior samples for
statistical inference. The trace plots of parameters are given in Figures
and [S9 which demonstrate that the chain had attained convergence by the
5,000th iteration. The posterior mode of the number of the occupied subject
clusters was three, and the posterior mode of the occupied cell types was
four, both of which are the same as the truth. To measure the clustering
accuracy, we used the adjusted Rand index (ARI), which is bounded above
by one, and the larger the ARI, the more accurate the clustering results.
The SCSC produced a perfect clustering for the subjects and cells with both
ARIs being one. Hence, the SCSC model can automatically and accurately
distinguish the underlying heterogeneity for subjects and cells.

With the available posterior samples of pu and 3, we further detected
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the DE genes across cell types or subject subgroups using Bayesian credible
intervals. For example, to test if gene g is DE between cell type 1 and cell
type k (k > 2), we constructed the 99% credible interval for the difference
lgi — [tg1 using the posterior samples. If zero was not in this credible
interval, we treated the gene as DE. Otherwise, the gene was non-DE.
Although we conducted multiple hypothesis tests, it was unnecessary to
implement multiple comparison adjustments as g and 3 were modeled in
a hierarchical Bayesian fashion (Gelman et al.| 2012). A similar procedure
was applied to detecting DE genes across subject subgroups, and SCSC
correctly detected most DE genes with high true positive rates (TPR) and
small false positive rates (FPR) as shown in Supplementary Table [S1]

We compared the SCSC against some popular cell and subject clus-
tering approaches, respectively. For the cell clustering approaches k-means,
SC3, DIMM-SC, and Seurat, we stacked the expression matrices for all sub-
jects by row and used this large expression matrix as the input. Regarding
the subject clustering approaches kmeans, SparseKmeans, and BCPlaid,
we calculated the row means of its corresponding expression matrix (loga-
rithm transformed) for each subject and combined all row means to form
a gene-by-subject aggregated expression matrix. Overall, SCSC performed

better in both cell clustering and subject clustering. When clustering cells,
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SCSC borrows information across multiple subjects and considers the sub-
ject differences. When grouping subjects, the model exploits the cell in-
formation of each subject to discover the subtle difference. Owing to the
two-way information-sharing strategy, SCSC outperforms competing meth-

ods in both cell clustering and subject grouping.

S10 Label-switching correction

We designed a strategy to deal with the label-switching by borrowing the
idea from relabelling algorithms (Stephens, 2000). Specifically, we assume
that T posterior samples were collected from MCMC, and for t** posterior
sample let p; represent a permutation of {1,2,..., L} and p;* denote a per-
mutation of {1,2,..., K'}. For each ¢ from 2 to T, we minimize the squared
loss, min,; e+ 00 S 521(95(%_1 — Hypee (0,41 — 5gp;(5t(j)),t—l)2' Sub-
sequently, we reorder subject subgroup indicators St(j ) and cell type indica-
tors C’i(g) by SY « pr(5¥) and C’Z-(g) — pj*(CZ(f)). In addition, we have to
modify the posterior samples of parameters which depend on clustering in-
dicators. If we let zgpss be figpee—1(k)0+Bgpe—1(0) 1> then we have pigrs < 2gp1 4,
Bgrt < 0 and Bgrr < Zg104 — Hgi -

In fact, we found that in the simulation and real application the identity

permutations are usually the solutions for pj, p;*, indicating the MCMC
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chain usually explores only one mode out of K! x L! equivalent modes in

the target distribution.

S11 Details of Implementing Competing Methods in

the Simulation Study

S11.1  Cell clustering methods

We call X = (XU, ... X®O X)) the raw count data and call log, (X +

1) the transformed data.

