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Abstract: Background: The accurate deciphering of spatial domains, along with the identification
of differentially expressed genes and the inference of cellular trajectory based on
spatial transcriptomic (ST) data, holds significant potential for enhancing our
understanding of tissue organization and biological functions. However, most of spatial
clustering methods can neither decipher complex structures in ST data nor entirely
employ features embedded in different layers.
Results: This manuscript introduces STMSGAL, a novel framework for analyzing ST
data by incorporating graph attention autoencoder and multi-scale deep subspace
clustering. Firstly, STMSGAL constructs ctaSNN, a cell type-aware shared nearest
neighbor graph, using Louvian clustering exclusively based on gene expression
profiles. Subsequently, it integrates expression profiles and ctaSNN to generate spot
latent representations using a graph attention auto-encoder and multi-scale deep
subspace clustering. Lastly, STMSGAL implements spatial clustering, differential
expression analysis, and trajectory inference, providing comprehensive capabilities for
thorough data exploration and interpretation. STMSGAL was evaluated against
seven methods including SCANPY, SEDR, CCST, DeepST, GraphST, STAGATE, and
SiGra, using four 10x Genomics Visium datasets, one mouse visual cortex STARmap
dataset, and two Stereo-seq mouse embryo datasets. The comparison showcased
STMSGAL's remarkable performance across Davies-Bouldin, Calinski-Harabasz,
S_Dbw, and ARI values. STMSGAL significantly enhanced the identification of layer
structures across ST data with different spatial resolutions, and accurately delineated
spatial domains in two breast cancer tissues, adult mouse brain (FFPE), and mouse
embryos.
Conclusion: STMSGAL can serve as an essential tool for bridging the analysis of
cellular spatial organization and disease pathology, offering valuable insights for
researchers in the field.
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• A m u l t i - s c a l e s e l f - e x p r e s s i o n m o d u l e i s e x p l o r e d t o l e a r n t h e a s s o c i a t i o n s b e t w e e n n o d e r e p r e s e n t a t i o n s i n a l l e n c o d e r l a y e r s a n d

f u r t h e r o b t a i n a m o r e d i s t i n c t s e l f - e x p r e s s i o n c o e f fi c i e n t m a t r i x f o r m a p p i n g t h e s e f e a t u r e s i n t o a m o r e p r e c i s e s u b s p a c e .

• A s e l f - s u p e r v i s e d l e a r n i n g m e t h o d i s d e s i g n e d t o h e l p s p o t l a t e n t f e a t u r e l e a r n i n g b y u t i l i z i n g t h e c l u s t e r i n g l a b e l a s a s u p e r v i s o r .

c e l l i s m a i n l y a f f e c t e d b y i t s s u r r o u n d i n g e n v i r o n m e n t [ 2 , 3 , 4 , 5 ] .

E x p l o r i n g r e l a t i v e p o s i t i o n s o f t h e s e c e l l s c o n t r i b u t e s t o a n a l y z -

i n g c e l l - c e l l c o m m u n i c a t i o n [ 6 , 7 , 8 , 9 ] a n d t h e i r s p a t i a l o r g a n i -

z a t i o n a n d d i s e a s e p a t h o l o g y [ 1 0 , 1 1 , 1 2 , 1 3 ] . T h e r a p i d a d v a n c e o f

s i n g l e - c e l l R N A s e q u e n c i n g ( s c R N A - s e q ) t e c h n o l o g i e s e n a b l e s u s

t o i n v e s t i g a t e t h e g e n e e x p r e s s i o n p a t t e r n s o f v a r i o u s c e l l s w i t h i n

a t i s s u e / o r g a n [ 1 4 , 1 5 , 1 6 , 1 7 , 1 8 , 1 9 , 2 0 , 2 1 , 2 2 ] . H o w e v e r , s c R N A -

s e q t e c h n o l o g i e s f a i l t o p r o v i d e s p a t i a l l o c a t i o n i n f o r m a t i o n [ 2 3 ] .

I n c o n t r a s t , s p a t i a l t r a n s c r i p t o m i c s ( S T ) t e c h n o l o g i e s p r o v i d e a

l a r g e n u m b e r o f g e n e e x p r e s s i o n d a t a a n d c e l l u l a r l o c a t i o n i n f o r -

m a t i o n f o r a t i s s u e a n d h a v e w i t n e s s e d t r e m e n d o u s d e v e l o p m e n t

i n t h e p a s t s e v e r a l y e a r s [ 2 4 , 2 5 , 2 6 ] . B a s e d o n t h e d a t a g e n e r a t i o n

w a y s , S T t e c h n o l o g i e s m a i n l y c o n t a i n i m a g e - b a s e d m e t h o d s a n d

n e x t - g e n e r a t i o n s e q u e n c i n g - b a s e d ( N G S - b a s e d ) m e t h o d s [ 2 7 ] .

I m a g e - b a s e d m e t h o d s u s e i n s i t u s e q u e n c i n g o r i n s i t u h y b r i d i z a -

t i o n t o r e t a i n s p a t i a l l o c a t i o n s o f c e l l s a n d f u r t h e r o b t a i n R N A t r a n -

s c r i p t s b a s e d o n i m a g e s f r o m t h e s t a i n e d t i s s u e s . M E R F I S H [ 2 8 ]

c a n d e t e c t g e n e e x p r e s s i o n i n f o r m a t i o n o f a b o u t 4 0 , 0 0 0 h u m a n

c e l l s i n a s i n g l e 1 8 - h o u r m e a s u r e m e n t . S T A R m a p [ 2 9 ] c a n c a p -

t u r e m o r e t h a n 1 , 0 0 0 g e n e s i n t h e m o u s e c o r t e x t h r o u g h a n e r r o r -

r o b u s t s e q u e n c i n g - b y - l i g a t i o n a p p r o a c h . s e q F I S H + [ 3 0 ] c o m b i n e d

s e q u e n t i a l h y b r i d i z a t i o n a n d s t a n d a r d c o n f o c a l m i c r o s c o p e - b a s e d

i m a g i n g t e c h n i q u e t o o b t a i n s u p e r - r e s o l u t i o n i m a g i n g a n d m u l t i -

p l e x i n g d a t a f o r 1 0 , 0 0 0 g e n e s .

N G S - b a s e d m e t h o d s d e p e n d o n t h e n u m b e r o f s p a t i a l b a r c o d e s

b e f o r e l i b r a r y p r e p a r a t i o n [ 3 1 ] . S l i d e - s e q [ 3 2 , 3 3 ] o b t a i n e d r a n -

d o m l y b a r c o d e d p o s i t i o n s t h r o u g h i n s i t u i n d e x i n g a n d c a p t u r e d

m R N A s t h r o u g h d e p o s i t i n g o n t o a s l i d e . H i g h - d e fi n i t i o n S T ( H D S T )

[ 3 4 ] r e p l a c e d t h e g l a s s s l i d e s u s i n g b e a d s d e p o s i t e d i n w e l l s . T h e

D B i T - s e q [ 3 5 ] t e c h n i q u e u t i l i z e d p o l y T b a r c o d e s i n t h e t i s s u e s e c -

t i o n b a s e d o n m i c r o fl u i d i c s . S t e r e o - s e q [ 3 6 ] o b t a i n e d n a n o s c a l e r e s -

o l u t i o n t h r o u g h r a n d o m l y b a r c o d e d D N A n a n o b a l l s . 1 0 x G e n o m i c s

V i s i u m ( https://www.10xgenomics.com/) d e m o n s t r a t e d i n c r e a s e d
r e s o l u t i o n w i t h 5 5 µm i n d i a m e t e r a n d 1 0 0 µm c e n t e r - c e n t e r a n d

s e n s i t i v i t y m o r e t h a n 1 0 , 0 0 0 t r a n s c r i p t s p e r s p o t . I t d e t e c t e d m o r e

u n i q u e m o l e c u l e s f o r e a c h s p o t c o m p a r e d w i t h S l i d e - s e q a n d H D S T .

O n e m a i n c h a l l e n g e i n S T d a t a a n a l y s i s i s t o c a p t u r e s p a t i a l d o -

m a i n s w i t h s i m i l a r e x p r e s s i o n p a t t e r n s . F o r e x a m p l e , t h e l a m i n a r

o r g a n i z a t i o n i n h u m a n c e r e b r a l c o r t e x h a s c l o s e r e l a t i o n s h i p w i t h

i t s b i o l o g i c a l f u n c t i o n s . I n t h i s t i s s u e , c e l l s w i t h i n d i f f e r e n t c o r t i c a l

l a y e r s h a v e d i f f e r e n t e x p r e s s i o n s , m o r p h o l o g y a n d p h y s i o l o g y [ 3 7 ] .

O n e e f fi c i e n t w a y t o i d e n t i f y s p a t i a l d o m a i n s i s t o c l u s t e r S T d a t a .

T h e s e c l u s t e r i n g m e t h o d s a r e m a i n l y f a l l i n t o t w o c a t e g o r i e s . T h e

fi r s t c a t e g o r y a d o p t s c o n v e n t i o n a l c l u s t e r i n g m e t h o d s , f o r e x a m -

p l e , K - m e a n s c l u s t e r i n g [ 3 8 ] a n d L o u v a i n a l g o r i t h m s [ 3 9 ] . T h e s e

a l g o r i t h m s a r e s u s c e p t i b l e t o s m a l l s i z e o f s p o t s a n d s p a r s i t y d a t a ,

a n d t h e d e t e c t e d c l u s t e r s m a y b e d i s c o n t i n u o u s i n s e c t i o n s . T h e

o t h e r c a t e g o r y u s e s c e l l - t y p e l a b e l s o b t a i n e d f r o m s c R N A - s e q d a t a

t o d e c o n v o l u t e s p o t s [ 4 0 , 4 1 ] . B u t t h i s t y p e o f m e t h o d s c a n n o t

a n a l y z e S T d a t a f r o m t h e p e r s p e c t i v e o f t h e c e l l u l a r o r s u b c e l l u l a r

r e s o l u t i o n .

I t i s c r u c i a l t o l e a r n a d i s c r i m i n a t i v e r e p r e s e n t a t i o n f o r e a c h s p o t

b y c o m b i n i n g g e n e e x p r e s s i o n a n d s p a t i a l c o n t e x t s w h e n c l u s t e r i n g

S T d a t a . R e c e n t l y , s e v e r a l c l u s t e r i n g a l g o r i t h m s h a v e b e e n d e v e l -

o p e d t o i d e n t i f y s p a t i a l d o m a i n s . F o r e x a m p l e , B a y e s S p a c e [ 4 2 ]

a s s u m e d t h a t s p o t s b e l o n g i n g t o t h e s a m e c e l l t y p e m a y b e c l o s e r

e a c h o t h e r a n d b u i l t a M a r k o v r a n d o m fi e l d m o d e l w i t h B a y e s i a n

a p p r o a c h . s t L e a r n [ 4 3 ] fi r s t p r o p o s e d a s p a t i a l m o r p h o l o g i c a l g e n e

e x p r e s s i o n n o r m a l i z a t i o n a l g o r i t h m t o n o r m a l i z e S T d a t a , a n d t h e n

e m p l o y e d s t a n d a r d L o u v a i n c l u s t e r i n g a p p r o a c h t o p a r t i t i o n b r o a d

c l u s t e r s i n t o s e v e r a l s u b - c l u s t e r s . S E D R [ 4 4 ] e x p l o i t e d a d e e p a u -

t o e n c o d e r n e t w o r k t o l e a r n g e n e r e p r e s e n t a t i o n s a n d a d o p t e d a

v a r i a t i o n a l g r a p h a u t o e n c o d e r t o e m b e d s p a t i a l i n f o r m a t i o n . C C S T

[ 4 5 ] e x p l o r e d a g r a p h c o n v o l u t i o n a l n e t w o r k t o t r a n s f e r g e n e e x -

p r e s s i o n i n f o r m a t i o n a s c e l l u l a r e m b e d d i n g v e c t o r s , a n d t r a i n e d a

n e u r a l n e t w o r k t o e n c o d e c e l l e m b e d d i n g f e a t u r e s f o r c l u s t e r i n g .

S T A G A T E [ 4 6 ] d e v e l o p e d a a d a p t i v e g r a p h a t t e n t i o n a u t o e n c o d e r

( G A T E ) [ 4 7 ] t o a c c u r a t e l y i d e n t i f y s p a t i a l d o m a i n s b y i n t e g r a t i n g

g e n e e x p r e s s i o n i n f o r m a t i o n a n d s p a t i a l n e i g h b o r n e t w o r k . D e e p S T

[ 4 8 ] i n c o r p o r a t e d g e n e e x p r e s s i o n , s p a t i a l c o n t e x t , a n d h i s t o l o g y

t o m o d e l s p a t i a l l y e m b e d d e d r e p r e s e n t a t i o n a n d f u r t h e r c a p t u r e

s p a t i a l d o m a i n s . G r a p h S T [ 4 9 ] i n t e g r a t e d g r a p h s e l f - s u p e r v i s e d

c o n t r a s t i v e l e a r n i n g a n d g r a p h n e u r a l n e t w o r k [ 5 0 , 5 1 ] f o r s p a t i a l

c l u s t e r i n g , m u l t i - s a m p l e i n t e g r a t i o n , a n d c e l l - t y p e d e c o n v o l u t i o n .

C o n G I [ 5 2 ] a d o p t e d g e n e e x p r e s s i o n w i t h h i s t o p a t h o l o g i c a l i m a g e s

t o a c c u r a t e l y c a p t u r e s p a t i a l d o m a i n s b a s e d o n c o n t r a s t i v e l e a r n i n g .

S T G I C [ 2 3 ] i s a g r a p h a n d i m a g e - b a s e d s p a t i a l c l u s t e r i n g m e t h o d .

I t c a n g e n e r a t e p s e u d o - l a b e l s f o r s p a t i a l c l u s t e r i n g w h i l e d o e s n o t

d e p e n d o n a n y t r a i n a b l e p a r a m e t e r s . S P A C E L [ 5 3 ] d e c o n v o l u t e d

c e l l t y p e c o m p o s i t i o n b a s e d o n a m u l t i p l e - l a y e r p e r c e p t r o n , a n d

i d e n t i fi e d s p a t i a l d o m a i n s v i a g r a p h c o n v o l u t i o n a l n e t w o r k a n d

a d v e r s a r i a l l e a r n i n g , l a s t l y c o n s t r u c t e d a 3 D a r c h i t e c t u r e f o r e a c h

t i s s u e . P R E C A S T [ 5 4 ] i n t e g r a t e d a f e w S T d a t a s e t s t h a t h a v e c o m -

p l e x b a t c h e f f e c t s a n d b i o l o g i c a l e f f e c t s . S R T s i m [ 5 5 ] i s s p a t i a l l y

r e s o l v e d t r a n s c r i p t o m i c s - s p e c i fi c s i m u l a t o r f o r s p a t i a l c l u s t e r i n g

a n d e x p r e s s i o n p a t t e r n a n a l y s i s . T a n g e t a l . [ 5 6 ] d e v e l o p e d a n

i m a g e - a u g m e n t e d g r a p h t r a n s f o r m e r f o r s p a t i a l e l u c i d a t i o n . T h e

m e t h o d s m e n t i o n e d a b o v e h a v e s i g n i fi c a n t l y p r o m o t e d t h e s t u d i e s

o f t i s s u e p h y s i o l o g y f r o m c e l l - c e n t r o i d t o s t r u c t u r e - c e n t r o i d a n d

a r e s t a t e - o f - t h e - a r t s p a t i a l c l u s t e r i n g m e t h o d s . P a r t i c u l a r l y , Y u a n

e t a l . [ 5 7 ] c o n s i d e r e d t h a t c u r r e n t c o m p u t a t i o n - b a s e d S T c l u s t e r -

i n g i s l a c k o f a c o m p r e h e n s i v e b e n c h m a r k a n d h a v e s y s t e m a t i c a l l y

b e n c h m a r k e d a c o l l e c t i o n o f 1 3 s p a t i a l c l u s t e r i n g m e t h o d s o n 7 S T

d a t a s e t s ( 3 4 S T d a t a ) . T h e i r w o r k h a s p r o v i d e d g u i d a n c e f o r f u t u r e

p r o g r e s s e s i n t h e S T d a t a a n a l y s i s fi e l d .

A l t h o u g h t h e a f o r e m e n t i o n e d c l u s t e r i n g m e t h o d s o b t a i n e d i m -

p r e s s i v e p e r f o r m a n c e , t h e i r l e a r n e d l a t e n t n o d e r e p r e s e n t a t i o n

f a i l e d t o a c h i e v e t h e m o s t u s e f u l i n f o r m a t i o n b e c a u s e t h e y d i d n o t

u s e c u r r e n t c l u s t e r i n g l a b e l s . I n a d d i t i o n , s o m e m e t h o d s i n c l u d -

i n g S E D R a n d C C S T o n l y u s e d t h e r e p r e s e n t a t i o n i n t h e fi n a l h i d -

d e n l a y e r o f a n e n c o d e r f o r c l u s t e r i n g S T d a t a , w h i c h f a i l e d t o c o n -

s i d e r h e l p f u l f e a t u r e s i n t h e o t h e r l a y e r s . A l t h o u g h g r a p h a t t e n -

t i o n a u t o e n c o d e r - b a s e d m e t h o d s [ 5 8 , 5 9 ] h a v e e l u c i d a t e d b e t t e r

p e r f o r m a n c e i n i n t e g r a t i n g n o d e a t t r i b u t e s a n d g r a p h s t r u c t u r e

i n f o r m a t i o n , t h e y c a n n o t d e c i p h e r t h e c o m p l e x s t r u c t u r e s i n S T

d a t a o r d i d n o t e n t i r e l y e m p l o y f e a t u r e s e m b e d d e d i n d i f f e r e n t l a y -

e r s . M o r e o v e r , s o m e m o d e l s d i d n o t u t i l i z e a c l u s t e r i n g - o r i e n t e d

l o s s f u n c t i o n w h i l e o t h e r s d i d n o t f u l l y u s e t h e c l u s t e r i n g l a b e l s

f o r n o d e r e p r e s e n t a t i o n l e a r n i n g . T h e p r o b l e m s p r o d u c e d t h e s u b -

o p t i m a l c l u s t e r i n g r e s u l t s . H e r e , w e i n t r o d u c e S T M S G A L , a n S T

a n a l y s i s f r a m e w o r k b y c o m b i n i n g g r a p h a t t e n t i o n a u t o e n c o d e r a n d

m u l t i - s c a l e d e e p s u b s p a c e c l u s t e r i n g n e t w o r k .
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M a t e r i a l s a n d m e t h o d s

O v e r v i e w o f S T M S G A L

A s s h o w n i n F i g u r e 1 , S T M S G A L i s c o m p o s e d o f t h r e e m a i n s t e p s . ( i )

S p a t i a l n e i g h b o r n e t w o r k c o n s t r u c t i o n . S T M S G A L c o n s t r u c t s a s p a -

t i a l n e i g h b o r n e t w o r k ( S N N ) b a s e d o n s p a t i a l c o n t e x t s , a n d o b t a i n s

a c e l l t y p e - a w a r e S N N c a l l e d c t a S N N t h r o u g h L o u v a i n c l u s t e r i n g

e x c l u s i v e l y b a s e d o n g e n e e x p r e s s i o n d a t a . ( i i ) L a t e n t e m b e d d i n g

f e a t u r e l e a r n i n g . I t m a i n l y c o m p r i s e s s p o t e m b e d d i n g f e a t u r e m a -

t r i x c o n s t r u c t i o n , s u b s p a c e c l u s t e r i n g c o m b i n i n g m u l t i - s c a l e s e l f -

e x p r e s s i o n c o e f fi c i e n t l e a r n i n g a n d a f fi n i t y m a t r i x c o n s t r u c t i o n ,

a n d s p o t r o b u s t l a t e n t f e a t u r e l e a r n i n g b a s e d o n s e l f - s u p e r v i s e d

l e a r n i n g . ( i i i ) B i o l o g i c a l a p p l i c a t i o n s . S T d a t a a r e c l u s t e r e d a n d

d i f f e r e n t i a l e x p r e s s i o n a n a l y s i s a n d t r a j e c t o r y i n f e r e n c e a r e i m -

p l e m e n t e d . S i m i l a r t o S T A G A T E [ 4 6 ] , S T M S G A L s t i l l c o n s t r u c t s a

c t a S N N a n d e m b e d d i n g f e a t u r e m a t r i x u s i n g G A T E . H o w e v e r , d i f -

f e r e d f r o m S T A G A T E , S T M S G A L a d o p t t h e m u l t i - s c a l e d e e p s u b -

s p a c e c l u s t e r i n g a l g o r i t h m t o o b t a i n c l u s t e r l a b e l s b a s e d o n m u l t i -

s c a l e i n f o r m a t i o n f r o m e a c h e n c o d e r l a y e r f o r s p o t s , a n d t h e n a d o p t

a s e l f - s u p e r v i s e d m o d u l e t o l e a r n r o b u s t l a t e n t f e a t u r e s o f s p o t s

w i t h c l u s t e r i n g i n f o r m a t i o n .