Kmeans We applied Kmeans to the transformed data. Regarding the num-
ber of clusters, we used the function “fviz_nbclust” to estimate the op-
timal number, where the argument “method” was set to "wss”. We let
the cluster function argument “FUNcluster” to “kmeans”. Other ar-
guments in the function “fviz_nbclust” were default. Subsequently, we
used the estimate of cluster number as the input of “centers”. Other
parameters in the function “kmeans” were set to default. The R pack-

age is available on https://github.com/cran/factoextra.

DIMM-SC DIMMSC aims to cluster droplet-based single cell transcrip-
tomic data. It uses the Dirichlet mixture prior to characterize the

variations across different cell clusters. An EM algorithm is used for
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the parameter estimation. We used DIMMSC on the raw count data.
The number of desired clusters “K” was set to the true cell type num-
ber in the simulation. Other parameters in the function “DIMMSC”
were default. The R package is available on http://www.pitt.edu/

~wec47/singlecell .html.

SC3 Single-Cell Consensus Clustering (SC3) is a tool for unsupervised clus-
tering of scRNA-seq data. SC3 achieves high accuracy and robustness
by consistently integrating different clustering solutions through a con-
sensus approach. We firstly created an object of SingleCellExperiment
class with “counts” and “logcounts” being the raw and transformed
data, respectively. Subsequently, we used the funtion “sc3_estimate k”
with the default arguments to find the optimal number of clusters,
which was 5. Finally, we set the number of clusters “ks” to 5 in
the function “sc3”. The argument “biology”, which defines whether
to compute differentially expressed genes, marker genes and cell out-
liers, was set to “FALSE”. The number of cores to be used on the
machine "n_cores” was set to 20, and the seed of the random num-
ber generator “rand_seed” was set to 1. Other arguments in the
function "sc3” were default. The R package is available on http:

//bioconductor.org/packages/release/bioc/html/SC3.htmll
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Seurat Seurat identified cell types through a shared nearest neighbor (SNN)
modularity optimization based clustering algorithm. We used the raw
count data in this method. The parameters in the function “FindClus-
ters” were default. The R package is available on https://github.

com/satijalab/seurat|

S11.2 Subject clustering methods

For each subject, we transformed the raw data matrix X to rowMeans(l0g2(X(£)+

1)), the vector of row-means of log,(X® + 1).

Kmeans Regarding the number of clusters, we used the function “fviz_nbclust”
to estimate the optimal number, where the argument “method” was
set to "wss”. We let the cluster function argument “FUNcluster” to
“kmeans”. Other arguments in the function “fviz_nbclust” were de-
fault. Subsequently, we used the estimate of cluster number as the
input of “centers”. Other parameters in the function “kmeans” were
set to default. The R package is available on https://github.com/

cran/factoextra.

SparseKmeans We used the same number of clusters in Kmeans. Firstly,
we used the function “KMeansSparseCluster.permute” to find the tun-

ing parameter which controls the L1 bound on the feature weights. The


https://github.com/satijalab/seurat
https://github.com/satijalab/seurat
https://github.com/cran/factoextra
https://github.com/cran/factoextra

QIUYU WU AND XIANGYU LUO

range of tuning parameters “wbounds” was set to “seq(3,7,len=15)".
The number of permutations “nperms” was 5. We then used the
estimate of tunning parameter in the function “KMeansSparseClus-
ter”. Other parameters in the function “KMeansSparseCluster” were
default. The R package is available on https://github.com/cran/

sparcl.

BCPlaid This method performs Plaid Model Biclustering. This algo-
rithm models data matrices via a sum of layers. We set the argument
“method” in the function “biclust” to “BCPlaid”. Other parameters
in the function “biclust” were set to default. The package is available

on https://github.com/cran/biclust

S12 Low signal scenarios and model misspecification

cases

S12.1 Low signal scenarios

We further investigated the performances of SCSC and SCSC-vs in two
scenarios with low signals. (1) We reduced the number of cell marker genes
from 150 to 100 and 50. Supplementary Table provides the ARI com-