D a t a s e t s

F o u r a v a i l a b l e 1 0 x G e n o m i c s V i s i u m d a t a s e t s , o n e m o u s e v i s u a l

c o r t e x S T A R m a p d a t a s e t , a n d t w o S t e r e o - S e q d a t a s e t s a r e u s e d t o

e v a l u a t e t h e S T M S G A L p e r f o r m a n c e . T h e f o r m e r f o u r 1 0 x G e n o m i c s

d a t a s e t s a r e f r o m A d u l t M o u s e B r a i n ( F F P E ) , H u m a n B r e a s t C a n c e r

( D u c t a l C a r c i n o m a I n S i t u ( D C I S ) ) , H u m a n B r e a s t C a n c e r ( B l o c k

A S e c t i o n 1 ) , a n d H u m a n d o r s o l a t e r a l p r e f r o n t a l c o r t e x ( D L P F C )

t i s s u e s . T h e f o r m e r t w o d a t a s e t s h a v e n o c l u s t e r i n g l a b e l s a n d

t h e l a t t e r t w o d a t a s e t s a r e k n o w n t o b e l a b e l e d . T h e A d u l t M o u s e

B r a i n ( F F P E ) d a t a s e t c o n t a i n s 2 , 2 6 4 s p o t s a n d 1 9 , 4 6 5 g e n e s . H u -

m a n B r e a s t C a n c e r ( D C I S ) d a t a s e t i n c l u d e s 3 , 7 9 8 s p o t s a n d 3 6 , 6 0 1

g e n e s . H u m a n B r e a s t C a n c e r ( B l o c k A S e c t i o n 1 ) d a t a s e t d e t e c t s

2 , 5 1 8 s p o t s a n d 1 9 , 7 4 3 g e n e s . T h e D L P F C d a t a s e t c o n t a i n s 1 2 t i s s u e

s l i c e s . I t c a p t u r e s 3 3 , 5 3 8 g e n e s w i t h d i f f e r e n t s p o t n u m b e r s r a n g e d

f r o m 3 , 4 6 0 t o 4 , 7 8 9 i n e a c h s l i c e . E a c h s l i c e c o n t a i n s 5 t o 7 r e g i o n s

b y m a n u a l l y a n n o t a t i o n [ 3 7 ] . T h e m o u s e v i s u a l c o r t e x S T A R m a p

d a t a s e t p r o v i d e s t h e e x p r e s s i o n i n f o r m a t i o n o f 1 0 2 0 g e n e s f r o m

1 2 0 7 c e l l s [ 2 9 ] . T h e S t e r e o - S e q d a t a s e t [ 6 0 ] f r o m m o u s e e m b r y o s

a t E 9 . 5 i s o b t a i n e d b a s e d o n h i g h - r e s o l u t i o n f u l l - t r a n s c r i p t o m e

c o v e r a g e t e c h n o l o g i e s ( i . e . , S t e r e o - S e q t e c h n o l o g y ) . T h e n u m b e r

o f s p o t s a n d o n e o f g e n e s a r e 5 , 9 1 3 a n d 2 5 , 5 6 8 ( E 9 . 5 _ E 1 S 1 ) a s w e l l

a s 4 , 3 5 6 a n d 2 4 , 1 0 7 ( E 9 . 5 _ E 2 S 2 ) , r e s p e c t i v e l y .

S p a t i a l n e i g h b o r n e t w o r k c o n s t r u c t i o n

D a t a p r e p r o c e s s i n g

T o p r e p r o c e s s S T d a t a , fi r s t , s p o t s o u t s i d e m a i n t i s s u e r e g i o n s a r e

r e m o v e d . N e x t , r a w g e n e e x p r e s s i o n s a r e l o g - t r a n s f o r m e d a n d

n o r m a l i z e d b a s e d o n l i b r a r y s i z e t h r o u g h t h e S C A N P Y p a c k a g e [ 6 1 ] .

F i n a l l y , m u l t i p l e h i g h l y v a r i a b l e g e n e s a r e s e l e c t e d a s i n p u t s .

C e l l t y p e - a w a r e S N N c o n s t r u c t i o n

T o i n t e g r a t e t h e s i m i l a r i t y b e t w e e n s p o t s n e i g h b o r t o a g i v e n

s p o t , s i m i l a r t o S T A G A T E [ 4 6 ] , S T M S G A L c o n s t r u c t s a n u n d i r e c t e d

n e i g h b o r n e t w o r k b a s e d o n a p r e - d e fi n e d r a d i u s r a n d s p a t i a l c o n -

t e x t s . L e t A d e n o t e a n a d j a c e n c y m a t r i x o f t h e c o n s t r u c t e d S N N , A
i j

= 1 w h e n t h e E u c l i d e a n d i s t a n c e b e t w e e n t w o s p o t s i a n d j i s l e s s

t h a n r . F o r 1 0 x G e n o m i c s V i s i u m d a t a , a n S N N w h e r e e a c h s p o t

c o n t a i n s s i x n e a r e s t n e i g h b o r s i s b u i l t . N e x t , s e l f - l o o p s a r e a d d e d

t o e a c h s p o t . F i n a l l y , t h e S N N i s p r u n e d b a s e d o n p r e - c l u s t e r i n g

a n d a c t a S N N i s c o n s t r u c t e d . P a r t i c u l a r l y , t h e p r e - c l u s t e r i n g o f

s p o t s i s c o n d u c t e d b y L o u v a i n c l u s t e r i n g [ 3 9 ] e x c l u s i v e l y b a s e d o n

g e n e e x p r e s s i o n p r o fi l e s . T h e e d g e s w h e r e t w o s p o t s l i n k i n g t h e m

b e l o n g t o d i f f e r e n t c l u s t e r s a r e p r u n e d .

L a t e n t e m b e d d i n g f e a t u r e l e a r n i n g

W a n g e t a l . [ 6 2 ] p r e s e n t e d a m u l t i - s c a l e g r a p h a t t e n t i o n s u b s p a c e

c l u s t e r i n g m o d e l a n d o b t a i n e d s u p e r i o r p e r f o r m a n c e o n t h r e e g r a p h

d a t a s e t s a n d t w o r e a l - w o r l d d a t a s e t s . T h e c l u s t e r i n g m o d e l f u l l y

e x p l o r e d t h e a s s o c i a t i o n s b e t w e e n n o d e r e p r e s e n t a t i o n s i n a l l e n -

c o d e r l a y e r s a n d o b t a i n e d m o r e a c c u r a t e s e l f - e x p r e s s i o n c o e f fi c i e n t

m a t r i x . T o m o r e a c c u r a t e l y c l u s t e r s p o t s , i n t h i s s e c t i o n , w e u t i l i z e

t h e m u l t i - s c a l e g r a p h a t t e n t i o n s u b s p a c e c l u s t e r i n g m o d e l [ 6 2 ] t o

l e a r n l a t e n t e m b e d d i n g f e a t u r e s o f s p o t s . F i r s t , s p o t e m b e d d i n g

f e a t u r e m a t r i x i n e a c h e n c o d e r l a y e r i s c o n s t r u c t e d v i a G A T E . S e c -

o n d , s p o t c l u s t e r l a b e l s a r e o b t a i n e d t h r o u g h s u b s p a c e c l u s t e r i n g .

F i n a l l y , s p o t r o b u s t l a t e n t f e a t u r e s a r e l e a r n e d b y s e l f - s u p e r v i s e d

l e a r n i n g .

E m b e d d i n g f e a t u r e m a t r i x c o n s t r u c t i o n

S i m i l a r t o S T A G A T E [ 4 6 ] , w e u s e G A T E t o c o n s t r u c t e m b e d d i n g

f e a t u r e m a t r i x . F o r s p o t i , a n e n c o d e r w i t h L l a y e r s t a k e s i t s n o r -

m a l i z e d g e n e e x p r e s s i o n s x
i
a s i n p u t s t o g e n e r a t e i t s e m b e d d i n g

f e a t u r e s b y c o l l e c t i v e l y i n c o r p o r a t i n g i n f o r m a t i o n o f i t s n e i g h -

b o r s . T a k i n g g e n e e x p r e s s i o n s a s i n i t i a l s p o t e m b e d d i n g s , t h a t

i s , h
( 0 )

i
= x

i
, ∀i ∈ { 1 , 2 , · · · , N } , t h e e m b e d d i n g o f i i n t h e k - t h

( k ∈ { 1 , 2 , · · · , L – 1 } ) e n c o d e r l a y e r i s d e n o t e d b y E q . ( 1 ) :

h
( k )

i
= σ

∑
j∈S

i

a t t
( k )

i j

(
W
k
h
( k – 1 )

j

) ( 1 )

w h e r e W
k
, σ, S

i
, a n d a t t

( k )

i j
d e n o t e t h e t r a i n a b l e w e i g h t m a t r i x ,

n o n l i n e a r a c t i v a t i o n f u n c t i o n , a s p o t s e t t h a t i n c l u d e s n e i g h b o r s

o f i i n S N N a n d i i t s e l f , a n d w e i g h t o f t h e e d g e b e t w e e n s p o t i a n d

s p o t j i n t h e k - t h g r a p h a t t e n t i o n l a y e r , r e s p e c t i v e l y . T h e o u t p u t

z
( k )

i
= h

( k )

i
o f t h e e n c o d e r i s t a k e n a s t h e fi n a l s p o t e m b e d d i n g i n

t h e e n c o d e r p a r t . T h e L - t h l a y e r i n t h e e n c o d e r d o e s n o t u s e t h e

a t t e n t i o n l a y e r b y E q . ( 2 ) :

h
( L )

i
= σ

(
W L h

( L – 1 )

i

)
( 2 )

I n t h e p a r t o f d e c o d e r , a d e c o d e r t r a n s f o r m s t h e l e a r n e d l a t e n t

e m b e d d i n g b a c k i n t o a n o r m a l i z e d e x p r e s s i o n p r o fi l e t o r e c o n s t r u c t

t h e s p o t f e a t u r e s . S u p p o s e t h a t ĥ
( L )

i = C z
( L )

i
w h e r e C d e n o t e a s e l f -

e x p r e s s i o n m a t r i x , a n d z
( L )

i
d e n o t e s t h e e m b e d d i n g o f i i n t h e L - t h

e n c o d e r l a y e r . N e x t , C z
( L )

i
i s f e e d i n t o t h e d e c o d e r t o r e c o n s t r u c t

t h e s p o t e m b e d d i n g s . I n t h e k - t h d e c o d e r l a y e r , t h e e m b e d d i n g

f e a t u r e s o f s p o t i i s c o n s t r u c t e d b y E q . ( 3 ) :

ĥ
( k – 1 )

i = σ

∑
j∈S

i

â t t
( k – 1 )

i j

(
Ŵ
k
ĥ
( k )

j

) ( 3 )

T h e L l a y e r i n t h e d e c o d e r i s d e n o t e d b y E q . ( 4 ) :

ĥ
( 0 )

i = σ

(
Ŵ 1 ĥ

( 1 )

i

)
( 4 )

I t s o u t p u t i s t h e r e c o n s t r u c t e d n o r m a l i z e d e x p r e s s i o n s . I n a d d i -

t i o n , w e s e t Ŵ
k
= W

k
T
a n d â t t

( k )
= a t t

( k )
t o a v o i d o v e r fi t t i n g .

T h e a t t e n t i o n m e c h a n i s m i s a o n e - l a y e r f e e d f o r w a r d n e u r a l

n e t w o r k t h a t i s p a r a m e t r i z e d b y a w e i g h t v e c t o r . A s e l f - a t t e n t i o n

m e c h a n i s m [ 6 3 ] i s u s e d t o c o m p u t e t h e s i m i l a r i t y b e t w e e n n e i g h -

b o r i n g s p o t s b y a n a d a p t i v e w a y . I n t h e k - t h d e c o d e r l a y e r , t h e e d g e

w e i g h t b e t w e e n s p o t i a n d i t s n e i g h b o r s p o t j i s c o m p u t e d b y E q .
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( 5 ) :

e
( k )

i j
= S i g m o i d ( v

( k )
T

s
( W
k
h
( k – 1 )

i
) + v

( k )
T

r
( W
k
h
( k – 1 )

j
) ) ( 5 )

w h e r e v
( k )

s
a n d v

( k )

r
a r e t w o t r a i n a b l e w e i g h t v e c t o r s . N e x t , t h e s i m -

i l a r i t y w e i g h t s b e t w e e n s p o t s a r e n o r m a l i z e d b y a s o f t m a x f u n c t i o n

b y E q . ( 6 ) :

a t t
( k )

i j
=

e x p

(
e
( k )

i j

)
∑
j∈S

i
e x p

(
e
( k )

i j

) ( 6 )

T h e o b t a i n e d w e i g h t s a r e a p p l i e d t o f u r t h e r u p d a t e t h e l a t e n t e m -

b e d d i n g o f s p o t s i n t h e e n c o d e r a n d d e c o d e r .

I n a d d i t i o n , S T M S G A L a d o p t s a s e l f - a t t e n t i o n m e c h a n i s m a n d

c o n s t r u c t s a c t a S N N . L e t a t t
s p a t i a l

i j
a n d a t t

a w a r e

i j
d e n o t e t h e l e a r n e d

s p o t s i m i l a r i t y u s i n g S N N a n d c t a S N N , r e s p e c t i v e l y , t h e fi n a l s p a t i a l

s i m i l a r i t y i s c o m p u t e d b y c o m b i n i n g t h e a b o v e t w o s i m i l a r i t i e s b y

E q . ( 7 ) :

a t t
i j
= ( 1 – α) a t t

s p a t i a l

i j
+ αa t t a w a r e

i j
( 7 )

w h e r e α i s a h y p e r p a r a m e t e r u s e d t o w e i g h t h e i m p o r t a n c e o f S N N

a n d c t a S N N .

T h e r e c o n s t r u c t e d l o s s i s m i n i m i z e d b a s e d o n t h e r e s i d u a l s u m

o f s q u a r e s b y E q . ( 8 ) :

La t t = m i n
1

2

n∑
i = 1

∥∥∥∥x i – ĥ ( 0 )i ∥∥∥∥2
F

( 8 )

P a r t i c u l a r l y , w e i g h t d e c a y e q u a l l y i m p o s e s a p e n a l t y t o t h e L 2

n o r m , t h u s , t h e r e g u l a r i z e d l o s s i s m i n i m i z e d . A n d t h e t o t a l l o s s i s

r e p r e s e n t e d a s E q . ( 9 ) :

L1 = La t t +
1

2
·
L – 1∑
k = 1

∥∥W
k

∥∥2
F

( 9 )

M u l t i - s c a l e d e e p s u b s p a c e c l u s t e r i n g

D i f f e r e d f r o m S T A G A T E [ 4 6 ] , i n t h i s s e c t i o n , w e a d o p t t h e m u l t i -

s c a l e d e e p s u b s p a c e c l u s t e r i n g a l g o r i t h m t o o b t a i n c l u s t e r l a b e l s

b a s e d o n m u l t i - s c a l e i n f o r m a t i o n f r o m e a c h e n c o d e r l a y e r f o r s p o t s .

T h e s e l f - e x p r e s s i o n p r o p e r t y o f d a t a g r e a t l y i n fl u e n c e s t h e p e r f o r -

m a n c e o f s u b s p a c e c l u s t e r i n g . I n a u n i o n s u b s p a c e , e a c h d a t a c a n

b e r e p r e s e n t e d a s a l i n e a r c o m b i n a t i o n o f t h e o t h e r d a t a . T h u s ,

w e u s e a m u l t i - s c a l e s e l f - e x p r e s s i v e m o d u l e t o o b t a i n t h e fi n a l

s e l f - e x p r e s s i o n c o e f fi c i e n t m a t r i x b a s e d o n s p o t e m b e d d i n g f e a t u r e

m a t r i x : H
( k )
=

{
h
( k )

1
, h
( k )

2
, · · · , h ( k )

n

}
.

I n d e e p s u b s p a c e c l u s t e r i n g n e t w o r k [ 6 4 ] , a s e l f - e x p r e s s i o n

l a y e r i s a f u l l c o n n e c t i o n l a y e r w i t h o u t b i a s a n d a c t i v a t i o n . A n d i t s

o b j e c t i o n f u n c t i o n i s r e p r e s e n t e d b y E q . ( 1 0 ) :

m i n
C

‖C ‖p +
1

2
‖Z – C Z ‖2

F
s . t . ( d i a g ( C ) = 0 ) ( 1 0 )

w h e r e C i n d i c a t e s a s e l f - e x p r e s s i o n c o e f fi c i e n t m a t r i x u s e d t o b u i l d

a n a f fi n i t y m a t r i x Λ f o r t h e f o l l o w i n g s p e c t r a l c l u s t e r i n g , Z i n d i -

c a t e s t h e o u t p u t f e a t u r e m a t r i x i n t h e e n c o d e r , a n d ‖ · ‖p i n d i c a t e s
a n a r b i t r a r y r e g u l a r i z a t i o n n o r m .

A l t h o u g h d e e p s u b s p a c e c l u s t e r i n g o b t a i n s b e t t e r c l u s t e r i n g p e r -

f o r m a n c e , i t f a i l s t o c o n s i d e r t h e m u l t i - s c a l e f e a t u r e s e x i s t i n g i n t h e

o t h e r e n c o d e r l a y e r s . H e r e , w e i n t e g r a t e t h e m u l t i - s c a l e f e a t u r e s t o

t h e o r i g i n a l s e l f - e x p r e s s i o n m o d u l e . G i v e n t h e i n p u t n o r m a l i z e d

g e n e e x p r e s s i o n s i n t h e i - t h e n c o d e r l a y e r Z
( k )

(
k = 1 , 2 , · · · , L

)
, t h e

s e l f - e x p r e s s i o n c o e f fi c i e n t m a t r i x C
( k )
i n t h e k - t h e n c o d e r l a y e r

c a n b e c o m p u t e d b y E q . ( 1 1 ) :

m i n

C ( k )

1

2

∥∥∥Z ( k ) – C ( k ) Z ( k ) ∥∥∥2
F

( 1 1 )

N e x t , t h e m u l t i - s c a l e s e l f - e x p r e s s i o n m a t r i x C
( k )
i n d i f f e r e n t

l a y e r s i s f u s e d b a s e d o n a n a d a p t i v e a p p r o a c h b y E q . ( 1 2 ) :

C F =

∑
L

k = 1
τ
k
· C ( k )∑

L

k = 1
τ
k

( 1 2 )

w h e r e τ
k
d e n o t e s a t r a i n a b l e v a r i a b l e u s e d t o b a l a n c e t h e i m p o r -

t a n c e o f e a c h s e l f - e x p r e s s i o n m a t r i x .

B a s e d o n t h e o b t a i n e d fi n a l s e l f - e x p r e s s i o n m a t r i x C F , d e e p

s u b s p a c e c l u s t e r i n g m o d e l b u i l d s a n a f fi n i t y m a t r i x Λ f o r s p e c t r a l

c l u s t e r i n g [ 6 5 ] b y E q . ( 1 3 ) :

Λ =
1

2

(
| C F | +

∣∣∣C TF ∣∣∣) ( 1 3 )

C o n s e q u e n t l y , t h e c l u s t e r i n g r e s u l t Y
c l u
c a n b e o b t a i n e d b y s p e c -

t r a l c l u s t e r i n g b a s e d o n Λ.

P a r t i c u l a r l y , t h e m u l t i - s c a l e s e l f - e x p r e s s i o n l o s s i s r e p r e s e n t e d

a s E q . ( 1 4 ) :

Lm s s = m i n
C ( k )

1

2 L
·
L∑
k = 1

∥∥∥Z ( k ) – C ( k ) Z ( k ) ∥∥∥2
F

s . t .

(
d i a g

(
C
( k )

)
= 0

) ( 1 4 )

B e s i d e s , a r e g u l a r i z a t i o n l o s s i s i n t r o d u c e d t o a v o i d C
( k )
t o o

s p a r s e :

Lr e g = m i n
C ( k )

1

L
·
L∑
k = 1

∥∥∥C ( k ) ∥∥∥
p

s . t .

(
d i a g

(
C
( k )

)
= 0

) ( 1 5 )

T h u s , t h e t o t a l l o s s i n m u l t i - s c a l e s e l f - e x p r e s s i o n m o d u l e i s

d e n o t e d a s E q . ( 1 6 ) :

L2 = Lm s s + Lr e g ( 1 6 )

S p o t r o b u s t l a t e n t f e a t u r e l e a r n i n g

F u r t h e r m o r e , d i s t i n c t f r o m [ 4 6 ] , w e e m p l o y a s e l f - s u p e r v i s e d m o d -

u l e t o l e a r n s p o t r o b u s t l a t e n t f e a t u r e s . F i r s t , s p o t s a r e c l a s s i fi e d

b a s e d o n t h r e e f u l l c o n n e c t i o n l a y e r s . L e t t h e d i m e n s i o n s o f a l l f u l l

c o n n e c t i o n l a y e r s b e d e n o t e d a s
{
d L × D 1 × D 2 × D 3 × m

}
, w h e r e

d L d e n o t e s t h e d i m e n s i o n o f Z
( L )
, a n d D 1 , D 2 a n d D 3 d e n o t e t h e d i -

m e n s i o n s o f t h r e e f u l l c o n n e c t i o n l a y e r s , r e s p e c t i v e l y . W e o b t a i n

t h e c l a s s i fi c a t i o n r e s u l t s P ∈ R n ×m o f n s p o t s b a s e d o n t h e t h r e e
f u l l c o n n e c t i o n l a y e r s .

N e x t , w e u s e t h e c r o s s - e n t r o p y l o s s b e t w e e n t h e c l a s s i fi c a t i o n

r e s u l t s P a n d t h e c l u s t e r i n g r e s u l t s Y
c l u
t o c o n s t r a i n s e l f - s u p e r v i s e d

l e a r n i n g m o d u l e b y E q . ( 1 7 ) :

L3 = Ls u p = m i n
P

–

n∑
i = 1

m∑
j = 1

P ( i , j ) l o g Y
c l u
( i , j ) ( 1 7 )

w h e r e Y
c l u
( i , j ) d e n o t e s t h e j - t h c l u s t e r i n g l a b e l o f s p o t i o b t a i n e d

f r o m s p e c t r a l c l u s t e r i n g , a n d P ( i , j ) d e n o t e s t h e j - t h c l a s s i fi c a t i o n

l a b e l o f s p o t i b a s e d o n t h r e e f u l l c o n n e c t i o n l a y e r s .

F i n a l l y , b y i n t e g r a t i n g E q s . ( 9 ) , ( 1 4 ) , ( 1 5 ) , a n d ( 1 7 ) , t h e t o t a l l o s s

f u n c t i o n o f m u l t i - s c a l e G A T E i s d e n o t e d a s E q . ( 1 8 ) :

L
t o t a l

= m i n
( C , P , Z )

L1 + Lr e g + λ · Lm s s + Ls u p ( 1 8 )
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w h e r e λ i s a t r a d e o f f p a r a m e t e r u s e d t o m e a s u r e t h e i m p o r t a n c e o f

Lm s s .

B i o l o g i c a l a p p l i c a t i o n

S T M S G A L fi r s t i d e n t i fi e s s p a t i a l d o m a i n s u s i n g L e i d e n c l u s t e r i n g

[ 6 6 ] , L o u v a i n c l u s t e r i n g [ 3 9 ] o r m c l u s t c l u s t e r i n g [ 6 7 ] b a s e d o n t h e

o b t a i n e d s p o t e m b e d d i n g f e a t u r e m a t r i x . S e c o n d , i t i m p l e m e n t s d i f -

f e r e n t i a l e x p r e s s i o n a n a l y s i s u s i n g t h e t - t e s t i n t h e S c a n p y p a c k a g e .

F i n a l l y , i t c o n d u c t s t r a j e c t o r y i n f e r e n c e .

S p a t i a l c l u s t e r i n g

B a s e d o n t h e l e a r n e d s p o t e m b e d d i n g f e a t u r e m a t r i x , w e u s e d i f f e r -

e n t s t r a t e g i e s t o i d e n t i f y s p a t i a l d o m a i n s . F o r t h e D L P F C d a t a s e t ,

m c l u s t c l u s t e r i n g [ 6 7 ] i s a p p l i e d t o s p a t i a l c l u s t e r i n g . F o r o t h e r d a t e -

s e t s , L o u v a i n o r L e i d e n c l u s t e r i n g [ 3 9 , 6 6 ] i s u s e d t o i m p l e m e n t S T

c l u s t e r i n g .

I n a d d i t i o n , a l t h o u g h s p o t e m b e d d i n g f e a t u r e m a t r i x i s o b t a i n e d

b y i n t e g r a t i n g b o t h g e n e e x p r e s s i o n s a n d s p a t i a l c o n t e x t s , s e v e r a l

s p o t s m a y b e i n c o r r e c t l y a s s i g n e d t o s p a t i a l l y d i a m e t r i c a l d o m a i n s ,

w h i c h m a y c a u s e n o i s e a n d i n fl u e n c e d o w n s t r e a m a n a l y s i s . T o

s o l v e t h i s p r o b l e m , a n o p t i o n a l o p t i m i z a t i o n s t e p i s u s e d t o f u r t h e r

o p t i m i z e s p a t i a l c l u s t e r i n g r e s u l t s o b t a i n e d f r o m L o u v a i n c l u s t e r i n g

o n t h e D L P F C d a t a s e t : f o r a g i v e n s p o t i , i t s s u r r o u n d i n g s p o t s

w i t h i n a n r r a d i u s c i r c l e a r e t a k e n a s i t s n e i g h b o r s . N e x t , w e r e a s s i g n

i t o a s p a t i a l d o m a i n w i t h t h e m o s t f r e q u e n t l a b e l o f i t s n e i g h b o r s .

I n a d d i t i o n , t h e c l u s t e r i n g r e s u l t s a r e v i s u a l i z e d u s i n g U M A P [ 6 8 ] .

D i f f e r e n t i a l e x p r e s s i o n a n a l y s i s

D i f f e r e n t i a l e x p r e s s i o n a n a l y s i s i s o n e p r i m a r y d o w n s t r e a m a n a l -

y s i s m e t h o d o n t r a n s c r i p t o m i c d a t a [ 6 9 , 7 0 , 7 1 ] . I t h e l p s i d e n t i f y

b i o m a r k e r s f o r n o v e l c e l l t y p e s o r d e t e c t g e n e s i g n a t u r e s f o r c e l -

l u l a r h e t e r o g e n e i t y , a n d f u r t h e r p r o v i d e s d a t a f o r o t h e r s e c o n d a r y

a n a l y s e s ( s u c h a s g e n e s e t o r p a t h w a y a n a l y s i s , a n d n e t w o r k a n a l y -

s i s ) . W e u s e t h e t - t e s t i m p l e m e n t e d i n t h e S C A N P Y p a c k a g e [ 6 1 ] t o

i d e n t i f y d i f f e r e n t i a l l y e x p r e s s e d g e n e s f o r s p a t i a l d o m a i n s .

T r a j e c t o r y i n f e r e n c e

S T t e c h n o l o g i e s h e l p d e p i c t t i s s u e s a n d o r g a n i s m s i n g r e a t d e t a i l .

T r a c k i n g t h e t r a n s c r i p t o m i c p r o fi l e s o f c e l l s o v e r t i m e a n d s t u d y i n g

t h e i r d y n a m i c c e l l u l a r p r o c e s s c o n t r i b u t e s t o t h e c o m p u t a t i o n a l r e -

c o n s t r u c t i o n o f c e l l u l a r d e v e l o p m e n t a l p r o c e s s e s . T r a j e c t o r y i n f e r -

e n c e e n a b l e s u s t o b e t t e r s t u d y t h e p o t e n t i a l d y n a m i c s o f a q u e r y b i -

o l o g i c a l p r o c e s s , f o r e x a m p l e , c e l l u l a r d e v e l o p m e n t , d i f f e r e n t i a t i o n ,

a n d i m m u n e r e s p o n s e s [ 7 2 ] . I t c a n d e t e c t a g r a p h - l i k e s t r u c t u r e

e x i s t i n g i n t h e d y n a m i c p r o c e s s f r o m t h e s a m p l e d c e l l s . P r o p e r t i e s

o f c e l l s a r e c o m p a r e d o v e r p s e u d o t i m e [ 7 3 ] b y m a p p i n g t h e m t o

t h e c a p t u r e d s t r u c t u r e . T r a j e c t o r y i n f e r e n c e a l l o w s u s a n a l y z e h o w

c e l l s e v o l v e f r o m o n e c e l l s t a t e t o a n o t h e r , a n d w h e n a n d h o w s h o u l d

c e l l s m a k e c e l l f a t e d e c i s i o n s . I n t h i s s e c t i o n , t h e P A G A a l g o r i t h m

[ 7 4 ] i n t h e S C A N P Y p a c k a g e [ 6 1 ] i s e m p l o y e d t o d e p i c t s p a t i a l t r a -

j e c t o r y . T h e o b t a i n e d t r a j e c t o r y fi g u r e s a r e v i s u a l i z e d u s i n g t h e

s c a n p y . p l . p a g a _ c o m p a r e ( ) f u n c t i o n .

R e s u l t s

E x p e r i m e n t a l s e t t i n g

I n S T M S G A L , b o t h e n c o d e r a n d d e c o d e r w i t h t h e a c t i v a t i o n f u n c t i o n

o f e x p o n e n t i a l l i n e a r u n i t ( E L U ) [ 7 5 ] w e r e n e u r a l n e t w o r k s w i t h

t w o g r a p h a t t e n t i o n l a y e r s , w h e r e t h e n u m b e r o f n e u r o n s i s 5 1 2

a n d 3 0 , r e s p e c t i v e l y . T h e A d a m o p t i m i z e r [ 7 6 ] w a s e m p l o y e d t o

m i n i m i z e t h e i r r e c o n s t r u c t i o n l o s s . I n t h e s e l f - s u p e r v i s e d m o d u l e ,

t h e a c t i v a t i o n f u n c t i o n w a s s e t t o r e c t i fi e d l i n e a r u n i t s ( R e L u ) [ 7 7 ] .

F o r L o u v a i n c l u s t e r i n g , t h e r a d i u s r w a s s e t t o 5 0 w h e n S T M S G A L

o b t a i n e d t h e b e s t c l u s t e r i n g p e r f o r m a n c e o n t h e D L P F C d a t a s e t .

S T M S G A L a d o p t e d t h e s a m e d a t a p r e p r o c e s s i n g a s t h o s e o f

S C A N P Y . B o t h o f t h e m u s e d l o g - n o r m a l i z e d , c o n s t r u c t e d t h e n e a r -

e s t n e i g h b o r n e t w o r k . S C A N P Y o b t a i n e d s p a t i a l c l u s t e r i n g w i t h t h e

s c a n p y . t l . l o u v a i n ( ) f u n c t i o n . T a b l e 1 s h o w s p a r a m e t e r s e t t i n g s o f

S T M S G A L o n fi v e S T d a t a s e t s . F o r e a c h d a t a s e t w i t h l a b e l s , t h e r e s o -

l u t i o n p a r a m e t e r w a s t u n e d m a n u a l l y t o e n s u r e t h e c l u s t e r n u m b e r

w a s e q u a l t o t h e g r o u n d t r u t h . T h u s , t h e c l u s t e r n u m b e r i n e a c h

m e t h o d w a s s e t t o t h e s a m e a s o n e o f g r o u n d t r u t h l a y e r s . F o r o t h e r

c l u s t e r i n g m e t h o d s , w e a d o p t e d t h e i r d e f a u l t s e t t i n g s .

E v a l u a t i o n m e t r i c s

F o r t h r e e d a t a s e t s w i t h l a b e l s ( H u m a n B r e a s t C a n c e r ( B l o c k A S e c -

t i o n 1 ) , D L P F C , a n d m o u s e v i s u a l c o r t e x S T A R m a p ) , w e e m p l o y e d

a d j u s t e d r a n d i n d e x ( A R I ) [ 7 8 ] t o e v a l u a t e t h e p e r f o r m a n c e o f d i f -

f e r e n t s p a t i a l c l u s t e r i n g a l g o r i t h m s . A R I c o m p u t e s t h e s i m i l a r i t y

b e t w e e n t h e p r e d i c t e d c l u s t e r i n g l a b e l s a n d r e f e r e n c e c l u s t e r l a b e l s

b y E q . ( 1 9 ) :

A R I =
R I – E [ R I ]

m a x ( R I ) – E [ R I ]
( 1 9 )

w h e r e t h e u n a d j u s t e d r a n d i n d e x R I = ( a + b ) / C
2
n w h e r e a a n d b

i n d i c a t e t h e n u m b e r o f p a i r s c o r r e c t l y l a b e l e d i n t h e s a m e d a t a s e t

a n d n o t i n t h e s a m e d a t a s e t , r e s p e c t i v e l y . C
2
n i n d i c a t e s t h e t o t a l

n u m b e r o f p o s s i b l e p a i r s . E [ R I ] i n d i c a t e s t h e e x p e c t e d R I b a s e d o n

r a n d o m l a b e l i n g . A h i g h e r A R I s c o r e d e n o t e s b e t t e r p e r f o r m a n c e .

F o r t w o d a t a s e t s w h o s e s p a t i a l d o m a i n a n n o t a t i o n s a r e u n a v a i l -

a b l e ( A d u l t M o u s e B r a i n ( F F P E ) a n d H u m a n B r e a s t C a n c e r ( D C I S ) ) ,

w e e v a l u a t e d t h e p e r f o r m a n c e o f s p a t i a l c l u s t e r i n g a l g o r i t h m s b a s e d

o n t h r e e c l u s t e r i n g m e t r i c s , t h a t i s , D a v i e s - B o u l d i n ( D B ) s c o r e [ 7 9 ] ,

C a l i n s k i - H a r a b a s z ( C H ) s c o r e [ 8 0 ] , a n d S _ D b w s c o r e [ 8 1 , 8 2 ] . D B

w a s c o m p u t e d b y a v e r a g i n g a l l c l u s t e r s i m i l a r i t i e s w h e r e t h e s i m i -

l a r i t y b e t w e e n e a c h c l u s t e r a n d i t s m o s t s i m i l a r c l u s t e r w a s t a k e n

a s i t s c l u s t e r s i m i l a r i t y . A n d t h e s i m i l a r i t y w a s c o m p u t e d b y t h e

r a t i o o f w i t h i n - c l u s t e r d i s t a n c e s t o b e t w e e n - c l u s t e r d i s t a n c e s . C H

i s u s e d t o m e a s u r e t h e c l u s t e r v a l i d i t y b y a v e r a g i n g t h e s q u a r e s

o f w i t h i n - a n d b e t w e e n - c l u s t e r d i s t a n c e s u m o f a l l s p o t s . S _ D b w

e v a l u a t e i n t r a c l a s s c o m p a c t n e s s a n d i n t e r c l a s s d e n s i t y o f e a c h s p o t .

S m a l l D B a n d S _ D b w a n d l a r g e C H i n d i c a t e t h e o p t i m a l c l u s t e r c l u s -

t e r i n g .

P e r f o r m a n c e c o m p a r i s o n o f S T M S G A L w i t h fi v e o t h e r

m e t h o d s o n t w o d a t a s e t s w i t h o u t l a b e l s

T o i n v e s t i g a t e t h e c l u s t e r i n g p e r f o r m a n c e o f S T M S G A L , w e c o m -

p a r e d i t w i t h fi v e o t h e r c l u s t e r i n g a l g o r i t h m s , t h a t i s , S C A N P Y [ 6 1 ] ,

S E D R [ 4 4 ] , C C S T [ 4 5 ] , S T A G A T E [ 4 6 ] , D e e p S T [ 4 8 ] , a n d G r a p h S T

[ 4 9 ] o n t w o 1 0 x G e n o m i c s V i s i u m d a t a s e t s w i t h o u t l a b e l s ( i . e . , A d u l t

M o u s e B r a i n ( F F P E ) a n d H u m a n B r e a s t C a n c e r ( D C I S ) ) . T h e f o r m e r

o n e m e t h o d o b t a i n e d b r o a d a p p l i c a t i o n s i n s i n g l e - c e l l c l u s t e r i n g ,

a n d t h e r e m a i n i n g fi v e m e t h o d s w e r e w i d e l y a p p l i e d t o s p a t i a l c l u s -

t e r i n g . T a b l e 2 s h o w s t h e D B , C H , a n d S _ D b w s c o r e s c o m p u t e d b y

S T M S G A L a n d o t h e r m e t h o d s o n t h e a b o v e t w o d a t a s e t s . T h e b e s t

p e r f o r m a n c e i n e a c h c o l u m n w a s d e n o t e d u s i n g t h e b o l d f o n t . T h e

r e s u l t s d e m o n s t r a t e d t h a t S T M S G A L c o m p u t e d t h e s m a l l e s t D B

a n d S _ D b w a n d t h e h i g h e s t C H o n A d u l t M o u s e B r a i n ( F F P E ) , a n d

t h e h i g h e s t C H a n d t h e s m a l l e s t S _ D b w o n H u m a n B r e a s t C a n c e r

( D C I S ) , s u g g e s t i n g i t s o p t i m a l c l u s t e r i n g p e r f o r m a n c e .

S T M S G A L d e m o n s t r a t e s r o b u s t c l u s t e r i n g p e r f o r m a n c e

a c r o s s S T d a t a s e t s w i t h d i f f e r e n t s p a t i a l r e s o l u t i o n s

T o e v a l u a t e t h e S T M S G A L p e r f o r m a n c e o n s p a t i a l d o m a i n i d e n -

t i fi c a t i o n , w e c o m p a r e d i t w i t h e x i s t i n g s e v e n s t a t e - o f - t h e - a r t

m e t h o d s o n 4 D L P F C s e c t i o n s . P a r t i c u l a r l y , i n c o m p l e x n e t w o r k s ,



6 | G i g a S c i e n c e , 2 0 2 4 , V o l . 0 0 , N o . 0

n o d e s a r e c l u s t e r e d i n t o r e l a t i v e l y d e n s e c o m m u n i t i e s t h r o u g h t h e

c l u s t e r i n g a l g o r i t h m . L o u v a i n c l u s t e r i n g i s a n o n s p a t i a l c l u s t e r i n g

a l g o r i t h m . I t a s s i g n s e a c h s p o t t o s i g n i fi c a n t l y d i f f e r e n t i a l c o m m u -

n i t y a n d a c h i e v e s t h e d e s i r e d c l u s t e r s b y i t e r a t i v e l y m e r g i n g a n d

s p l i t t i n g c o m m u n i t i e s . I t e x h i b i t s p o w e r f u l c l u s t e r i n g p e r f o r m a n c e

t h a n s p e c t r a l c l u s t e r i n g w h e n c l u s t e r i n g S T d a t a , s u c h a s D L P F C .

T h u s , w e u s e d t h e L o u v i a n c l u s t e r i n g f o r p e r f o r m i n g c l u s t e r i n g

a g a i n o n D L P F C .

M o r e o v e r , t h e D L P F C d a t a s e t p r o v i d e s h i g h r e s o l u t i o n i m a g e s

a n d s a t i s fi e s t h e n e e d o f s p a t i a l c l u s t e r i n g m e t h o d s i n c l u d i n g S i G r a

t h a t m u s t c o m b i n e h i g h r e s o l u t i o n i m a g e s f o r c l u s t e r i n g S T d a t a .

T h e r e s u l t s e l u c i d a t e d t h a t s p a t i a l d o m a i n s c a p t u r e d b y S T M S G A L

w e r e c o n s i s t e n t w i t h m a n u a l a n n o t a t i o n o n h u m a n D L P F C s e c t i o n s

a n d t h e d e fi n i t i o n o f c o r t i c a l s t r a t i fi c a t i o n i n n e u r o s c i e n c e ( F i g u r e

2 ) .