parisons, showing that SCSC-vs has better clustering performance than
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SCSC when cell marker gene number is small. When cell marker gene
number is relatively high, the performances of SCSC and SCSC-vs are sim-
ilar, but SCSC-vs has the advantage of automatically selecting important
genes. Supplementary Table 53| displays the FPR and TPR of SCSC-vs in
identifying the cell marker genes.
(2) The subject subgroup effects are set as zero in all the cell types
g(,j ) = 0. In this case, only the cell-type proportions contribute to the
subject clustering. Supplementary Table shows that compared to the
ideal case where B;j ) is nonzero on subject marker genes, the clustering
result for cells are still good, but the mean ARI for subjects decreases. The
clustering accuracy loss is reasonable as we lost the differential subgroup
effect information and only resorted to the cellular composition information

to separate subjects.

S12.2 Model misspecification cases

The performances of SCSC was also examined on three types of cases, where
the model assumptions are violated. (1) Inspired by the paper (Shen-Orr
et al., 2010), we let ﬁéj ) be present in only one cell type. Specifically, we let
subject subgroup effects be 2 on genes from 400 to 600 and zero on other

genes in one cell type and be zero across all genes in all other cell types.
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Supplementary Table [S4] displays the clustering results of SCSC and SCSC-
vs in this scenario. We observed that the mean ARI values decreased for
subject clustering compared to the case where assumptions hold (correct
specification), while cell clustering is still satisfactory, and SCSC-vs has
overall better performances than SCSC.

Moreover, we considered two more cases, where (2) there exist gene
correlations with a large number of cell types and (3) the data distribution
is from zero-inflated negative binomial distributions instead of zero-inflated
Poisson log-normal distribution. Details are given as follows. Supplemen-
tary Table provides the average and standard deviation of ARI after
10 replications, showing that SCSC is robust to cell number per subject,
cell-type number, the violation of the expression independence assumption,
and the misspecification of the data distribution.

(2) Gene correlations with a large number of cell types. The
advantage of Poisson-log-normal distribution over negative binomial distri-
bution is that we can easily incorporate gene expression correlations through
the correlated multi-normal distribution. Therefore, in this setting, we con-
sidered three factors—mnumber of cells per subject, cell-type number, and
expression correlation—based on the zero-inflated Poisson-log-normal dis-

tribution. Specifically, we set two subject subgroups and 20 cell types. The
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subject number was 20, and the cell number for each subject was sampled
from a uniform distribution on integers between 100 and 110. The gene

number for each cell was 1,000, and K=30, L=10. To model the correlated

expression, we generated observed count data X as follows.

0(]) ~ N(,UJ(]) + B(j)7 2)7
. . . (j)
v e,

, 0 with probability p(Y,?))
X9 =

I

Yq(ij ) with probability 1 — p(Yg(ij ))
where ¥ was set as a blocked diagonal matrix, and each block was a 50 x 50
matrix with diagonal elements 0.3 and off-diagonal elements 0.1. We then
applied SCSC and investigated its clustering performance. Table pro-
vides the average and standard deviation of ARI after 10 replications, show-

ing that SCSC is robust to cell number per subject, cell-type number, and

the violation of the expression independence assumption.

(3) Zero-inflated negative binomial distributions. We considered
a model-misspecified case where the observed count data were generated
from a zero-inflated negative binomial distribution rather than zero-inflated
Poisson-log-normal. In this case, we set 3 subgroups and 4 cell types. The

subject number was 50, and cell number for each subject was sampled from
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a uniform distribution on integers between 15 and 35. The gene number
for each cell was 1,000. Noting that negative binomial is equivalent to

Poisson-gamma, we simulated observed data X as follows.

; 1 1
Tg(f) ~ Gamma | —; ; PO ;
T (o p)e e

0 with probability p(Yg(ij ))
() : 2 ()
Y,;”  with probability 1 — p(Y;")
Table [S5| provides the average and standard deviation of ARI after 10 repli-
cations. SCSC can achieve mean ARI=0.87 for cell clustering and mean

ARI=0.97 for subject clustering, indicating that SCSC is not sensitive to

the data distribution choice.

S13 Sensitivity analyses

In real application, we carried out sensitivity analyses for hyper-parameters
Uary s G Uw”iv b, bpa, ug, w%, bs1, ba2, bot, Doz, Mo ngo, 77/\5,177,\2917 v,7v, K, and
L. For hyper-parameters aq,, @a,, bu1, bu2, bg1, bg2, 051, bs2, we varied their
values on 1, 2, 3, and 4; for hyper-parameters u,, ug, we tried values —1, 0, 1,
and 2; for hyper-parameters w?, w3, we adjusted values from 20* to 50%, 1002,

and 150?; for hyper-parameter Mo, We set it as 1, 2, 3 and 4; for hyper-
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parameter 7,,,, we changed its value from —1 to —2, —3, and —4; for
hyper-parameters ngO,ngl, their values were set at 0.052, 0.12, 0.22, and
0.32; for hyper-parameters v, v, we tried values 0.1, 0.3, 0.5 and 0.7; for up-
per bounds K, L, we varied their values from 13 to 16. Figure[S5] [S6]and [S7]
displays how these hyper-parameters change the final results compared to
the obtained clustering results in terms of ARI: a large ARI indicates that
the clustering in the current hyper-parameter setting is similar to the ob-
tained clustering result shown in the manuscript. We can see that SCSC is

a little bit sensitive to the choice of K, L and is robust to hyper-parameters

2 2 2 2
Aoy s Qovg s Uy w;u bub bu?a Uug, wﬁa b,@la b,327 bdla b0'27 77)\907 T)\g()? 77)\5;1 ) 7_)\917 v, and -

S14 Validation of clustering results in real application

To validate the clustering results, we conducted the gene set enrichment
analysis (Subramanian et al., 2005)) for detected marker genes based on the
KEGG database. The maker genes for Yoruba subgroups were called if
they were DE in at least one subgroup. Similarly, the marker genes for
iPSC types were called if they were DE in at least one cell type. We identi-
fied 2,932 DE genes between the Yoruba subgroups and found 10 significant
pathways with g-value < 0.05 (Supplementary Table , where three path-

ways (KEGG_PARKINSONS_DISEASE, KEGG_HUNTINGTONS_DISEASE;,
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and KEGG_ALZHEIMERS _DISEASE ) are all related to neurodegenerative
disorders. Previous studies (Myers, 2004; Bertram and Tanzi, 2008; Shul-
man et al., 2011) have presented that the three diseases are likely caused
by inheritable gene defects, and thus can be inherited across generations.
These observations suggest that SCSC separated the Yoruba subjects pos-
sibly in terms of the lineage. In addition, we detected 2,698 DE genes
across the cell types and identified 87 significant pathways (Supplemen-
tary Tables and including KEGG_P53_SIGNALING_PATHWAY,
KEGG_WNT_SIGNALING_PATHWAY, KEGG_NOTCH_SIGNALING_PATHWAY,
and KEGG_MTOR_SIGNALING_PATHWAY. The four signaling pathways
may regulate the pluripotency of induced stem cells (Ye et al. 2012; Kate
et al., |2014; |Meng et al., 2018)). These findings indicate the validity of the

SCSC in discovering subject and cell heterogeneity.
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Truth Observation Result
Cell 1 Cell 1
Gene 1l 2 Gene 1
Wrong: gene 1 and 2 are DE genes
Gene 2 3 Gene 2

Library size: 10

PCR
> COnsjder Ii Correct: gene 1 and 2 are not DE genes
Cell 2 Cell 2 Celryy Ibrazy Sizeg
: : Celp 1= Cell 2
= 30/10 =3 .