I n a d d i t i o n , S T M S G A L e f f e c t i v e l y c a p t u r e d t h e e x p e c t e d c o r t i -

c a l l a y e r s t r u c t u r e s a n d s i g n i fi c a n t l y i m p r o v e d s p a t i a l c l u s t e r i n g

p e r f o r m a n c e i n c o m p a r i s o n w i t h S C A N P Y , S E D R , C C S T , S T A G A T E ,

S i G r a , D e e p S T , a n d G r a p h S T ( F i g u r e 2 a n d S u p p l e m e n t a r y F i g u r e

S 1 ) . F o r a v e r a g e A R I s , S T M S G A L a c h i e v e d t h e b e s t p e r f o r m a n c e

( F i g u r e 2 B ) . I n t h e D L P F C s e c t i o n 1 5 1 5 0 9 , S T M S G A L c l e a r l y d e p i c t e d

t h e l a y e r b o r d e r s a n d o b t a i n e d t h e b e s t a v e r a g e A R I o f 0 . 5 1 1 . I n t h e

s e c t i o n , a l t h o u g h t h e c l u s t e r i n g r e s u l t s o f S C A N P Y r o u g h l y a d h e r e d

t o t h e e x p e c t e d l a y e r s t r u c t u r e s , i t s c l u s t e r b o u n d a r y w a s d i s c o n -

t i n u o u s w i t h m a n y n o i s e s , w h i c h g r e a t l y i n fl u e n c e d i t s c l u s t e r i n g

a c c u r a c y . M o r e o v e r , S C A N P Y i s a n o n - s p a t i a l c l u s t e r i n g a l g o r i t h m ,

a n d S E D R , C C S T , D e e p S T , S T A G A T E , S i G r a , a n d G r a p h S T a r e s p a t i a l

c l u s t e r i n g a l g o r i t h m s . I n t e r e s t i n g l y , t h e p e r f o r m a n c e o f t h e a b o v e

s i x s p a t i a l c l u s t e r i n g a l g o r i t h m s e s p e c i a l l y S T M S G A L i s b e t t e r t h a n

t h e c l u s t e r i n g m e t h o d , e l u c i d a t i n g S T M S G A L ’ s p o w e r f u l s p a t i a l

d o m a i n i d e n t i fi c a t i o n a b i l i t y ( F i g u r e 2 C ) .

S T M S G A L m a n i f e s t e d t h e d i s t a n c e b e t w e e n s p a t i a l d o m a i n s

a n d c h a r a c t e r i z e d t h e s p a t i a l t r a j e c t o r y i n a U M A P p l o t [ 6 8 ] b y i n t e -

g r a t i n g s p a t i a l c o n t e x t s . F o r e x a m p l e , i n t h e D L P F C s e c t i o n 1 5 1 5 0 9 ,

t h e U M A P p l o t s d e l i n e a t e d b y S T M S G A L e m b e d d i n g s e l u c i d a t e d

w e l l - o r g a n i z e d c o r t i c a l l a y e r s a n d c o n s i s t e n t s p a t i a l t r a j e c t o r i e s ,

w h i c h w a s i n a c c o r d w i t h f u n c t i o n a l s i m i l a r i t y b e t w e e n a d j a c e n t

c o r t i c a l l a y e r s a n d t h e c h r o n o l o g i c a l o r d e r [ 8 3 ] . F u r t h e r m o r e , i n

t h e U M A P p l o t s d e l i n e a t e d b y S C A N P Y e m b e d d i n g s , s p o t s t h a t b e -

l o n g t o d i f f e r e n t l a y e r s w e r e n o t c l e a r l y d i v i d e d w h i l e G r a p h S T a n d

S T M S G A L c o u l d w e l l d i v i d e m o s t s p o t s i n t o d i f f e r e n t l a y e r s ( F i g u r e

2 D ) . F i n a l l y , w e u s e d a t r a j e c t o r y i n f e r e n c e a p p r o a c h n a m e d P A G A

[ 7 4 ] t o v e r i f y t h e i n f e r r e d t r a j e c t o r y . T h e P A G A g r a p h s d e p i c t e d b y

b o t h S T M S G A L a n d G r a p h S T e m b e d d i n g s h a d a a p p r o x i m a t e l y l i n -

e a r d e v e l o p m e n t t r a j e c t o r y f r o m l a y e r 1 t o l a y e r 6 . I n a d d i t i o n , t h e

i d e n t i fi e d a d j a c e n t l a y e r s b y S T M S G A L a n d G r a p h S T s h o w e d s i m -

i l a r i t y w h i l e o n e s f r o m S C A N P Y e m b e d d i n g s w e r e m i x e d ( F i g u r e

2 D ) .

W e f u r t h e r e v a l u a t e d t h e p e r f o r m a n c e S T M S G A L o n t h e m o u s e

v i s u a l c o r t e x S T A R m a p d a t a s e t , w h i c h i s a n i m a g e - b a s e d S T d a t a s e t

a t s i n g l e - c e l l r e s o l u t i o n a n d i s g e n e r a t e d b y t h e S T A R m a p t e c h n i q u e

[ 2 9 ] . M c l u s t i s a w i d e l y - u s e d R p a c k a g e a p p l i e d t o m o d e l - b a s e d

c l u s t e r i n g t h r o u g h fi n i t e G a u s s i a n m i x t u r e m o d e l l i n g . I t i s m o r e

s u i t a b l e t o s i n g l e - c e l l r e s o l u t i o n d a t a w i t h f e w e r s a m p l e s , s u c h a s

m o u s e v i s u a l c o r t e x S T A R m a p d a t a s e t . T h u s , w e u s e d M c l u s t f o r

p e r f o r m i n g c l u s t e r i n g a g a i n o n S T A R m a p . U s i n g t h e g o l d s t a n d a r d

a n n o t a t e d b y e x p e r t s , a s s h o w n i n F i g u r e 3 , S T M S G A L o b t a i n e d

t h e b e s t S T c l u s t e r i n g p e r f o r m a n c e w i t h A R I o f 0 . 5 6 8 c o m p a r e d

t o S C A N P Y , S E D R , C C S T , S T A G A T E , a n d G r a p h S T , w h i l e S T A G A T E

a c h i e v e d t h e s e c o n d - b e s t r a n k i n g w i t h A R I o f 0 . 5 6 3 ( F i g u r e 3 ) .

W e a l s o v a l i d a t e d t h e p e r f o r m a n c e o f S T M S G A L f o r i d e n t i f y i n g

t i s s u e s t r u c t u r e s o n t h e S t e r e o - s e q d a t a s e t f r o m m o u s e e m b r y o s a t

E 9 . 5 . T i s s u e d o m a i n a n n o t a t i o n s o f m o u s e e m b r y o s w e r e o b t a i n e d

f r o m R e f . [ 6 0 ] .

W e i n v e s t i g a t e d t h e c l u s t e r i n g r e s u l t s o f S T A G A T E , G r a p h S T ,

a n d S T M S G A L o n t h e E 9 . 5 _ E 1 S 1 e m b r y o . A s s h o w n i n F i g u r e 4 A , a l -

t h o u g h t h e o r i g i n a l a n n o t a t i o n h a d 1 2 r e f e r e n c e c l u s t e r s , w e s e t t h e

n u m b e r o f c l u s t e r s i n o u r t e s t i n g t o 2 0 t o a c q u i r e a h i g h e r r e s o l u t i o n

o f t i s s u e s e g m e n t a t i o n . T h e c l u s t e r s i d e n t i fi e d b y b o t h S T A G A T E

a n d S T M S G A L m a t c h e d t h e a n n o t a t i o n w e l l ( F i g u r e 4 B ) . A s s h o w n

i n T a b l e 3 , h o w e v e r , c o m p a r e d t o S T A G A T E , S T M S G A L c o m p u t e d

t h e s m a l l e s t D B a n d S _ D b w a n d t h e h i g h e s t C H .

M o r e o v e r , w e c o m p a r e d t h e c l u s t e r i n g r e s u l t s   o f S T A G A T E ,

G r a p h S T , a n d S T M S G A L o n t h e E 9 . 5 _ E 2 S 2 m o u s e e m b r y o . H e r e , w e

s e t t h e n u m b e r o f c l u s t e r s t o 1 3 , m a t c h i n g t h e o r i g i n a l a n n o t a t i o n

( F i g u r e 4 C ) . T h e r e s u l t s d e m o n s t r a t e d t h a t S T M S G A L c o m p u t e d t h e

s m a l l e s t D B a n d S _ D b w a n d t h e h i g h e s t C H ( T a b l e 3 ) . S T A G A T E p r o -

d u c e d m o r e s m o o t h e r c l u s t e r s b u t f a i l e d t o r e v e a l a n y fi n e - g r a i n e d

t i s s u e c o m p l e x i t y ( F i g u r e 4 D ) . F o r e x a m p l e , S T A G A T E f a i l e d t o i d e n -

t i f y c a v i t y i n t h e b r a i n ( d o m a i n 2 ) . I n c o n t r a s t , S T M S G A L ’ s c l u s t e r s

b e t t e r m a t c h e d t h e a n n o t a t e d r e g i o n s .

S T M S G A L c a n a c c u r a t e l y d i s s e c t s p a t i a l d o m a i n s o n t w o

b r e a s t c a n c e r t i s s u e s

D i f f e r e d f r o m t h e c e r e b r a l c o r t e x w i t h c l e a r a n d k n o w n m o r p h o l o g i -

c a l b o u n d a r i e s , b r e a s t c a n c e r t i s s u e s a r e r e m a r k a b l y h e t e r o g e n e o u s

a n d c o n s i s t o f c o m p l e x t u m o r m i c r o e n v i r o n m e n t . C o n s e q u e n t l y ,

m a n u a l l y l a b e l i n g c a n c e r d a t a o n l y v i a t u m o r m o r p h o l o g y c a n n o t

f u l l y d e p i c t t h e c o m p l e x i t y . T h u s , w e u t i l i z e d S T M S G A L t o fi n d s p a -

t i a l d o m a i n s o n t w o 1 0 x G e n o m i c s V i s i u m d a t a s e t s w i t h r e s p e c t t o

H u m a n B r e a s t C a n c e r ( B l o c k A S e c t i o n 1 ) a n d H u m a n B r e a s t C a n c e r

( D C I S ) .

P a r t i c u l a r l y , L o u v a i n c l u s t e r i n g m a y p r o d u c e a r b i t r a r i l y b a d l y -

c o n n e c t e d c o m m u n i t i e s . I n t h e w o r s t c a s e , t h e o b t a i n e d c o m m u n i -

t i e s m a y e v e n b e d i s c o n t i n u o u s , e s p e c i a l l y w h e n p e r f o r m i n g c l u s -

t e r i n g i t e r a t i v e l y . M o r e o v e r , d u e t o t h e l i m i t a t i o n o f r e s o l u t i o n ,

s m a l l e r c o m m u n i t i e s m a y b e c l u s t e r e d i n t o l a r g e r c o m m u n i t i e s .

T h a t i s , s m a l l e r c o m m u n i t i e s m a y b e h i d d e n a n d c a u s e t h a t t h e

o b t a i n e d c o m m u n i t i e s c o n t a i n s i g n i fi c a n t s u b s t r u c t u r e s .

L e i d e n c l u s t e r i n g i s a m o d i fi e d v e r s i o n o f L o u v a i n c l u s t e r i n g

a n d c a n y i e l d w e l l - c o n n e c t e d c o m m u n i t i e s b a s e d o n t h e s m a r t l o c a l

m o v e s t r a t e g y . C a n c e r t i s s u e s w i t h t u m o r h e t e r o g e n e i t y c o n t a i n

m a n y s m a l l s u b s t r u c t u r e s . T h u s , w e u s e d t h e L e i d e n c l u s t e r i n g f o r

c a n c e r t i s s u e s w i t h t u m o r h e t e r o g e n e i t y , s u c h a s H u m a n B r e a s t

C a n c e r .

H u m a n B r e a s t C a n c e r ( B l o c k A S e c t i o n 1 ) d a t a h a v e o b v i o u s

i n t r a t u m o r a l a n d i n t e r t u m o r a l d i f f e r e n c e s . I t w a s m a n u a l l y a n n o -

t a t e d b y S E D R [ 4 4 ] ( F i g u r e 5 A ) a n d w a s d i v i d e d i n t o 2 0 r e g i o n s .

I t c o n t a i n s 4 m a i n m o r p h o t y p e s : D u c t a l C a r c i n o m a i n S i t u / L o b -

u l a r C a r c i n o m a i n S i t u ( D C I S / L C I S ) , I n v a s i v e D u c t a l C a r c i n o m a

( I D C ) , t u m o r s u r r o u n d i n g r e g i o n s w i t h l o w f e a t u r e s o f m a l i g n a n c y

( T u m o r e d g e ) , a n d h e a l t h y t i s s u e ( H e a l t h y ) .

W e c o m p a r e d t h e c l u s t e r i n g a c c u r a c y o f S T M S G A L w i t h S C A N P Y

[ 6 1 ] , S E D R [ 4 4 ] , C C S T [ 4 5 ] , S T A G A T E [ 4 6 ] , D e e p S T [ 4 8 ] , a n d

G r a p h S T [ 4 9 ] i n t e r m s o f a v e r a g e A R I . T h e r e s u l t s s h o w t h a t S T M S -

G A L c o m p u t e d t h e b e s t A R I , s i g n i fi c a n t l y o u t p e r f o r m i n g fi v e o t h e r

c l u s t e r i n g m e t h o d s ( F i g u r e 5 B ) .

F i g u r e 5 C s h o w s s p a t i a l d o m a i n s i d e n t i fi e d b y S C A N P Y , S E D R ,

C C S T , S T A G A T E [ 4 6 ] , D e e p S T , G r a p h S T a n d S T M S G A L . T h e r e s u l t s

d e m o n s t r a t e t h a t t h e i d e n t i fi e d d o m a i n s b y S T M S G A L w e r e h i g h l y

c o n s i s t e n t w i t h m a n u a l a n n o t a t i o n s i n F i g u r e 5 A a n d h a d m o r e

r e g i o n a l c o n t i n u i t y . I n a d d i t i o n , c o m p a r e d w i t h o t h e r m e t h o d s ,

S T M S G A L o b t a i n e d t h e b e s t c l u s t e r i n g a c c u r a c y w i t h A R I o f 0 . 6 0 6 .

F u r t h e r m o r e , S T M S G A L i d e n t i fi e d s e v e r a l s u b - c l u s t e r s w i t h i n t h e

t u m o r r e g i o n s , s u c h a s s p a t i a l d o m a i n s 4 a n d 1 3 ( F i g u r e 5 D ) . F u r -

t h e r m o r e , S T M S G A L i d e n t i fi e d s o m e s p a t i a l d o m a i n s w i t h l o w h e t -

e r o g e n e i t y ( i . e . , h e a l t h y r e g i o n s ) t h a t w e r e r e m a r k a b l y c o n s i s t e n t

w i t h t h e m a n u a l a n n o t a t i o n s i n F i g u r e 5 A .

W e a l s o a n a l y z e d i n t r a t u m o r a l t r a n s c r i p t i o n a l d i f f e r e n c e s

a m o n g d o m a i n 1 ( D C I S / L C I S ) , 4 , a n d 1 3 ( I D C ) b a s e d o n d i f f e r e n t i a l

e x p r e s s i o n a n a l y s i s ( F i g u r e 4 E ) . I n d o m a i n 1 , w e i d e n t i fi e d t h r e e

d i f f e r e n t i a l l y e x p r e s s e d g e n e s , t h a t i s , C P B 1 , C O X 6 X , a n d I L 6 S T .

C P B 1 c a n o b v i o u s l y d i f f e r e n t i a t e D C I S f r o m t h e o t h e r s u b t y p e s o f

b r e a s t c a n c e r [ 8 4 ] . C O X 6 X m a y h e l p t h e d i f f e r e n t i a t i o n b e t w e e n e s -
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t r o g e n r e c e p t o r - p o s i t i v e a n d e s t r o g e n r e c e p t o r - n e g a t i v e s u b t y p e s

[ 8 5 ] . T h e e x p r e s s i o n o f I L 6 S T c l o s e l y a s s o c i a t e s w i t h a l o w e r r i s k

o f i n v a s i o n , m e t a s t a s i s a n d r e c u r r e n c e [ 8 6 ] . I n d o m a i n s 4 a n d 1 3 ,

t w o d i f f e r e n t i a l l y e x p r e s s e d g e n e s I G F B P 5 a n d C R I S P 3 h a v e d e n s e

l i n k a g e s w i t h t h e t r e a t m e n t o f m a m m a r y c a r c i n o m a [ 8 7 , 8 8 ] . T h e

k n o c k d o w n o f C R I S P 3 c a n g r e a t l y i n h i b i t t h e m i g r a t i o n a n d i n v a s i o n

o f m a m m a r y c a r c i n o m a c e l l s a n d E R K 1 / 2 M A P K s i g n a l i n g p a t h w a y .

C R I S P 3 w a s a l s o c o n s i d e r e d a m a r k e r f o r c l i n i c a l o u t c o m e s i n t h e

m a m m a r y c a r c i n o m a p a t i e n t s [ 8 7 ] . I G F B P 5 h e l p s m a n a g e t a m o x -

i f e n r e s i s t a n c e i n b r e a s t c a n c e r [ 8 8 ] . T h e a b o v e r e s u l t s s u g g e s t e d

t h a t S T M S G A L c a n a c c u r a t e l y i d e n t i f y s p a t i a l r e g i o n s w i t h d i f f e r e n t

b i o l o g i c a l f u n c t i o n s .

W e f u r t h e r i n v e s t i g a t e d S T d a t a o n H u m a n B r e a s t C a n c e r ( D C I S ) .

F i g u r e 6 A g i v e s i t s m a n u a l l y a n n o t a t e d a r e a s . S T M S G A L i d e n t i fi e d

m o r e fl u e n t a n d c o n t i n u o u s r e g i o n s t h a n o t h e r a l g o r i t h m s a n d b e t -

t e r m a t c h e d t h e a n n o t a t e d a r e a s ( F i g u r e 6 B a n d T a b l e 2 ) . F i g u r e 6 D

l i s t s t h e t o p 3 d i f f e r e n t i a l l y e x p r e s s e d g e n e s ( i . e . , A Z G P 1 , C D 2 4 , a n d

E R B B 2 ) i n d o m a i n 0 ( F i g u r e 6 C ) . T h e e x p r e s s i o n o f A Z G P 1 d e t e r -

m i n e s t h e h i s t o l o g i c g r a d e o f t u m o u r s i n b r e a s t c a n c e r [ 8 9 ] . C D 2 4 i s

a k e y i n d i c a t o r o f t r i p l e n e g a t i v e b r e a s t c a n c e r [ 9 0 , 9 1 , 9 2 ] . I n p a r t i c -

u l a r , t h e o v e r e x p r e s s i o n o f E R B B 2 c a t e g o r i z e s E R B B 2 / H E R 2 - p o s i t i v e ,

a s u b c l a s s o f b r e a s t c a n c e r . T h e s u b c l a s s a c c o u n t s f o r a b o u t 2 0 - 3 0 %

a m o n g a l l t y p e s o f b r e a s t m a l i g n a n c i e s a n d i s u s u a l l y l i n k e d t o p o o r

p r o g n o s i s [ 9 3 ] . T a r g e t i n g E R B B 2 c o n t r i b u t e s t o t h e t r e a t m e n t o f

E R B B 2 - p o s i t i v e b r e a s t c a n c e r s [ 9 4 ] .

S T M S G A L h e l p s t o b e t t e r d e l i n e a t e t h e s i m i l a r i t y b e t w e e n

n e i g h b o r i n g s p o t s o n A d u l t M o u s e B r a i n ( F F P E )

S T M S G A L w a s s t i l l a p p l i e d t o p r o v i d e i n s i g h t s i n t o m o r e c o m p l e x

t i s s u e s o n a 1 0 x G e n o m i c s V i s i u m d a t a s e t f r o m A d u l t M o u s e B r a i n

( F F P E ) . F i g u r e 7 A s h o w s s p a t i a l d o m a i n s i d e n t i fi e d b y S C A N P Y ,

D e e p S T , S T M S G A L w i t h o u t t h e c t a S N N (α = 0 ) , a n d S T M S G A L

(α = 0 . 5 ) . I n t h e h i p p o c a m p a l r e g i o n , t h e c l u s t e r i n g r e s u l t s g e n -

e r a t e d b y S C A N P Y r o u g h l y s e p a r a t e d t h e b r a i n t i s s u e s t r u c t u r e s

c o m p o s e d o f d i f f e r e n t c e l l t y p e s b u t f a i l e d t o c a p t u r e s m a l l s p a -

t i a l d o m a i n s . S C A N P Y d i d n o t o b s e r v e t h e “ c o r d - l i k e ” s t r u c t u r e

( i . e . , A m m o n ’ s h o r n ) a n d t h e “ a r r o w - l i k e ” s t r u c t u r e ( i . e . , d e n t a t e

g y r u s ) w i t h i n t h e h i p p o c a m p u s . D e e p S T o n l y s m o o t h e d t h e s p a -

t i a l d o m a i n b o u n d a r i e s , b u t f a i l e d t o d e l i n e a t e s m a l l s p a t i a l d o -

m a i n s . S T M S G A L w i t h o u t c t a S N N c a p t u r e d t h e A m m o n ’ s h o r n ,

b u t d i d n o t c h a r a c t e r i z e s m a l l e r s p a t i a l d o m a i n s . H o w e v e r , S T M S -

G A L w i t h c t a S N N c l e a r l y i d e n t i fi e d b o t h t h e A m m o n ’ s h o r n a n d

d e n t a t e g y r u s s t r u c t u r e s i n t h e h i p p o c a m p u s , a n d s i g n i fi c a n t l y i m -

p r o v e d s p a t i a l d o m a i n i d e n t i fi c a t i o n . F u r t h e r m o r e , e v e n f o r S T d a t a

c o m p o s e d o f h e t e r o g e n e o u s c e l l t y p e s w i t h l o w s p a t i a l r e s o l u t i o n ,

S T M S G A L w i t h c t a S N N c a n s t i l l a c c u r a t e l y d e c i p h e r t h e s p a t i a l s i m -

i l a r i t y . I t s e t a r e s o l u t i o n p a r a m e t e r t o 0 . 2 a n d b e t t e r i m p l e m e n t e d

p r e - c l u s t e r i n g b a s e d o n t h e L o u v a i n a l g o r i t h m o n A d u l t M o u s e

B r a i n ( F F P E ) . A s s h o w n i n F i g u r e 7 A , t h e c e l l t y p e - a w a r e m o d u l e

g r e a t l y a d v a n c e d t h e s p a t i a l d o m a i n i d e n t i fi c a t i o n .

F i g u r e 7 B g i v e s t h e a n n o t a t i o n o f h i p p o c a m p u s s t r u c t u r e s f r o m

t h e A l l e n R e f e r e n c e A t l a s o n A d u l t M o u s e B r a i n ( F F P E ) . A l t h o u g h

s p a t i a l r e g i o n s g e n e r a t e d b y b o t h S T M S G A L a n d D e e p S T h a d

s m o o t h b o u n d a r y , S T M S G A L d e t e c t e d m o r e s u b - c l u s t e r s w i t h i n t h e

h i p p o c a m p u s ( F i g u r e 7 A ) . F o r e x a m p l e , S T M S G A L c h a r a c t e r i z e d

c l e a r “ c o r d - l i k e ” s t r u c t u r e a n d “ a r r o w - l i k e ” s t r u c t u r e i n t h e h i p -

p o c a m p a l r e g i o n , i n a c c o r d w i t h a n n o t a t i o n s a b o u t t h e h i p p o c a m -

p u s s t r u c t u r e s f r o m t h e A l l e n R e f e r e n c e A t l a s [ 9 5 ] ( F i g u r e 7 A ) .

A d d i t i o n a l l y , t h e e x p r e s s i o n s o f m u l t i p l e k n o w n g e n e m a r k e r s

v a l i d a t e d t h e c l u s t e r p a r t i t i o n s o f S T M S G A L ( F i g u r e 7 C a n d S u p -

p l e m e n t a r y F i g u r e S 2 ) . F o r e x a m p l e , C 1 q l 2 w a s h i g h l y e x p r e s s e d

o n t h e i d e n t i fi e d D G - s g r e g i o n [ 9 6 ] . H p c a , t h a t m e d i a t e s c a l c i u m -

d e p e n d e n t t r a n s l o c a t i o n o f b r a i n - t y p e c r e a t i n e k i n a s e i n h i p p o c a m -

p a l n e u r o n s , w a s h i g h l y e x p r e s s e d i n t h e A m m o n ’ s h o r n r e g i o n [ 9 7 ] .

N o t a b l y , S T M S G A L a l s o c a p t u r e d s e v e r a l w e l l - s e p a r a t e d s p a t i a l d o -

m a i n s a n d d e c i p h e r e d t h e i r s p a t i a l e x p r e s s i o n p a t t e r n s b a s e d o n

d i f f e r e n t i a l e x p r e s s i o n a n a l y s i s . D o m a i n 1 5 w i t h i n t h e h i p p o c a m -

p u s e x c e p t f o r t h e “ c o r d - l i k e ” a n d “ a r r o w - l i k e ” s t r u c t u r e s d e l i n -

e a t e d h i g h e x p r e s s i o n s o f t w o a s t r o c y t e s g e n e m a r k e r s M t 2 a n d

G f a p [ 9 8 ] . T h e s p a t i a l d o m a i n 1 4 s u r r o u n d i n g t h e h i p p o c a m p a l e x -

p r e s s e d m u l t i p l e o l i g o d e n d r o c y t e s r e l a t e d g e n e m a r k e r s i n c l u d i n g

T r f a n d M b p [ 9 9 ] ( S u p p l e m e n t a r y F i g u r e S 2 ) . T h e a b o v e r e s u l t s e l u -

c i d a t e d t h a t S T M S G A L c a n e f fi c i e n t l y d e t e c t s p a t i a l h e t e r o g e n e i t y

a n d f u r t h e r d e c o m p o s e s p a t i a l e x p r e s s i o n p a t t e r n s . N o t a b l y , t h e

c e l l t y p e - a w a r e m o d u l e o b v i o u s l y b o o s t e d t h e p a r t i t i o n o f t i s s u e

s t r u c t u r e s o n A d u l t M o u s e B r a i n ( F F P E ) b a s e d o n i t s U M A P p l o t

[ 6 8 ] w h i l e t h o s e o f D e e p S T a n d S T M S G A L w i t h o u t c t a S N N w e r e

m o r e l i k e a s m o o t h v e r s i o n o f t h e n o n - s p a t i a l m e t h o d S C A N P Y

( F i g u r e 7 D ) .

F i n a l l y , a l l a t t e n t i o n l a y e r s o f S T M S G A L w i t h c t a S N N w e r e v i -

s u a l i z e d . I n e a c h l a y e r , n o d e s w e r e a r r a n g e d b a s e d o n s p o t s p a t i a l

l o c a t i o n s , a n d e d g e s w e r e c o l o r e d b y c o r r e s p o n d i n g w e i g h t s . T h e

r e s u l t s d e m o n s t r a t e d t h a t t h e c o m b i n a t i o n o f a t t e n t i o n m e c h a n i s m

a n d c t a S N N b o o s t e d t h e c h a r a c t e r i z a t i o n o f t h e b o u n d a r i e s o f m a i n

t i s s u e s t r u c t u r e s o n A d u l t M o u s e B r a i n ( F F P E ) ( s u c h a s t h e c o r t e x ,

h i p p o c a m p u s , a n d m i d b r a i n ) ( F i g u r e 7 E ) . C o l l e c t i v e l y , a t t e n t i o n

m e c h a n i s m a n d c t a S N N c o n t r i b u t e d t o d e l i n e a t i n g t h e s i m i l a r i t y

b e t w e e n n e i g h b o r i n g s p o t s ( F i g u r e 7 E ) .

A b l a t i o n s t u d y

I n o u r S T M S G A L m e t h o d , t h e c o m b i n a t i o n o f g r a p h a t t e n t i o n

a u t o e n c o d e r ( G A T E ) a n d m u l t i - s c a l e d e e p s u b s p a c e c l u s t e r i n g

a i m s t o o b t a i n m u l t i - s c a l e f e a t u r e i n f o r m a t i o n o f s p o t s . T h e s e l f -

s u p e r v i s e d m o d u l e a i m s t o l e a r n r o b u s t l a t e n t f e a t u r e s w i t h c l u s -

t e r i n g i n f o r m a t i o n f o r e a c h s p o t .

T o j u s t i f y t h e c o n t r i b u t i o n a n d n e c e s s i t y o f t h e s e c o m p o n e n t s ,

w e c o n d u c t e d t h e a b l a t i o n s t u d y t o f u r t h e r i n v e s t i g a t e t h e e f -

f e c t s o f G A T E , m u l t i - s c a l e d e e p s u b s p a c e c l u s t e r i n g , a n d t h e s e l f -

s u p e r v i s e d m o d u l e o n s p a t i a l c l u s t e r i n g p e r f o r m a n c e o n t h e D L P F C

s e c t i o n s f r o m 1 5 1 5 0 7 t o 1 5 1 5 1 0 . A s s h o w n i n T a b l e 4 , L1 d e n o t e s
t h e r e c o n s t r u c t i o n l o s s o f n o r m a l i z e d e x p r e s s i o n s b a s e d o n G A T E .

L2 d e n o t e s t h e l o s s o f t h e m u l t i - s c a l e d e e p s u b s p a c e c l u s t e r i n g
m o d u l e , w h i c h c o n t a i n s r e g u l a r i z a t i o n l o s s Lr e g a n d m u l t i - s c a l e
s e l f - e x p r e s s i o n l o s s Lm s s , a n d L3 i s t h e l o s s o f t h e s e l f - s u p e r v i s e d
m o d u l e .

F r o m T a b l e 4 , w e f o u n d t h a t b o t h t h e m u l t i - s c a l e d e e p s u b s p a c e

c l u s t e r i n g m o d u l e a n d t h e s e l f - s u p e r v i s e d m o d u l e c o o p e r a t e d w e l l

w i t h G A T E a n d g r e a t l y i m p r o v e d t h e c l u s t e r i n g p e r f o r m a n c e . T h e

r e s u l t s d e m o n s t r a t e d t h a t t h e s e l f - s u p e r v i s e d m o d u l e , w h i c h u t i -

l i z e d t h e c l u s t e r i n g l a b e l s t o s e l f - s u p e r v i s e t h e l e a r n i n g o f s p o t

e m b e d d i n g s , o b t a i n e d m o r e a c c u r a t e c l u s t e r i n g a b i l i t y . A n d t h e

m u l t i - s c a l e d e e p s u b s p a c e c l u s t e r i n g m o d u l e f u l l y u t i l i z e d t h e e m -

b e d d e d m u l t i - s c a l e i n f o r m a t i o n a n d m a n i f e s t e d a n o b v i o u s e f f e c t

o n s p a t i a l c l u s t e r i n g , s u g g e s t i n g t h a t a p r o p e r c l u s t e r i n g - o r i e n t e d

l o s s f u n c t i o n c a n e f fi c i e n t l y e n h a n c e t h e c l u s t e r i n g p e r f o r m a n c e .

M o r e o v e r , t o a n a l y z e t h e e f f e c t o f t h e m u l t i - s c a l e s t r a t e g y

o n s p a t i a l c l u s t e r i n g p e r f o r m a n c e , w e c o m p a r e d t h e d i f f e r e n c e

b e t w e e n i n d i v i d u a l s e l f - e x p r e s s i o n l a y e r s a n d m u l t i - s c a l e s e l f -

e x p r e s s i o n l a y e r s . T a b l e 5 g i v e s t h e A R I v a l u e s o f S T M S G A L w i t h

t h e m u l t i - s c a l e s t r a t e g y o r n o t o n t h e D L P F C s e c t i o n f r o m 1 5 1 5 0 7 t o

1 5 1 5 1 0 . W e a p p l i e d a c o n t r o l l e d v a r i a b l e a p p r o a c h t o m a k e t h e r e s t

m o d u l e s t h e s a m e . T h e r e s u l t s i n d i c a t e d t h a t t h e p e r f o r m a n c e o f

S T M S G A L w i t h t h e m u l t i - s c a l e s t r a t e g y w a s b e t t e r t h a n o n e f r o m

s i n g l e s e l f - e x p r e s s i o n l a y e r o n t h e f o u r D L P F C s e c t i o n s , v e r i f y i n g

t h a t t h e m u l t i - s c a l e s t r a t e g y f u l l y u t i l i z e d t h e e m b e d d i n g f e a t u r e s

i n d i f f e r e n t l a y e r s . I n a d d i t i o n , t h e a d a p t i v e f u s i o n m e t h o d s t i l l

s i g n i fi c a n t l y i m p r o v e d t h e s p a t i a l c l u s t e r i n g p e r f o r m a n c e .

S i n c e s o m e s p o t s c o u l d b e e r r o n e o u s l y a s s i g n e d t o s p a t i a l l y d i a -

m e t r i c a l d o m a i n s a n d c a u s e n o i s e s d u r i n g s p o t e m b e d d i n g f e a t u r e

l e a r n i n g , w e u s e d a n a d d i t i o n a l o p t i m i z a t i o n s t e p t o f u r t h e r o p t i -

m i z e s p a t i a l c l u s t e r i n g r e s u l t s o b t a i n e d f r o m L o u v a i n c l u s t e r i n g o n

t h e D L P F C d a t a s e t .
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T o f u r t h e r i n v e s t i g a t e t h e e f f e c t o f t h e a d d i t i o n a l o p t i m i z a t i o n

s t e p o n t h e s p a t i a l c l u s t e r i n g p e r f o r m a n c e , w e c o m p a r e d t h e p e r -

f o r m a n c e o f S T M S G A L w i t h t h e a d d i t i o n a l o p t i m i z a t i o n s t e p o r

n o t o n S e c t i o n s 1 5 1 5 0 7 t o 1 5 1 5 1 0 o f D L P F C . T a b l e S 2 0 g i v e s t h e A R I

v a l u e s o f S T M S G A L w i t h t h e a d d i t i o n a l o p t i m i z a t i o n s t e p o r n o t

o n D L P F C . T h e r e s u l t s d e m o n s t r a t e d t h a t S T M S G A L w i t h t h e a d -

d i t i o n a l o p t i m i z a t i o n s t e p s i g n i fi c a n t l y o u t p e r f o r m e d S T M S G A L

w i t h o u t t h e s t e p . T h u s , t h e a d d i t i o n a l o p t i m i z a t i o n s t e p c o u l d h e l p

s p a t i a l c l u s t e r i n g .

W h e n p e r f o r m i n g c l u s t e r i n g a g a i n , w e u s e d L o u v i a n c l u s t e r i n g

o n D L P F C , L e i d e n c l u s t e r i n g o n H u m a n B r e a s t C a n c e r , a n d M c l u s t

o n S T A R m a p . T o a n a l y z e w h y t o u s e d i f f e r e n t c l u s t e r i n g a l g o r i t h m s

o n d i f f e r e n t d a t a s e t s , w e c o n d u c t e d a b l a t i o n e x p e r i m e n t s o n t h e

a b o v e t h r e e d a t a s e t s . T a b l e s 7 - 8 d e m o n s t r a t e d a b l a t i o n a n a l y s i s r e -

s u l t s b a s e d o n d i f f e r e n t c l u s t e r i n g m e t h o d s w h e n p e r f o r m i n g c l u s -

t e r i n g a g a i n o n D L P F C 1 0 x G e n o m i c s V i s i u m d a t a s e t s , S T A R m a p ,

a n d H u m a n B r e a s t C a n c e r ( B l o c k A S e c t i o n 1 ) , r e s p e c t i v e l y . T h e

r e s u l t s d e m o n s t r a t e d t h a t S T M S G A L s i g n i fi c a n t l y i m p r o v e d S T

c l u s t e r i n g a c c u r a c y w h e n u s i n g L o u v i a n c l u s t e r i n g o n D L P F C , L e i -

d e n c l u s t e r i n g o n H u m a n B r e a s t C a n c e r , a n d M c l u s t o n S T A R m a p .

D i s c u s s i o n

A c c u r a t e l y d e t e c t i n g s p a t i a l d o m a i n s a n d i d e n t i f y i n g d i f f e r e n t i a l l y

e x p r e s s e d g e n e s c a n g r e a t l y b o o s t o u r u n d e r s t a n d i n g a b o u t t i s s u e

o r g a n i z a t i o n a n d b i o l o g i c a l f u n c t i o n s . I n t h i s m a n u s c r i p t , w e d e -

v e l o p e d a s p a t i a l d o m a i n i d e n t i fi c a t i o n f r a m e w o r k c a l l e d S T M S G A L

b a s e d o n G A T E a n d m u l t i - s c a l e d e e p s u b s p a c e c l u s t e r i n g . S T M S -

G A L c a n b e e n a c c u r a t e l y i n c o r p o r a t e d t o t h e s t a n d a r d a n a l y s i s

p i p e l i n e b y u s i n g t h e “ a n n d a t a ” o b j e c t i n t h e S C A N P Y p a c k a g e

[ 6 1 ] a s i n p u t s .

D i f f e r e d f r o m c l a s s i c a l a u t o e n c o d e r s , S T M S G A L u t i l i z e d a n a t -

t e n t i o n m e c h a n i s m i n m u l t i p l e h i d d e n l a y e r s o f t h e e n c o d e r a n d

d e c o d e r . F i r s t , i t c o n s t r u c t e d c t a S N N t h r o u g h L o u v a i n c l u s t e r i n g

e x c l u s i v e l y b a s e d o n g e n e e x p r e s s i o n p r o fi l e s . T h e w e i g h t s o f e d g e s

i n t h e c t a S N N d e p i c t e d t h e s i m i l a r i t y b e t w e e n n e i g h b o r i n g s p o t s

a n d w e r e a d a p t i v e l y l e a r n e d . N e x t , i t i n t e g r a t e d e x p r e s s i o n p r o -

fi l e s a n d t h e c o n s t r u c t e d c t a S N N t o f o r m s p o t l a t e n t e m b e d d i n g

r e p r e s e n t a t i o n b a s e d o n G A T E . I t m a i n l y i n c l u d e s s p o t e m b e d d i n g

f e a t u r e m a t r i x c o n s t r u c t i o n , s u b s p a c e c l u s t e r i n g c o m b i n i n g s e l f -

e x p r e s s i o n c o e f fi c i e n t l e a r n i n g a n d a f fi n i t y m a t r i x c o n s t r u c t i o n ,

s p o t r o b u s t l a t e n t f e a t u r e l e a r n i n g b a s e d o n s e l f - s u p e r v i s e d l e a r n -

i n g . F i n a l l y , i t i m p l e m e n t e d b i o l o g i c a l a p p l i c a t i o n s i n c l u d i n g s p o t

c l u s t e r i n g , d i f f e r e n t i a l l y e x p r e s s i o n a n a l y s i s , a n d t r a j e c t o r y i n f e r -

e n c e .

I n t h e S T M S G A L m e t h o d , t h e m u l t i - s c a l e s e l f - e x p r e s s i o n m o d -

u l e w a s u s e d t o f u l l y e x p l o r e t h e a s s o c i a t i o n s b e t w e e n s p o t r e p r e s e n -

t a t i o n s i n a l l e n c o d e r l a y e r s . T h e d e e p s u b s p a c e c l u s t e r i n g m o d u l e

w a s u t i l i z e d t o o b t a i n t h e c l u s t e r i n g l a b e l s f o r e a c h s p o t t h r o u g h

a c l u s t e r i n g - o r i e n t e d l o s s f u n c t i o n . A n d t h e s e l f - s u p e r v i s e d m o d -

u l e w a s i n t r o d u c e d t o e f f e c t i v e l y l e a r n s p o t l a t e n t r e p r e s e n t a t i o n .

T h e c o m b i n a t i o n o f t h e a b o v e t h r e e m o d u l e s h e l p s t o l e a r n m o r e

d i s c r i m i n a t i v e f e a t u r e s w i t h c l u s t e r i n g i n f o r m a t i o n f o r e a c h s p o t .

A n d t h e n t h e o b t a i n e d m o r e d i s c r i m i n a t i v e f e a t u r e s w i t h c l u s t e r i n g

i n f o r m a t i o n w a s u s e d t o b e a s t h e i n p u t o f s p e c t r a l c l u s t e r i n g a n d

c o n d u c t t h e fi n a l c l u s t e r i n g .