Gene 1 2 Gene 1 12
Gene 1 12/3=4

Gene 2 3 Gene 2 18
Gene 2 18/3=16

Library size: 30

Figure S1: A simple demonstration of library sizes.
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Figure S2: Trace plots for MCMC in the real application. (a)Trace plot of pg,. (b)Trace
plot of B,. (c)Trace plot of Ago. (d)Trace plot of Ay1. (e)Trace plot of ag. (f)Trace plot

of n,. (g)Trace plot of ng.
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Figure S3: Posterior similarity matrix heatmaps for cells and subjects in the real appli-

cation.
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Figure S4: Estimated subject subgroup effects in the real application.
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Figure S5: ARI values of cell clustering for different hyper-parameters, K and L. (a)

ARI values for hyper-parameters in the prior of «. (b) ARI values for hyper-parameters

in the prior of n,. (c¢) ARI values for hyper-parameters in the prior of 73. (d) ARI

values for hyper-parameters in the prior of ng. (e) ARI values for hyper-parameters in

the prior of Tg. (f) ARI values for hyper-parameters in the prior of o7. (g) ARI values

for hyper-parameters in the prior of Ago. (h) ARI values for hyper-parameters in the

prior of Ag1. (i) ARI values for K and L.
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Figure S6: ARI values of subject clustering for different hyper-parameters, K and L. (a)
ARI values for hyper-parameters in the prior of «. (b) ARI values for hyper-parameters
in the prior of n,. (c¢) ARI values for hyper-parameters in the prior of 73. (d) ARI
values for hyper-parameters in the prior of ng. (e) ARI values for hyper-parameters in
the prior of 75. (f) ARI values for hyper-parameters in the prior of 0. (g) ARI values
for hyper-parameters in the prior of Ago. (h) ARI values for hyper-parameters in the

prior of Ag1. (i) ARI values for K and L.
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Figure S8: Trace plots of missing variables Y for 5,000 MCMC iterations after burn-in.
€)

(a) Uniform proposal distribution. (b) Pois(s; exp(ﬁg))) proposal distribution.
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Table S1: The TPR and FPR of the differentially expressed gene detection across subject

subgroups and cell types in the simulation (three decimal places are kept). The subject

subgroup 1 is chosen as the reference subject subgroup, and the cell type 1 is chosen as

the reference cell type.

Subject Subject cell cell cell

subgroup subgroup type type @ type

2 3 2 3 4
FPR 0.006 0.003 0.011  0.008 0.006
TPR 1 1 1 1 1

Table S2: Clustering accuracy comparisons using ARI for SCSC and SCSC-vs based on

10 replicates. The number outside the parentheses is the mean, and the number in the

parentheses represents the standard deviation.

Cell marker gene number

50 100 150

Cell Subject Cell Subject Cell Subject

clustering clustering clustering clustering clustering clustering

SCSC

0.73(0.11) 0.91(0.10) 0.83(0.11) 0.81(0.11) 0.98(0.03)  0.96(0.04)

SCSC-vs

0.76(0.15)  0.94(0.07) 0.83(0.12) 0.95(0.05) 0.93(0.08) 0.95(0.08)
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Table S3: TPR and FPR of SCSC-vs in identifying cell marker genes based on ten
replicates. The number outside the parentheses is the mean, and the number in the

parentheses represents the standard deviation.

Cell marker gene number

50 100 150

TPR  1(0.00) 1(0.00) 1(0.00)

SCSC-vs

FPR  0.00(0.00) 0.00(0.01) 0.00(0.00)

Table S4: Clustering accuracy using ARI for SCSC and SCSC-vs in different situations
based on ten replicates. The number outside the parentheses is the mean, and the

number in the parentheses represents the standard deviation.

éj ) only on one cell type All ﬁs(,j ) =0 Correct specification
Cell Subject Cell Subject Cell Subject
clustering clustering clustering clustering clustering clustering

SCSC | 0.83(0.10)  0.46(0.14)  0.92(0.05) 0.33(0.14) 0.86(0.08) 0.87(0.08)

SCSC-vs | 0.90(0.06)  0.57(0.25)  0.96(0.06) 0.36(0.15) 0.88(0.11)  0.89(0.09)
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Table S5: Clustering accuracy using ARI for SCSC in different situations based on ten

replicates. The number outside the parentheses is the mean, and the number in the

parentheses represents the standard deviation.

20 cell types with correlated genes

Zero-inflated negative binomial

Cell
0.92(0.03) 0.87(0.12)
clustering
Subject
0.77(0.19) 0.97(0.06)
clustering

Table S6: The gene set enrichment analysis for differentially expressed genes across

subject subgroups. Since GSEA only allows up to 1,994 genes as input, we randomly

selected 1,994 genes from 2,932 detected marker genes. Pathways with FDR g-value less

than 0.05 are displayed. The pathways mentioned in Section S14

are colored in red.

Pathway names Description FDR g-value
KEGG_RIBOSOME Ribosome 4.21E-41
KEGG_HUNTINGTONS_DISEASE Huntington’s disease 2.07E-40
KEGG_SPLICEOSOME Spliceosome 2.57E-38
KEGG_PARKINSONS_DISEASE Parkinson’s disease 1.45E-36
KEGG_OXIDATIVE_PHOSPHORYLATION Oxidative phosphorylation 6.38E-34
KEGG_ALZHEIMERS_DISEASE Alzheimer’s disease 3.12E-24
KEGG_PROTEASOME Proteasome 7.72E-24
KEGG_CELL_CYCLE Cell cycle 7.55E-17
KEGG_UBIQUITIN.MEDIATED_PROTEOLYSIS | Ubiquitin mediated proteolysis | 1.05E-15
KEGG_PROTEIN_EXPORT Protein export 2.93E-10
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Table S7: The gene set enrichment analysis for differentially expressed genes across cell
types (Part I). Since GSEA only allows up to 1,994 genes as input, we randomly selected
1,994 genes from 2,698 detected marker genes. Pathways with FDR g-value less than

0.05 are displayed. The pathways mentioned in Section S14 are colored in red.