T r a d i t i o n a l s u b s p a c e c l u s t e r i n g m a i n l y c o n t a i n s t w o p r o c e d u r e s :

c o n s t r u c t i n g a f fi n i t y m a t r i x t h r o u g h r e p r e s e n t a t i o n l e a r n i n g a n d

s p e c t r a l c l u s t e r i n g . H o w e v e r , t h e s p e c t r a l c l u s t e r i n g i s s e n s i t i v e

t o t h e c o n s t r u c t i o n o f s i m i l a r i t y m a t r i x a n d t h e s e l e c t i o n o f v a r i -

o u s p a r a m e t e r s . B u t t h e L e i d e n / L o u v a i n / m c l u s t c l u s t e r i n g m e t h -

o d s a r e m o r e a p p r o p r i a t e t o b i o l o g i c a l d a t a a n d e x h i b i t p o w e r f u l

s p a t i a l c l u s t e r i n g p e r f o r m a n c e . C o n s e q u e n t l y , t h e L e i d e n / L o u -

v a i n / m c l u s t c l u s t e r i n g h a s b e e n w i d e l y u s e d i n t h e fi e l d o f s p a t i a l

c l u s t e r i n g . T h u s , o u r p r o p o s e d S T M S G A L f r a m e w o r k u s e d L e i -

d e n / L o u v a i n / m c l u s t f o r p e r f o r m i n g c l u s t e r i n g a g a i n t o i d e n t i f y

s p a t i a l d o m a i n s a f t e r o b t a i n i n g m o r e d i s c r i m i n a t i v e f e a t u r e s w i t h

c l u s t e r i n g i n f o r m a t i o n b a s e d o n m u l t i - s c a l e d e e p s u b s p a c e c l u s t e r -

i n g .

W e c o m p a r e d t h e p e r f o r m a n c e o f S T M S G A L w i t h fi v e o t h e r

c l u s t e r i n g m e t h o d s o n f o u r 1 0 x G e n o m i c s V i s i u m d a t a s e t s f r o m

A d u l t M o u s e B r a i n ( F F P E ) , H u m a n B r e a s t C a n c e r ( D C I S ) , H u m a n

B r e a s t C a n c e r ( B l o c k A S e c t i o n 1 ) , a n d t h e D L P F C t i s s u e s , a s w e l l

a s o n e m o u s e v i s u a l c o r t e x S T A R m a p d a t a s e t . T h e fi v e c o m p a r i -

s o n m e t h o d s i n c l u d e S C A N P Y , G r a p h S T , S E D R , C C S T , a n d D e e p S T .

T h e S C A N P Y h a s b e e n w i d e l y a p p l i e d t o s i n g l e - c e l l c l u s t e r i n g . T h e

r e m a i n i n g a r e s t a t e - o f - t h e - a r t s p a t i a l c l u s t e r i n g m e t h o d s . T h e r e -

s u l t s d e m o n s t r a t e d t h a t o u r p r o p o s e d S T M S G A L m e t h o d o b t a i n e d

i m p r e s s i v e p e r f o r m a n c e o v e r fi v e o t h e r c o m p e t i n g m e t h o d s i n

t e r m s o f f o u r e v a l u a t i o n m e t r i c s ( i . e . , D B , C H , S _ D b w , a n d A R I ) .

S T M S G A L s i g n i fi c a n t l y i m p r o v e d t h e i d e n t i fi c a t i o n o f l a y e r s t r u c -

t u r e s i n f o u r D L P F C s e c t i o n s a n d m o u s e v i s u a l c o r t e x S T A R m a p

d a t a , a c c u r a t e l y d i s s e c t e d s p a t i a l d o m a i n s o n t w o b r e a s t c a n c e r t i s -

s u e s , a n d e f fi c i e n t l y d e p i c t e d t h e s i m i l a r i t y b e t w e e n n e i g h b o r i n g

s p o t s o n A d u l t M o u s e B r a i n ( F F P E ) .

S T M S G A L g r e a t l y b o o s t e d S T d a t a a n a l y s i s . I t m a y b e m a i n l y a t -

t r i b u t e d t o t h e f o l l o w i n g f e a t u r e s : F i r s t , a l t h o u g h e x i s t i n g m e t h o d s

( s u c h a s s t L e a r n ) t o o k h i s t o l o g i c a l i m a g e s a s i n p u t s , t h e y a c h i e v e d

l i m i t e d p e r f o r m a n c e . F o r e x a m p l e , s t L e a r n a d o p t e d a p r e - t r a i n e d

n e u r a l n e t w o r k t o o b t a i n s p o t f e a t u r e s f r o m i m a g e s a n d f u r t h e r

c o m p u t e d t h e i r m o r p h o l o g i c a l d i s t a n c e s v i a c o s i n e d i s t a n c e . H o w -

e v e r , t h e p r e - d e fi n e d s t r a t e g y i n s t L e a r n w a s n o t fl e x i b l e a n d r e -

s u l t e d i n i t s p o o r s p a t i a l c l u s t e r i n g p e r f o r m a n c e . I n c o n t r a s t , S T M S -

G A L a d o p t e d a n a t t e n t i o n m e c h a n i s m t o a d a p t i v e l y i n t e g r a t e s p a t i a l

l o c a t i o n s a n d g e n e e x p r e s s i o n p r o fi l e s .

S e c o n d , a m u l t i - s c a l e s e l f - e x p r e s s i o n m o d u l e w a s d e s i g n e d t o

t r a i n a s e l f - e x p r e s s i o n c o e f fi c i e n t m a t r i x i n d i f f e r e n t e n c o d e r l a y -

e r s . S E D R a n d C C S T m e r e l y a d o p t e d t h e r e p r e s e n t a t i o n s i n t h e e n -

c o d e r fi n a l h i d d e n l a y e r f o r s p a t i a l c l u s t e r i n g t a s k s , w a s t i n g m u c h

u s e f u l i n f o r m a t i o n e m b e d d e d i n i t s o t h e r l a y e r s . C o m p a r a t i v e l y ,

t h e m u l t i - s c a l e s e l f - e x p r e s s i o n m o d u l e f u l l y e x p l o r e d t h e a s s o c i a -

t i o n s b e t w e e n n o d e r e p r e s e n t a t i o n s i n a l l e n c o d e r l a y e r s . T h u s , i t

f u l l y a d o p t e d t h e e m b e d d e d m u l t i - s c a l e i n f o r m a t i o n a n d o b t a i n e d

a m o r e d i s t i n c t s e l f - e x p r e s s i o n c o e f fi c i e n t m a t r i x . F u r t h e r m o r e ,

i t m a p p e d t h e s e f e a t u r e s i n t o a m o r e p r e c i s e s u b s p a c e f o r s p a t i a l

c l u s t e r i n g .

F i n a l l y , d e e p s u b s p a c e c l u s t e r i n g m o d u l e w a s p r o p o s e d t o o b -

t a i n t h e c l u s t e r i n g l a b e l s w i t h a c l u s t e r i n g - o r i e n t e d l o s s f u n c t i o n .

A n d a s e l f - s u p e r v i s e d m o d u l e w a s i n t r o d u c e d t o e f f e c t i v e l y g u i d e

s p o t l a t e n t r e p r e s e n t a t i o n l e a r n i n g . T h u s , t h e l e a r n e d s p o t l a t e n t

e m b e d d i n g r e p r e s e n t a t i o n g r e a t l y i m p r o v e d t h e c l u s t e r i n g p e r f o r -

m a n c e .

I n s u m m a r y , S T M S G A L i s a p o w e r f u l s p a t i a l c l u s t e r i n g f r a m e -

w o r k t h a t c o n s t r u c t s a n i n t e g r a t e d r e p r e s e n t a t i o n f o r s p o t s b y a g -

g r e g a t i n g b o t h t r a n s c r i p t o m i c d a t a a n d s p a t i a l c o n t e x t . S T M S -

G A L d e r i v e d l o w - d i m e n s i o n a l e m b e d d i n g , e n a b l i n g t o c o n d u c t s p a -

t i a l c l u s t e r i n g a n d t r a j e c t o r y i n f e r e n c e m o r e a c c u r a t e l y . M o r e o v e r ,

S T M S G A L f a c i l i t a t e s t o d e c i p h e r n e w p r i n c i p l e s i n s p a t i a l l y o r g a -

n i z e d c o n t e x t .

A l t h o u g h S T M S G A L a c h i e v e d a c c u r a t e s p a t i a l c l u s t e r i n g p e r -

f o r m a n c e , t h e d e e p s u b s p a c e c l u s t e r i n g a l g o r i t h m c a n b e f u r t h e r

d e v e l o p e d . I n t h e n e a r f u t u r e , m o t i v a t e d b y t h e l i n k a g e s b e t w e e n

s p a t i a l d o m a i n i d e n t i fi c a t i o n a n d s i n g l e - c e l l s e g m e n t a t i o n u s e d t o

i m a g e - b a s e d S T d a t a , w e a n t i c i p a t e t h a t S T M S G A L c a n b e f u r t h e r

e x t e n d e d f o r s i n g l e - c e l l s e g m e n t a t i o n t a s k a p p l i e d t o t h e s u b c e l l u -

l a r r e s o l u t i o n t e c h n o l o g i e s . W e a l s o h o p e t o e n h a n c e i t s a p p l i c a b i l i t y

o n o t h e r d a t a s e t s g e n e r a t e d b y n e w s e q u e n c i n g t e c h n o l o g i e s .

M o r e o v e r , s e l f - s u p e r v i s e d l e a r n i n g c a n e f f e c t i v e l y l e a r n s p o t

r e p r e s e n t a t i o n s , b u t o p t i m i z i n g t h e s p o t r e p r e s e n t a t i o n s b y c o m -

b i n i n g t h e p s e u d o l a b e l s c a n p r o m o t e t h e c o n v e r g e n c e o f t h e m o d e l .

T h e c o n t r a s t i v e l e a r n i n g a l g o r i t h m i s a p r o m i s i n g p a r a d i g m o f t h e

s e l f - s u p e r v i s e d l e a r n i n g m o d e l . I n t h e f u t u r e , w e w i l l i n t r o d u c e

c o n t r a s t i v e l e a r n i n g t o f a c i l i t a t e s p o t r e p r e s e n t a t i o n l e a r n i n g a n d

s p a t i a l c l u s t e r i n g .

F i n a l l y , t h e a c c u m u l a t i o n o f S T d a t a g e n e r a t e s s p a t i a l o m i c s b i g
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d a t a , w h i c h p o s e m a n y t e c h n i c a l c h a l l e n g e s t o d a t a i n t e g r a t i o n a n d

a n a l y s i s . T o e n a b l e S T M S G A L t o d e a l w i t h l a r g e r d a t a s e t s , w e w i l l

f u r t h e r a l l e v i a t e t h e c o m p u t a t i o n a l b u r d e n o f S T M S G A L u s i n g a

g r a p h c o n v o l u t i o n a l n e t w o r k m i n i - b a t c h o r p a r a l l e l t e c h n i q u e s t o

c o n s t r u c t l a r g e - s c a l e g r a p h s f o r s p a t i a l o m i c s d a t a .

A v a i l a b i l i t y o f s o u r c e c o d e a n d r e q u i r e m e n t s

• P r o j e c t n a m e : S T M S G A L

• P r o j e c t h o m e p a g e : https://github.com/plhhnu/STMSGAL
• O p e r a t i n g s y s t e m ( s ) : P l a t f o r m i n d e p e n d e n t

• P r o g r a m m i n g l a n g u a g e : P y t h o n

• L i c e n s e : M I T l i c e n s e , C C 0 1 . 0

• R R I D : S C R _ 0 2 5 4 2 2

• b i o t o o l s : s t m s g a l

D a t a a v a i l a b i l i t y

A l l d a t a a n a l y z e d i n t h i s p a p e r a r e a v a i l a b l e i n r a w f o r m f r o m t h e i r

o r i g i n a l a u t h o r s .

H u m a n B r e a s t C a n c e r ( B l o c k A S e c t i o n 1 ) , A d u l t M o u s e B r a i n

( F F P E ) , a n d H u m a n B r e a s t C a n c e r ( D u c t a l C a r c i n o m a I n S i t u

( D C I S ) ) a r e a v a i l a b l e 1 0 x G e n o m i c s V i s i u m d a t a s e t s f r o m 1 0 x G e -

n o m i c s w e b s i t e h t t p s : / / s u p p o r t . 1 0 x g e n o m i c s . c o m / s p a t i a l - g e n e -

e x p r e s s i o n / d a t a s e t s .

T h e D L P F C d a t a s e t [ 3 7 ] i s a c c e s s i b l e w i t h i n t h e s p a t i a l L I B D

p a c k a g e ( h t t p : / / s p a t i a l . l i b d . o r g / s p a t i a l L I B D ) .

T h e m o u s e v i s u a l c o r t e x S T A R m a p d a t a [ 2 9 ] i s a c c e s s i b l e o n

h t t p s : / / w w w . d r o p b o x . c o m / s h / f 7 e b h e r u 1 l b z 9 1 s / A A D m 6 D 5 4 G S E F X

B 1 f e R y 6 O S A S a / v i s u a l _ 1 0 2 0 / 2 0 1 8 0 5 0 5 _ B Y 3 _ 1 k g e n e s ? d l = 0 & s u b -

f o l d e r _ n a v _ t r a c k i n g = 1 .

T h e S t e r e o - S e q d a t a s e t [ 6 0 ] i s o b t a i n e d b y h i g h - r e s o l u t i o n f u l l -

t r a n s c r i p t o m e c o v e r a g e t e c h n o l o g i e s .

S o u r c e c o d e s a n d d a t a s e t s ( G i t H u b r e p o s i t o r y ) a r e a v a i l a b l e a t

h t t p s : / / g i t h u b . c o m / p l h h n u / S T M S G A L .

D e c l a r a t i o n s

A b b r e v i a t i o n s

s c R N A - s e q : s i n g l e - c e l l R N A s e q u e n c i n g ; S T : s p a t i a l t r a n s c r i p -

t o m i c s ; N G S - b a s e d : n e x t - g e n e r a t i o n s e q u e n c i n g - b a s e d ; H D S T :

H i g h - d e fi n i t i o n s p a t i a l t r a n s c r i p t o m i c s ; G A T E : g r a p h a t t e n t i o n

a u t o e n c o d e r ; S N N : s p a t i a l n e i g h b o r n e t w o r k ; D C I S : D u c t a l C a r c i -

n o m a I n S i t u ; E L U : e x p o n e n t i a l l i n e a r u n i t ; R e L u : r e c t i fi e d l i n e a r

u n i t s ; A R I : a d j u s t e d r a n d i n d e x ; D B : D a v i e s - B o u l d i n ; C H : C a l i n s k i -

H a r a b a s z ; D C I S / L C I S : D u c t a l C a r c i n o m a i n S i t u / L o b u l a r C a r c i n o m a

i n S i t u ; I D C : I n v a s i v e D u c t a l C a r c i n o m a .

C o m p e t i n g I n t e r e s t s

G . T i a n a n d J - L Y a n g a r e e m p l o y e e s a n d s h a r e h o l d e r s o f G e n e i s

( B e i j i n g ) C o . L t d . T h e r e m a i n i n g a u t h o r s d e c l a r e n o c o m p e t i n g

i n t e r e s t s .

F u n d i n g

L i q i a n Z h o u w a s f u n d e d b y N a t i o n a l N a t u r a l S c i e n c e F o u n d a t i o n

o f C h i n a u n d e r G r a n t N o . 6 2 0 7 2 1 7 2 a n d N a t u r a l S c i e n c e F o u n d a -

t i o n o f H u n a n p r o v i n c e u n d e r G r a n t N o . 2 0 2 1 J J 3 0 2 1 9 . M i n C h e n

w a s s u p p o r t e d b y N a t i o n a l N a t u r a l S c i e n c e F o u n d a t i o n o f C h i n a

u n d e r G r a n t N o . 6 2 1 7 2 1 5 8 . L i h o n g P e n g w a s s u p p o r t e d b y N a t i o n a l

N a t u r a l S c i e n c e F o u n d a t i o n o f C h i n a u n d e r G r a n t N o . 6 1 8 0 3 1 5 1

a n d N a t u r a l S c i e n c e F o u n d a t i o n o f H u n a n p r o v i n c e u n d e r G r a n t N o .

2 0 2 3 J J 5 0 2 0 1 .

A u t h o r ’ s C o n t r i b u t i o n s

L .Q . Z . , X . H . P . , L . H . P . , M .C . , a n d J . L .Y . p r o p o s e d c o m p u t a t i o n a l m o d -

e l s , L .Q . Z . a n d X . H . P . w r o t e t h e p a p e r , L .Q . Z . , X . H . P . , L . H . P . , M .C . , a n d

J . L .Y . r e v i s e d o r i g i n a l d r a f t , X . H . P . , X . Z . H . , a n d G .T . r u n t h e c o m p u -

t a t i o n a l m o d e l s , L .Q . Z . , X . H . P . , L . H . P . , M .C . , a n d J . L .Y . d i s c u s s e d t h e

c o m p u t a t i o n a l m o d e l s a n d g a v e c o n c l u s i o n . A l l a u t h o r s r e a d a n d

a p p r o v e d t h e fi n a l m a n u s c r i p t .

A c k n o w l e d g e m e n t s

W e r e a l l y a p p r e c i a t e a n o n y m o u s r e v i e w e r s f o r t h e i r v a l u a b l e c o m -

m e n t s . W e w o u l d l i k e t o t h a n k a l l a u t h o r s o f t h e c i t e d r e f e r e n c e s .

R e f e r e n c e s

1 . H u J , S c h r o e d e r A , C o l e m a n K , C h e n C , A u e r b a c h B J , L i M . S t a -

t i s t i c a l a n d m a c h i n e l e a r n i n g m e t h o d s f o r s p a t i a l l y r e s o l v e d

t r a n s c r i p t o m i c s w i t h h i s t o l o g y . C o m p u t a t i o n a l a n d S t r u c t u r a l

B i o t e c h n o l o g y J o u r n a l 2 0 2 1 ; 1 9 : 3 8 2 9 – 3 8 4 1 .

2 . R e n X , W e n W , F a n X , H o u W , S u B , C a i P , e t a l . C O V I D - 1 9

i m m u n e f e a t u r e s r e v e a l e d b y a l a r g e - s c a l e s i n g l e - c e l l t r a n -

s c r i p t o m e a t l a s . C e l l 2 0 2 1 ; 1 8 4 ( 7 ) : 1 8 9 5 – 1 9 1 3 .

3 . Y a n g W , W a n g P , L u o M , C a i Y , X u C , X u e G , e t a l . D e e p C C I :

a d e e p l e a r n i n g f r a m e w o r k f o r i d e n t i f y i n g c e l l – c e l l i n t e r a c -

t i o n s f r o m s i n g l e - c e l l R N A s e q u e n c i n g d a t a . B i o i n f o r m a t i c s

2 0 2 3 ; 3 9 ( 1 0 ) : b t a d 5 9 6 .

4 . Q i R , W u J , G u o F , X u L , Z o u Q . A s p e c t r a l c l u s t e r i n g w i t h s e l f -

w e i g h t e d m u l t i p l e k e r n e l l e a r n i n g m e t h o d f o r s i n g l e - c e l l R N A -

s e q d a t a . B r i e fi n g s i n B i o i n f o r m a t i c s 2 0 2 1 ; 2 2 ( 4 ) : b b a a 2 1 6 .

5 . X u J , X u J , M e n g Y , L u C , C a i L , Z e n g X , e t a l . G r a p h e m b e d -

d i n g a n d G a u s s i a n m i x t u r e v a r i a t i o n a l a u t o e n c o d e r n e t w o r k

f o r e n d - t o - e n d a n a l y s i s o f s i n g l e - c e l l R N A s e q u e n c i n g d a t a .

C e l l R e p o r t s M e t h o d s 2 0 2 3 ; 3 ( 1 ) : 1 0 0 3 8 2 .

6 . P e n g L , Y u a n R , H a n C , H a n G , T a n J , W a n g Z , e t a l . C e l l e n b o o s t :

a b o o s t i n g - b a s e d l i g a n d - r e c e p t o r i n t e r a c t i o n i d e n t i fi c a t i o n

m o d e l f o r c e l l - t o - c e l l c o m m u n i c a t i o n i n f e r e n c e . I E E E T r a n s -

a c t i o n s o n N a n o B i o s c i e n c e 2 0 2 3 ; 2 2 ( 4 ) : 7 0 5 – 7 1 5 .