Pathway names Description FDR g-value
KEGG_-RIBOSOME Ribosome 1.56E-56
KEGG_HUNTINGTONS_DISEASE Huntington’s disease 4.90E-46
KEGG_SPLICEOSOME Spliccosome 2.24E-38
KEGG-PARKINSONS_DISEASE Parkinson’s disease 8.35E-38
KEGG-OXIDATIVE_PHOSPHORYLATION Oxidative phosphorylation 2.80E-36
KEGG-ALZHEIMERS_DISEASE Alzheimer’s dis 3.68E-33
KEGG_PROTEASOME Proteasome 547E-21
KEGG_CELL_CYCLE Cell cycle 4.13E-15
KEGG-PATHOGENIC.ESCHERICHIA .COLLINFECTION Pathogenic Escherichia coli infection 1.79E-12
KEGG_PURINE_METABOLISM Purine metabolism 381E-11
KEGG_RNA_DEGRADATION RNA degradation 5.16E-11
KEGG_PATHWAYS_IN_CANCER Pathways in cancer 217E-10
KEGG_REGULATION_OF_ACTIN_CYTOSKELETON Regulation of actin cytoskeleton 3.75E-10
KEGG-ADHERENS_JUNCTION Adherens junction 413E-10
KEGG.OOCYTEMEIOSIS Oocyte meiosis 4.78E-10
KEGG.UBIQUITIN MEDIATED_PROTEOLYSIS Ubiquitin mediated proteolysis 5.65E-09
KEGG_CARDIAC_MUSCLE.CONTRACTION Cardiac muscle contraction 1.22E-08
KEGG_-WNT_SIGNALING_PATHWAY Wnt signaling pathway 6.58E-08
KEGG.PYRIMIDINE_ METABOLISM Pyrimidine metabolism LO9E-07
KEGG_LYSOSOME Lysosome 2.34E-07
KEGG-RNA_POLYMERASE RNA polymerase 5.65E-07
KEGG_PROTEIN_EXPORT Protein export 7.50E-07
KEGG-TIGHT_JUNCTION Tight junction LO9E-06
KEGG_FOCAL_ADHESION Focal adhesion 1.49E-06
KEGG-GLUTATHIONE METABOLISM Glutathione metabolism 1.83E-06
KEGG-COLORECTAL.CANCER Colorectal cancer L11E-05
KEGG_PROSTATE_CANCER Prostate cancer 4.73E-05
KEGG-NUCLEOTIDE_EXCISION_REPAIR Nucleotide excision repair 473E-05
KEGG-ONE.CARBON_POOL_BY FOLATE One carbon pool by folate 5.76E-05
KEGG-N.GLYCAN_BIOSYNTHESIS N-Glycan biosynthesis 7.01E-05
KEGG.NOTCH_SIGNALING PATHWAY Notch signaling pathway 8.07E-05
KEGG_-VASCULAR_SMOOTH_MUSCLE_.CONTRACTION Vascular smooth muscle contraction 8.07E-05
KEGG.NEUROTROPHIN_SIGNALING_PATHWAY Neurotrophin signaling pathway 8.07E-05
KEGG_LEUKOCYTE.TRANSENDOTHELIAL_MIGRATION Leukocyte transendothelial migration 8.75E-05
KEGG_VIBRIO_CHOLERAE_INFECTION Vibrio cholerae infection 3.00E-04
KEGG_THYROID.CANCER Thyroid cancer 3.08E-04
KEGG-PROGESTERONE_MEDIATED_OOCYTE-MATURATION | Progesterone-mediated oocyte maturation | 3.52E-04
KEGG_P53_SIGNALING PATHWAY p53 signaling pathway 5.61E-04
KEGG_PYRUVATE_METABOLISM Pyruvate metabolism 5.63E-04
KEGG-AMINOACYL_TRNA BIOSYNTHESIS Aminoacyl-tRNA biosynthesis 6.72E-04
KEGG_INSULIN_SIGNALING_PATHWAY Insulin signaling pathway 6.77E-04
KEGG-LONG.TERM_POTENTIATION Long-term potentiation 6.77E-04
KEGG-GLYCOLYSIS_.GLUCONEOGENESIS Glycolysis / Gluconeogenesis 9.01E-04
KEGG_ENDOCYTOSIS Endocytosis 1.10E-03
KEGG-GLIOMA Glioma 1.32E-03
KEGG_GAP_JUNCTION Gap junction 1.93E-03
KEGG-RENAL_CELL_CARCINOMA Renal cell carcinoma 244E-03
KEGG_CITRATE.CYCLE.TCA_CYCLE Citrate cycle (TCA cycle) 2.56E-03
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Table S8: The gene set enrichment analysis for differentially expressed genes across cell
types (Part IT). Since GSEA only allows up to 1,994 genes as input, we randomly selected
1,994 genes from 2,698 detected marker genes. Pathways with FDR g-value less than

0.05 are displayed. The pathways mentioned in Section S14 are colored in red.

Pathway names Description FDR g-value
KEGG_GLYOXYLATE_AND_DICARBOXYLATE_METABOLISM Glyoxylate and dicarboxylate metabolism 3.09E-03
KEGG_CHRONIC_MYELOID_LEUKEMIA Chronic myeloid leukemia 3.27E-03
KEGG-BLADDER_-CANCER Bladder cancer 3.27E-03
KEGG_FATTY_ACID_METABOLISM Fatty acid metabolism 3.27E-03
KEGG_ENDOMETRIAL_.CANCER Endometrial cancer 3.27E-03
KEGG_TGF_BETA_SIGNALING_PATHWAY TGF-beta signaling pathway 3.66E-03
KEGG_STEROID_BIOSYNTHESIS Steroid biosynthesis 3.74E-03
KEGG_CYSTEINE_AND_METHIONINE_METABOLISM Cysteine and methionine metabolism 3.94E-03
KEGG-MELANOGENESIS Melanogenesis 4.68E-03
KEGG_PEROXISOME Peroxisome 4.96E-03
KEGG-DNA_REPLICATION DNA replication 5.33E-03
KEGG_PPAR_SIGNALING_PATHWAY PPAR signaling pathway 6.28E-03
KEGG_MELANOMA Melanoma 7.67E-03
KEGG_FC_GAMMA R_MEDIATED _PHAGOCYTOSIS Fc gamma R-mediated phagocytosis 8.28E-03
KEGG_SMALL_CELL_LUNG_CANCER Small cell lung cancer 8.34E-03
KEGG_BIOSYNTHESIS_OF _UNSATURATED_FATTY_ACIDS Biosynthesis of unsaturated fatty acids 1.11E-02
KEGG_ANTIGEN_PROCESSING_AND_PRESENTATION Antigen processing and presentation 1.16E-02
KEGG_-MISMATCH_REPAIR Mismatch repair 1.32E-02
KEGG_LYSINE_DEGRADATION Lysine degradation 1.48E-02
KEGG_VALINE_LEUCINE_AND_ISOLEUCINE_DEGRADATION Valine, leucine and isoleucine degradation 1.48E-02
KEGG_VASOPRESSIN_ REGULATED_WATER_REABSORPTION Vasopressin-regulated water reabsorption 1.48E-02
KEGG_PANCREATIC_CANCER Pancreatic cancer 1.98E-02
KEGG_SELENOAMINO_ACID_METABOLISM Selenoamino acid metabolism 2.13E-02
KEGG_ECM_RECEPTOR_INTERACTION ECM-receptor interaction 2.18E-02
KEGG_ARRHYTHMOGENIC_RIGHT_VENTRICULAR_.CARDIOMYOPATHY _ARVC | Arrhythmogenic right ventricular cardiomyopathy (ARVC) | 2.71E-02
KEGG_SPHINGOLIPID_METABOLISM Sphingolipid metabolism 2.90E-02
KEGG_AXON_GUIDANCE Axon guidance 2.90E-02
KEGG_-GLYCEROPHOSPHOLIPID METABOLISM Glycerophospholipid metabolism 3.30E-02
KEGG-MTOR_SIGNALING_PATHWAY mTOR signaling pathway 3.30E-02
KEGG_CELL_ADHESION_MOLECULES_CAMS Cell adhesion molecules (CAMs) 3.53E-02
KEGG-AMYOTROPHIC_LATERAL_SCLEROSIS_ALS Amyotrophic lateral sclerosis (ALS) 3.55E-02
KEGG_ARGININE_AND_PROLINE_METABOLISM Arginine and proline metabolism 3.81E-02
KEGG_NON_SMALL_CELL_LUNG_CANCER Non-small cell lung cancer 3.81E-02
KEGG_GLYCINE_SERINE_AND_THREONINE_METABOLISM Glycine, serine and threonine metabolism 3.88E-02
KEGG_BASAL_CELL_.CARCINOMA Basal cell carcinoma 4.09E-02
KEGG_EPITHELIAL_CELL_SIGNALING_IN_HELICOBACTER_PYLORILINFECTION | Epithelial cell signaling in Helicobacter pylori infection 4.15E-02
KEGG_BETA_ALANINE_METABOLISM beta-Alanine metabolism 4.68E-02
KEGG_LONG_TERM_DEPRESSION Long-term depression 4.71E-02
KEGG_PROPANOATE_METABOLISM Propanoate metabolism 4.71E-02
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