7 . P e n g L , T a n J , X i o n g W , Z h a n g L , W a n g Z , Y u a n R , e t a l . D e -

c i p h e r i n g l i g a n d – r e c e p t o r - m e d i a t e d i n t e r c e l l u l a r c o m m u n i -

c a t i o n b a s e d o n e n s e m b l e d e e p l e a r n i n g a n d t h e j o i n t s c o r i n g

s t r a t e g y f r o m s i n g l e - c e l l t r a n s c r i p t o m i c d a t a . C o m p u t e r s i n

B i o l o g y a n d M e d i c i n e 2 0 2 3 ; 1 6 3 : 1 0 7 1 3 7 .

8 . P e n g L , X i o n g W , H a n C , L i Z , C h e n X . C e l l D i a l o g : A C o m p u -

t a t i o n a l F r a m e w o r k f o r L i g a n d - r e c e p t o r - m e d i a t e d C e l l - c e l l

C o m m u n i c a t i o n A n a l y s i s . I E E E J o u r n a l o f B i o m e d i c a l a n d

H e a l t h I n f o r m a t i c s 2 0 2 4 ; 2 8 ( 2 ) : 1 – 1 2 .

9 . P e n g L , G a o P , X i o n g W , L i Z , C h e n X . I d e n t i f y i n g p o t e n t i a l

l i g a n d – r e c e p t o r i n t e r a c t i o n s b a s e d o n g r a d i e n t b o o s t e d n e u r a l

n e t w o r k a n d i n t e r p r e t a b l e b o o s t i n g m a c h i n e f o r i n t e r c e l l u l a r

c o m m u n i c a t i o n a n a l y s i s . C o m p u t e r s i n B i o l o g y a n d M e d i c i n e

2 0 2 4 ; 1 7 1 : 1 0 8 1 1 0 .

1 0 . J i n g J , F e n g J , Y u a n Y , G u o T , L e i J , P e i F , e t a l . S p a t i o t e m p o r a l

s i n g l e - c e l l r e g u l a t o r y a t l a s r e v e a l s n e u r a l c r e s t l i n e a g e d i v e r -

s i fi c a t i o n a n d c e l l u l a r f u n c t i o n d u r i n g t o o t h m o r p h o g e n e s i s .

N a t u r e C o m m u n i c a t i o n s 2 0 2 2 ; 1 3 ( 1 ) : 4 8 0 3 .

1 1 . S h a n g L , Z h o u X . S p a t i a l l y a w a r e d i m e n s i o n r e d u c t i o n f o r s p a -

t i a l t r a n s c r i p t o m i c s . N a t u r e C o m m u n i c a t i o n s 2 0 2 2 ; 1 3 ( 1 ) : 7 2 0 3 .

1 2 . P e n g L , H u a n g L , S u Q , T i a n G , C h e n M , H a n G . L D A - V G H B :

i d e n t i f y i n g p o t e n t i a l l n c R N A - d i s e a s e a s s o c i a t i o n s w i t h s i n -

g u l a r v a l u e d e c o m p o s i t i o n , v a r i a t i o n a l g r a p h a u t o - e n c o d e r

a n d h e t e r o g e n e o u s N e w t o n b o o s t i n g m a c h i n e . B r i e fi n g s I n

B i o i n f o r m a t i c s 2 0 2 4 ; 5 ( 1 ) : b b a d 4 6 6 .

https://github.com/plhhnu/STMSGAL


1 0 | G i g a S c i e n c e , 2 0 2 4 , V o l . 0 0 , N o . 0

1 3 . P e n g L , R e n M , H u a n g L , C h e n M . G E n D D n : A n l n c R N A –

D i s e a s e A s s o c i a t i o n I d e n t i fi c a t i o n F r a m e w o r k B a s e d o n D u a l -

N e t N e u r a l A r c h i t e c t u r e a n d D e e p N e u r a l N e t w o r k . I n t e r d i s c i -

p l i n a r y S c i e n c e s : C o m p u t a t i o n a l L i f e S c i e n c e s 2 0 2 4 ; p . 1 – 2 1 .

1 4 . S v e n s s o n V , V e n t o - T o r m o R , T e i c h m a n n S A . E x p o n e n t i a l s c a l -

i n g o f s i n g l e - c e l l R N A - s e q i n t h e p a s t d e c a d e . N a t u r e p r o t o c o l s

2 0 1 8 ; 1 3 ( 4 ) : 5 9 9 – 6 0 4 .

1 5 . D i n g Q , Y a n g W , L u o M , X u C , X u Z , P a n g F , e t a l . C B L R R : a

c a u c h y - b a s e d b o u n d e d c o n s t r a i n t l o w - r a n k r e p r e s e n t a t i o n

m e t h o d t o c l u s t e r s i n g l e - c e l l R N A - s e q d a t a . B r i e fi n g s i n B i o i n -

f o r m a t i c s 2 0 2 2 ; 2 3 ( 5 ) : b b a c 3 0 0 .

1 6 . W a n g P , Y a o L , L u o M , Z h o u W , J i n X , X u Z , e t a l . S i n g l e -

c e l l t r a n s c r i p t o m e a n d T C R p r o fi l i n g r e v e a l a c t i v a t e d a n d e x -

p a n d e d T c e l l p o p u l a t i o n s i n P a r k i n s o n ’ s d i s e a s e . C e l l D i s c o v e r y

2 0 2 1 ; 7 ( 1 ) : 5 2 .

1 7 . W a n g J , Z o u Q , L i n C . A c o m p a r i s o n o f d e e p l e a r n i n g - b a s e d p r e -

p r o c e s s i n g a n d c l u s t e r i n g a p p r o a c h e s f o r s i n g l e - c e l l R N A s e -

q u e n c i n g d a t a . B r i e fi n g s i n B i o i n f o r m a t i c s 2 0 2 2 ; 2 3 ( 1 ) : b b a b 3 4 5 .

1 8 . Y a n S , S i Y , Z h o u W , C h e n g R , W a n g P , W a n g D , e t a l . S i n g l e -

c e l l t r a n s c r i p t o m i c s r e v e a l s t h e i n t e r a c t i o n b e t w e e n p e r i p h -

e r a l C D 4 + C T L s a n d m e s e n c e p h a l i c e n d o t h e l i a l c e l l s m e d i a t e d

b y I F N G i n P a r k i n s o n ’ s d i s e a s e . C o m p u t e r s i n B i o l o g y a n d

M e d i c i n e 2 0 2 3 ; 1 5 8 : 1 0 6 8 0 1 .

1 9 . H u H , F e n g Z , L i n H , C h e n g J , L y u J , Z h a n g Y , e t a l . G e n e

f u n c t i o n a n d c e l l s u r f a c e p r o t e i n a s s o c i a t i o n a n a l y s i s b a s e d

o n s i n g l e - c e l l m u l t i o m i c s d a t a . C o m p u t e r s i n B i o l o g y a n d

M e d i c i n e 2 0 2 3 ; 1 5 7 : 1 0 6 7 3 3 .

2 0 . T a n g X , Z h o u C , L u C , M e n g Y , X u J , H u X , e t a l . E n h a n c i n g d r u g

r e p o s i t i o n i n g t h r o u g h l o c a l i n t e r a c t i v e l e a r n i n g w i t h b i l i n e a r

a t t e n t i o n n e t w o r k s . I E E E J o u r n a l o f B i o m e d i c a l a n d H e a l t h

I n f o r m a t i c s 2 0 2 3 ; .

2 1 . X u J , X u J , M e n g Y , L u C , C a i L , Z e n g X , e t a l . G r a p h e m b e d -

d i n g a n d G a u s s i a n m i x t u r e v a r i a t i o n a l a u t o e n c o d e r n e t w o r k

f o r e n d - t o - e n d a n a l y s i s o f s i n g l e - c e l l R N A s e q u e n c i n g d a t a .

C e l l R e p o r t s M e t h o d s 2 0 2 3 ; p . 1 0 0 3 8 2 .

2 2 . Y a n g Q , X u Z , Z h o u W , W a n g P , J i a n g Q , J u a n L . A n i n t e r p r e t a b l e

s i n g l e - c e l l R N A s e q u e n c i n g d a t a c l u s t e r i n g m e t h o d b a s e d o n

l a t e n t D i r i c h l e t a l l o c a t i o n . B r i e fi n g s i n B i o i n f o r m a t i c s 2 0 2 3 ; p .

b b a d 1 9 9 .

2 3 . Z h a n g C , G a o J , L i u W , e t a l . S T G I C : a g r a p h a n d i m a g e

c o n v o l u t i o n - b a s e d m e t h o d f o r s p a t i a l t r a n s c r i p t o m i c c l u s t e r -

i n g . a r X i v p r e p r i n t a r X i v : 2 3 0 3 1 0 6 5 7 2 0 2 3 ; .

2 4 . Q i u Y , Y a n C , Z h a o P , Z o u Q . S S N M D I : a n o v e l j o i n t l e a r n i n g

m o d e l o f s e m i - s u p e r v i s e d n o n - n e g a t i v e m a t r i x f a c t o r i z a t i o n

a n d d a t a i m p u t a t i o n f o r c l u s t e r i n g o f s i n g l e - c e l l R N A - s e q d a t a .

B r i e fi n g s i n B i o i n f o r m a t i c s 2 0 2 3 ; 2 4 ( 3 ) : b b a d 1 4 9 .

2 5 . W a n g P , L u o M , Z h o u W , J i n X , X u Z , Y a n S , e t a l . G l o b a l c h a r -

a c t e r i z a t i o n o f p e r i p h e r a l B c e l l s i n P a r k i n s o n ’ s d i s e a s e b y

s i n g l e - c e l l R N A a n d B C R s e q u e n c i n g . F r o n t i e r s i n I m m u n o l o g y

2 0 2 2 ; 1 3 : 8 1 4 2 3 9 .

2 6 . J i a n g J , X u J , L i u Y , S o n g B , G u o X , Z e n g X , e t a l . D i m e n s i o n -

a l i t y r e d u c t i o n a n d v i s u a l i z a t i o n o f s i n g l e - c e l l R N A - s e q d a t a

w i t h a n i m p r o v e d d e e p v a r i a t i o n a l a u t o e n c o d e r . B r i e fi n g s i n

B i o i n f o r m a t i c s 2 0 2 3 ; 2 4 ( 3 ) : b b a d 1 5 2 .

2 7 . R a o A , B a r k l e y D , F r a n ç a G S , Y a n a i I . E x p l o r i n g t i s -

s u e a r c h i t e c t u r e u s i n g s p a t i a l t r a n s c r i p t o m i c s . N a t u r e

2 0 2 1 ; 5 9 6 ( 7 8 7 1 ) : 2 1 1 – 2 2 0 .

2 8 . M o f fi t t J R , H a o J , W a n g G , C h e n K H , B a b c o c k H P , Z h u a n g

X . H i g h - t h r o u g h p u t s i n g l e - c e l l g e n e - e x p r e s s i o n p r o fi l i n g

w i t h m u l t i p l e x e d e r r o r - r o b u s t fl u o r e s c e n c e i n s i t u h y b r i d i z a -

t i o n . P r o c e e d i n g s o f t h e N a t i o n a l A c a d e m y o f S c i e n c e s

2 0 1 6 ; 1 1 3 ( 3 9 ) : 1 1 0 4 6 – 1 1 0 5 1 .

2 9 . W a n g X , A l l e n W E , W r i g h t M A , S y l w e s t r a k E L , S a m u s i k

N , V e s u n a S , e t a l . T h r e e - d i m e n s i o n a l i n t a c t - t i s s u e s e -

q u e n c i n g o f s i n g l e - c e l l t r a n s c r i p t i o n a l s t a t e s . S c i e n c e

2 0 1 8 ; 3 6 1 ( 6 4 0 0 ) : e a a t 5 6 9 1 .

3 0 . E n g C H L , L a w s o n M , Z h u Q , D r i e s R , K o u l e n a N , T a k e i Y , e t a l .

T r a n s c r i p t o m e - s c a l e s u p e r - r e s o l v e d i m a g i n g i n t i s s u e s b y

R N A s e q F I S H + . N a t u r e 2 0 1 9 ; 5 6 8 ( 7 7 5 1 ) : 2 3 5 – 2 3 9 .

3 1 . L a r s s o n L , F r i s é n J , L u n d e b e r g J . S p a t i a l l y r e s o l v e d t r a n s c r i p -

t o m i c s a d d s a n e w d i m e n s i o n t o g e n o m i c s . N a t u r e m e t h o d s

2 0 2 1 ; 1 8 ( 1 ) : 1 5 – 1 8 .

3 2 . R o d r i q u e s S G , S t i c k e l s R R , G o e v a A , M a r t i n C A , M u r r a y E , V a n -

d e r b u r g C R , e t a l . S l i d e - s e q : A s c a l a b l e t e c h n o l o g y f o r m e a s u r -

i n g g e n o m e - w i d e e x p r e s s i o n a t h i g h s p a t i a l r e s o l u t i o n . S c i e n c e

2 0 1 9 ; 3 6 3 ( 6 4 3 4 ) : 1 4 6 3 – 1 4 6 7 .

3 3 . S t i c k e l s R R , M u r r a y E , K u m a r P , L i J , M a r s h a l l J L , D i B e l l a

D J , e t a l . H i g h l y s e n s i t i v e s p a t i a l t r a n s c r i p t o m i c s a t n e a r -

c e l l u l a r r e s o l u t i o n w i t h S l i d e - s e q V 2 . N a t u r e b i o t e c h n o l o g y

2 0 2 1 ; 3 9 ( 3 ) : 3 1 3 – 3 1 9 .

3 4 . V i c k o v i c S , E r a s l a n G , S a l m é n F , K l u g h a m m e r J , S t e n b e c k L ,

S c h a p i r o D , e t a l . H i g h - d e fi n i t i o n s p a t i a l t r a n s c r i p t o m i c s f o r

i n s i t u t i s s u e p r o fi l i n g . N a t u r e m e t h o d s 2 0 1 9 ; 1 6 ( 1 0 ) : 9 8 7 – 9 9 0 .

3 5 . L i u Y , Y a n g M , D e n g Y , S u G , E n n i n f u l A , G u o C C , e t a l . H i g h -

s p a t i a l - r e s o l u t i o n m u l t i - o m i c s s e q u e n c i n g v i a d e t e r m i n i s t i c

b a r c o d i n g i n t i s s u e . C e l l 2 0 2 0 ; 1 8 3 ( 6 ) : 1 6 6 5 – 1 6 8 1 .

3 6 . X i a K , S u n H X , L i J , L i J , Z h a o Y , C h e n R , e t a l . S i n g l e - c e l l S t e r e o -

s e q e n a b l e s c e l l t y p e - s p e c i fi c s p a t i a l t r a n s c r i p t o m e c h a r a c t e r i -

z a t i o n i n A r a b i d o p s i s l e a v e s . b i o R x i v 2 0 2 1 ; .

3 7 . M a y n a r d K R , C o l l a d o - T o r r e s L , W e b e r L M , U y t i n g c o C , B a r r y

B K , W i l l i a m s S R , e t a l . T r a n s c r i p t o m e - s c a l e s p a t i a l g e n e e x -

p r e s s i o n i n t h e h u m a n d o r s o l a t e r a l p r e f r o n t a l c o r t e x . N a t u r e

n e u r o s c i e n c e 2 0 2 1 ; 2 4 ( 3 ) : 4 2 5 – 4 3 6 .

3 8 . H a r t i g a n J A , W o n g M A . A l g o r i t h m A S 1 3 6 : A k - m e a n s c l u s t e r -

i n g a l g o r i t h m . J o u r n a l o f t h e r o y a l s t a t i s t i c a l s o c i e t y s e r i e s c

( a p p l i e d s t a t i s t i c s ) 1 9 7 9 ; 2 8 ( 1 ) : 1 0 0 – 1 0 8 .

3 9 . B l o n d e l V D , G u i l l a u m e J L , L a m b i o t t e R , L e f e b v r e E . F a s t u n -

f o l d i n g o f c o m m u n i t i e s i n l a r g e n e t w o r k s . J o u r n a l o f s t a t i s t i c a l

m e c h a n i c s : t h e o r y a n d e x p e r i m e n t 2 0 0 8 ; 2 0 0 8 ( 1 0 ) : P 1 0 0 0 8 .

4 0 . E l o s u a - B a y e s M , N i e t o P , M e r e u E , G u t I , H e y n H . S P O T l i g h t :

s e e d e d N M F r e g r e s s i o n t o d e c o n v o l u t e s p a t i a l t r a n s c r i p t o m i c s

s p o t s w i t h s i n g l e - c e l l t r a n s c r i p t o m e s . N u c l e i c a c i d s r e s e a r c h

2 0 2 1 ; 4 9 ( 9 ) : e 5 0 – e 5 0 .

4 1 . C a b l e D M , M u r r a y E , Z o u L S , G o e v a A , M a c o s k o E Z , C h e n F ,

e t a l . R o b u s t d e c o m p o s i t i o n o f c e l l t y p e m i x t u r e s i n s p a t i a l

t r a n s c r i p t o m i c s . N a t u r e B i o t e c h n o l o g y 2 0 2 2 ; 4 0 ( 4 ) : 5 1 7 – 5 2 6 .

4 2 . Z h a o E , S t o n e M R , R e n X , P u l l i a m T , N g h i e m P , B i e l a s J H , e t a l .

B a y e s S p a c e e n a b l e s t h e r o b u s t c h a r a c t e r i z a t i o n o f s p a t i a l g e n e

e x p r e s s i o n a r c h i t e c t u r e i n t i s s u e s e c t i o n s a t i n c r e a s e d r e s o l u -

t i o n . b i o R x i v 2 0 2 0 ; .

4 3 . P h a m D , T a n X , X u J , G r i c e L F , L a m P Y , R a g h u b a r A , e t a l .

s t L e a r n : i n t e g r a t i n g s p a t i a l l o c a t i o n , t i s s u e m o r p h o l o g y a n d

g e n e e x p r e s s i o n t o fi n d c e l l t y p e s , c e l l - c e l l i n t e r a c t i o n s a n d

s p a t i a l t r a j e c t o r i e s w i t h i n u n d i s s o c i a t e d t i s s u e s . B i o R x i v 2 0 2 0 ; .

4 4 . F u H , X u H , C h o n g K , L i M , A n g K S , L e e H K , e t a l . U n s u p e r v i s e d

s p a t i a l l y e m b e d d e d d e e p r e p r e s e n t a t i o n o f s p a t i a l t r a n s c r i p -

t o m i c s . B i o r x i v 2 0 2 1 ; .

4 5 . L i J , C h e n S , P a n X , Y u a n Y , S h e n H b . C C S T : C e l l c l u s t e r i n g f o r

s p a t i a l t r a n s c r i p t o m i c s d a t a w i t h g r a p h n e u r a l n e t w o r k 2 0 2 1 ; .

4 6 . D o n g K , Z h a n g S . D e c i p h e r i n g s p a t i a l d o m a i n s f r o m s p a t i a l l y

r e s o l v e d t r a n s c r i p t o m i c s w i t h a n a d a p t i v e g r a p h a t t e n t i o n

a u t o - e n c o d e r . N a t u r e c o m m u n i c a t i o n s 2 0 2 2 ; 1 3 ( 1 ) : 1 – 1 2 .

4 7 . W a n g T , S u n J , Z h a o Q . I n v e s t i g a t i n g c a r d i o t o x i c i t y r e l a t e d w i t h

h E R G c h a n n e l b l o c k e r s u s i n g m o l e c u l a r fi n g e r p r i n t s a n d g r a p h

a t t e n t i o n m e c h a n i s m . C o m p u t e r s i n B i o l o g y a n d M e d i c i n e

2 0 2 3 ; 1 5 3 : 1 0 6 4 6 4 .

4 8 . X u C , J i n X , W e i S , W a n g P , L u o M , X u Z , e t a l . D e e p S T : i d e n t i f y -

i n g s p a t i a l d o m a i n s i n s p a t i a l t r a n s c r i p t o m i c s b y d e e p l e a r n i n g .

N u c l e i c A c i d s R e s e a r c h 2 0 2 2 ; 5 0 ( 2 2 ) : e 1 3 1 – e 1 3 1 .

4 9 . L o n g Y , A n g K S , L i M , C h o n g K L K , S e t h i R , Z h o n g C , e t a l . S p a -

t i a l l y i n f o r m e d c l u s t e r i n g , i n t e g r a t i o n , a n d d e c o n v o l u t i o n o f

s p a t i a l t r a n s c r i p t o m i c s w i t h G r a p h S T . N a t u r e C o m m u n i c a -

t i o n s 2 0 2 3 ; 1 4 ( 1 ) : 1 1 5 5 .

5 0 . M e n g Y , W a n g Y , X u J , L u C , T a n g X , P e n g T , e t a l . D r u g

r e p o s i t i o n i n g b a s e d o n w e i g h t e d l o c a l i n f o r m a t i o n a u g -

m e n t e d g r a p h n e u r a l n e t w o r k . B r i e fi n g s i n B i o i n f o r m a t i c s
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2 0 2 4 ; 2 5 ( 1 ) : b b a d 4 3 1 .

5 1 . Z e n g P , Z h a n g B , L i u A , M e n g Y , T a n g X , Y a n g J , e t a l . D r u g

r e p o s i t i o n i n g b a s e d o n t r i p a r t i t e c r o s s - n e t w o r k e m b e d d i n g

a n d g r a p h c o n v o l u t i o n a l n e t w o r k . E x p e r t S y s t e m s w i t h A p p l i -

c a t i o n s 2 0 2 4 ; 2 5 2 : 1 2 4 1 5 2 .

5 2 . Z e n g Y , Y i n R , L u o M , C h e n J , P a n Z , L u Y , e t a l . I d e n t i f y -

i n g s p a t i a l d o m a i n b y a d a p t i n g t r a n s c r i p t o m i c s w i t h h i s t o l -

o g y t h r o u g h c o n t r a s t i v e l e a r n i n g . B r i e fi n g s i n B i o i n f o r m a t i c s

2 0 2 3 ; 2 4 ( 2 ) : b b a d 0 4 8 .

5 3 . X u H , L i n J , W a n g S , F a n g M , L u o S , C h e n C , e t a l . S P A C E L :

c h a r a c t e r i z i n g s p a t i a l t r a n s c r i p t o m e a r c h i t e c t u r e s b y d e e p -

l e a r n i n g 2 0 2 3 ; .

5 4 . L i u W , L i a o X , L u o Z , Y a n g Y , L a u M C , J i a o Y , e t a l . P r o b a b i l i s t i c

e m b e d d i n g , c l u s t e r i n g , a n d a l i g n m e n t f o r i n t e g r a t i n g s p a t i a l

t r a n s c r i p t o m i c s d a t a w i t h P R E C A S T . N a t u r e C o m m u n i c a t i o n s

2 0 2 3 ; 1 4 ( 1 ) : 2 9 6 .

5 5 . Z h u J , S h a n g L , Z h o u X . S R T s i m : s p a t i a l p a t t e r n p r e s e r v i n g

s i m u l a t i o n s f o r s p a t i a l l y r e s o l v e d t r a n s c r i p t o m i c s . G e n o m e

B i o l o g y 2 0 2 3 ; 2 4 ( 1 ) : 3 9 .

5 6 . T a n g Z , L i Z , H o u T , Z h a n g T , Y a n g B , S u J , e t a l . S i G r a : s i n g l e -

c e l l s p a t i a l e l u c i d a t i o n t h r o u g h a n i m a g e - a u g m e n t e d g r a p h

t r a n s f o r m e r . N a t u r e C o m m u n i c a t i o n s 2 0 2 3 ; 1 4 ( 1 ) : 5 6 1 8 .

5 7 . Y u a n Z , Z h a o F , L i n S , Z h a o Y , Y a o J , C u i Y , e t a l . B e n c h m a r k i n g

s p a t i a l c l u s t e r i n g m e t h o d s w i t h s p a t i a l l y r e s o l v e d t r a n s c r i p -

t o m i c s d a t a . N a t u r e M e t h o d s 2 0 2 4 ; 2 1 ( 4 ) : 7 1 2 – 7 2 2 .

5 8 . S a l e h i A , D a v u l c u H . G r a p h a t t e n t i o n a u t o - e n c o d e r s . a r X i v

p r e p r i n t a r X i v : 1 9 0 5 1 0 7 1 5 2 0 1 9 ; .

5 9 . K o u S , X i a W , Z h a n g X , G a o Q , G a o X . S e l f - s u p e r v i s e d g r a p h

c o n v o l u t i o n a l c l u s t e r i n g b y p r e s e r v i n g l a t e n t d i s t r i b u t i o n . N e u -

r o c o m p u t i n g 2 0 2 1 ; 4 3 7 : 2 1 8 – 2 2 6 .

6 0 . C h e n A , L i a o S , C h e n g M , M a K , W u L , L a i Y , e t a l . S p a t i o t e m -

p o r a l t r a n s c r i p t o m i c a t l a s o f m o u s e o r g a n o g e n e s i s u s i n g D N A

n a n o b a l l - p a t t e r n e d a r r a y s . C e l l 2 0 2 2 ; 1 8 5 ( 1 0 ) : 1 7 7 7 – 1 7 9 2 .

6 1 . W o l f F A , A n g e r e r P , T h e i s F J . S C A N P Y : l a r g e - s c a l e s i n g l e - c e l l

g e n e e x p r e s s i o n d a t a a n a l y s i s . G e n o m e b i o l o g y 2 0 1 8 ; 1 9 ( 1 ) : 1 – 5 .

6 2 . W a n g T , W u J , Z h a n g Z , Z h o u W , C h e n G , L i u S . M u l t i - s c a l e

g r a p h a t t e n t i o n s u b s p a c e c l u s t e r i n g n e t w o r k . N e u r o c o m p u t -

i n g 2 0 2 1 ; 4 5 9 : 3 0 2 – 3 1 4 .

6 3 . V e l i č k o v i ć P , C u c u r u l l G , C a s a n o v a A , R o m e r o A , L i o P , B e n g i o

Y . G r a p h a t t e n t i o n n e t w o r k s . a r X i v p r e p r i n t a r X i v : 1 7 1 0 1 0 9 0 3

2 0 1 7 ; .

6 4 . J i P , Z h a n g T , L i H , S a l z m a n n M , R e i d I . D e e p s u b s p a c e c l u s -

t e r i n g n e t w o r k s . A d v a n c e s i n n e u r a l i n f o r m a t i o n p r o c e s s i n g

s y s t e m s 2 0 1 7 ; 3 0 .

6 5 . N g A , J o r d a n M , W e i s s Y . O n s p e c t r a l c l u s t e r i n g : A n a l y s i s a n d a n

a l g o r i t h m . A d v a n c e s i n n e u r a l i n f o r m a t i o n p r o c e s s i n g s y s t e m s

2 0 0 1 ; 1 4 .

6 6 . T r a a g V A , W a l t m a n L , V a n E c k N J . F r o m L o u v a i n t o L e i d e n :

g u a r a n t e e i n g w e l l - c o n n e c t e d c o m m u n i t i e s . S c i e n t i fi c r e p o r t s

2 0 1 9 ; 9 ( 1 ) : 1 – 1 2 .

6 7 . F r a l e y C , R a f t e r y A E , M u r p h y T B , S c r u c c a L . m c l u s t v e r s i o n 4

f o r R : n o r m a l m i x t u r e m o d e l i n g f o r m o d e l - b a s e d c l u s t e r i n g ,

c l a s s i fi c a t i o n , a n d d e n s i t y e s t i m a t i o n . T e c h n i c a l r e p o r t ; 2 0 1 2 .

6 8 . M c I n n e s L , H e a l y J , M e l v i l l e J . U m a p : U n i f o r m m a n i f o l d a p -

p r o x i m a t i o n a n d p r o j e c t i o n f o r d i m e n s i o n r e d u c t i o n . a r X i v

p r e p r i n t a r X i v : 1 8 0 2 0 3 4 2 6 2 0 1 8 ; .

6 9 . M o u T , D e n g W , G u F , P a w i t a n Y , V u T N . R e p r o d u c i b i l i t y o f

m e t h o d s t o d e t e c t d i f f e r e n t i a l l y e x p r e s s e d g e n e s f r o m s i n g l e -

c e l l R N A s e q u e n c i n g . F r o n t i e r s i n g e n e t i c s 2 0 2 0 ; 1 0 : 1 3 3 1 .

7 0 . V u T N , W i l l s Q F , K a l a r i K R , N i u N , W a n g L , R a n t a l a i n e n M ,

e t a l . B e t a - P o i s s o n m o d e l f o r s i n g l e - c e l l R N A - s e q d a t a a n a l y s e s .

B i o i n f o r m a t i c s 2 0 1 6 ; 3 2 ( 1 4 ) : 2 1 2 8 – 2 1 3 5 .

7 1 . D a s S , R a i S N . S w a r n S e q : A n i m p r o v e d s t a t i s t i c a l a p p r o a c h

f o r d i f f e r e n t i a l e x p r e s s i o n a n a l y s i s o f s i n g l e - c e l l R N A - s e q d a t a .

G e n o m i c s 2 0 2 1 ; 1 1 3 ( 3 ) : 1 3 0 8 – 1 3 2 4 .

7 2 . C a n n o o d t R , S a e l e n s W , S a e y s Y . C o m p u t a t i o n a l m e t h o d s f o r

t r a j e c t o r y i n f e r e n c e f r o m s i n g l e - c e l l t r a n s c r i p t o m i c s . E u r o -

p e a n j o u r n a l o f i m m u n o l o g y 2 0 1 6 ; 4 6 ( 1 1 ) : 2 4 9 6 – 2 5 0 6 .

7 3 . T r a p n e l l C , C a c c h i a r e l l i D , G r i m s b y J , P o k h a r e l P , L i S , M o r s e

M , e t a l . T h e d y n a m i c s a n d r e g u l a t o r s o f c e l l f a t e d e c i s i o n s a r e

r e v e a l e d b y p s e u d o t e m p o r a l o r d e r i n g o f s i n g l e c e l l s . N a t u r e

b i o t e c h n o l o g y 2 0 1 4 ; 3 2 ( 4 ) : 3 8 1 – 3 8 6 .

7 4 . W o l f F A , H a m e y F K , P l a s s M , S o l a n a J , D a h l i n J S , G ö t t g e n s B ,

e t a l . P A G A : g r a p h a b s t r a c t i o n r e c o n c i l e s c l u s t e r i n g w i t h t r a -

j e c t o r y i n f e r e n c e t h r o u g h a t o p o l o g y p r e s e r v i n g m a p o f s i n g l e

c e l l s . G e n o m e b i o l o g y 2 0 1 9 ; 2 0 : 1 – 9 .

7 5 . C l e v e r t D A , U n t e r t h i n e r T , H o c h r e i t e r S . F a s t a n d a c c u r a t e

d e e p n e t w o r k l e a r n i n g b y e x p o n e n t i a l l i n e a r u n i t s ( e l u s ) . a r X i v

p r e p r i n t a r X i v : 1 5 1 1 0 7 2 8 9 2 0 1 5 ; .

7 6 . K i n g m a D P , B a J . A d a m : A m e t h o d f o r s t o c h a s t i c o p t i m i z a t i o n .

a r X i v p r e p r i n t a r X i v : 1 4 1 2 6 9 8 0 2 0 1 4 ; .

7 7 . N a i r V , H i n t o n G E . R e c t i fi e d l i n e a r u n i t s i m p r o v e r e s t r i c t e d

b o l t z m a n n m a c h i n e s . I n : I c m l ; 2 0 1 0 . .

7 8 . H u b e r t L , A r a b i e P . C o m p a r i n g p a r t i t i o n s . J o u r n a l o f c l a s s i fi c a -

t i o n 1 9 8 5 ; 2 ( 1 ) : 1 9 3 – 2 1 8 .

7 9 . D a v i e s D L , B o u l d i n D W . A c l u s t e r s e p a r a t i o n m e a s u r e . I E E E

t r a n s a c t i o n s o n p a t t e r n a n a l y s i s a n d m a c h i n e i n t e l l i g e n c e

1 9 7 9 ; ( 2 ) : 2 2 4 – 2 2 7 .

8 0 . C a l i ń s k i T , H a r a b a s z J . A d e n d r i t e m e t h o d f o r c l u s t e r a n a l -

y s i s . C o m m u n i c a t i o n s i n S t a t i s t i c s - t h e o r y a n d M e t h o d s

1 9 7 4 ; 3 ( 1 ) : 1 – 2 7 .

8 1 . H a l k i d i M , V a z i r g i a n n i s M . C l u s t e r i n g v a l i d i t y a s s e s s m e n t :

F i n d i n g t h e o p t i m a l p a r t i t i o n i n g o f a d a t a s e t . I n : P r o c e e d i n g s

2 0 0 1 I E E E i n t e r n a t i o n a l c o n f e r e n c e o n d a t a m i n i n g I E E E ; 2 0 0 1 .

p . 1 8 7 – 1 9 4 .

8 2 . P e n g L , H e X , P e n g X , L i Z , Z h a n g L . S T G N N k s : I d e n t i f y i n g

c e l l t y p e s i n s p a t i a l t r a n s c r i p t o m i c s d a t a b a s e d o n g r a p h n e u -

r a l n e t w o r k , d e n o i s i n g a u t o - e n c o d e r , a n d k - s u m s c l u s t e r i n g .

C o m p u t e r s i n B i o l o g y a n d M e d i c i n e 2 0 2 3 ; 1 6 6 : 1 0 7 4 4 0 .

8 3 . G i l m o r e E C , H e r r u p K . C o r t i c a l d e v e l o p m e n t : l a y e r s o f c o m -

p l e x i t y . C u r r e n t B i o l o g y 1 9 9 7 ; 7 ( 4 ) : R 2 3 1 – R 2 3 4 .

8 4 . K o t h a r i C , C l e m e n c e a u A , O u e l l e t t e G , E n n o u r - I d r i s s i K ,

M i c h a u d A , D i o r i o C , e t a l . I s c a r b o x y p e p t i d a s e B 1 a p r o g n o s t i c

m a r k e r f o r d u c t a l c a r c i n o m a i n s i t u ? C a n c e r s 2 0 2 1 ; 1 3 ( 7 ) : 1 7 2 6 .

8 5 . G r u v b e r g e r S , R i n g n é r M , C h e n Y , P a n a v a l l y S , S a a l L H , B o r g

A , e t a l . E s t r o g e n r e c e p t o r s t a t u s i n b r e a s t c a n c e r i s a s s o c i a t e d

w i t h r e m a r k a b l y d i s t i n c t g e n e e x p r e s s i o n p a t t e r n s . C a n c e r

r e s e a r c h 2 0 0 1 ; 6 1 ( 1 6 ) : 5 9 7 9 – 5 9 8 4 .

8 6 . M a r t í n e z - P é r e z C , L e u n g J , K a y C , M e e h a n J , G r a y M , D i x o n J M ,

e t a l . T h e s i g n a l t r a n s d u c e r I L 6 S T ( g p 1 3 0 ) a s a p r e d i c t i v e a n d

p r o g n o s t i c b i o m a r k e r i n b r e a s t c a n c e r . J o u r n a l o f p e r s o n a l i z e d

m e d i c i n e 2 0 2 1 ; 1 1 ( 7 ) : 6 1 8 .

8 7 . W a n g Y , S h e n g N , X i e Y , C h e n S , L u J , Z h a n g Z , e t a l . L o w e x -

p r e s s i o n o f C R I S P 3 p r e d i c t s a f a v o r a b l e p r o g n o s i s i n p a t i e n t s

w i t h m a m m a r y c a r c i n o m a . J o u r n a l o f C e l l u l a r P h y s i o l o g y

2 0 1 9 ; 2 3 4 ( 8 ) : 1 3 6 2 9 – 1 3 6 3 8 .

8 8 . A h n B Y , E l w i A N , L e e B , T r i n h D L , K l i m o w i c z A C , Y a u A , e t a l .

G e n e t i c S c r e e n I d e n t i fi e s I n s u l i n - l i k e G r o w t h F a c t o r B i n d i n g

P r o t e i n 5 a s a M o d u l a t o r o f T a m o x i f e n R e s i s t a n c e i n B r e a s t C a n -

c e r I G F B P 5 R e v e r s e s T a m o x i f e n R e s i s t a n c e . C a n c e r r e s e a r c h

2 0 1 0 ; 7 0 ( 8 ) : 3 0 1 3 – 3 0 1 9 .

8 9 . D í e z - I t z a I , S á n c h e z L M , A l l e n d e M T , V i z o s o F , R u i b a l A , L ó p e z -

O t í n C . Z n - α2 - g l y c o p r o t e i n l e v e l s i n b r e a s t c a n c e r c y t o s o l s

a n d c o r r e l a t i o n w i t h c l i n i c a l , h i s t o l o g i c a l a n d b i o c h e m i c a l p a -

r a m e t e r s . E u r o p e a n J o u r n a l o f C a n c e r 1 9 9 3 ; 2 9 ( 9 ) : 1 2 5 6 – 1 2 6 0 .

9 0 . Z h a n g P , Z h e n g P , L i u Y . A m p l i fi c a t i o n o f t h e C D 2 4 g e n e i s

a n i n d e p e n d e n t p r e d i c t o r f o r p o o r p r o g n o s i s o f b r e a s t c a n c e r .

F r o n t i e r s i n G e n e t i c s 2 0 1 9 ; 1 0 : 5 6 0 .

9 1 . K w o n M J , H a n J , S e o J H , S o n g K , J e o n g H M , C h o i J S , e t a l .

C D 2 4 o v e r e x p r e s s i o n i s a s s o c i a t e d w i t h p o o r p r o g n o s i s i n

l u m i n a l A a n d t r i p l e - n e g a t i v e b r e a s t c a n c e r . P L o S O n e

2 0 1 5 ; 1 0 ( 1 0 ) : e 0 1 3 9 1 1 2 .

9 2 . S h e r i d a n C , K i s h i m o t o H , F u c h s R K , M e h r o t r a S , B h a t -

N a k s h a t r i P , T u r n e r C H , e t a l . C D 4 4 + / C D 2 4 - b r e a s t c a n c e r c e l l s

e x h i b i t e n h a n c e d i n v a s i v e p r o p e r t i e s : a n e a r l y s t e p n e c e s s a r y

f o r m e t a s t a s i s . B r e a s t C a n c e r R e s e a r c h 2 0 0 6 ; 8 : 1 – 1 3 .



1 2 | G i g a S c i e n c e , 2 0 2 4 , V o l . 0 0 , N o . 0

9 3 . S e g o v i a - M e n d o z a M , G o n z á l e z - G o n z á l e z M E , B a r r e r a D , D í a z

L , G a r c í a - B e c e r r a R . E f fi c a c y a n d m e c h a n i s m o f a c t i o n o f t h e

t y r o s i n e k i n a s e i n h i b i t o r s g e fi t i n i b , l a p a t i n i b a n d n e r a t i n i b

i n t h e t r e a t m e n t o f H E R 2 - p o s i t i v e b r e a s t c a n c e r : p r e c l i n i c a l

a n d c l i n i c a l e v i d e n c e . A m e r i c a n j o u r n a l o f c a n c e r r e s e a r c h

2 0 1 5 ; 5 ( 9 ) : 2 5 3 1 .

9 4 . R i m a w i M F , S c h i f f R , O s b o r n e C K . T a r g e t i n g H E R 2 f o r t h e

t r e a t m e n t o f b r e a s t c a n c e r . A n n u a l r e v i e w o f m e d i c i n e 2 0 1 5 ; 6 6 .

9 5 . S u n k i n S M , N g L , L a u C , D o l b e a r e T , G i l b e r t T L , T h o m p s o n

C L , e t a l . A l l e n B r a i n A t l a s : a n i n t e g r a t e d s p a t i o - t e m p o r a l

p o r t a l f o r e x p l o r i n g t h e c e n t r a l n e r v o u s s y s t e m . N u c l e i c a c i d s

r e s e a r c h 2 0 1 2 ; 4 1 ( D 1 ) : D 9 9 6 – D 1 0 0 8 .

9 6 . I i j i m a T , M i u r a E , W a t a n a b e M , Y u z a k i M . D i s t i n c t e x p r e s s i o n

o f C 1 q - l i k e f a m i l y m R N A s i n m o u s e b r a i n a n d b i o c h e m i c a l

c h a r a c t e r i z a t i o n o f t h e i r e n c o d e d p r o t e i n s . E u r o p e a n J o u r n a l

o f N e u r o s c i e n c e 2 0 1 0 ; 3 1 ( 9 ) : 1 6 0 6 – 1 6 1 5 .

9 7 . K o b a y a s h i M , H a m a n o u e M , M a s a k i T , F u r u t a Y , T a k a m a t s u

K . H i p p o c a l c i n m e d i a t e s c a l c i u m - d e p e n d e n t t r a n s l o c a t i o n

o f b r a i n - t y p e c r e a t i n e k i n a s e ( B B - C K ) i n h i p p o c a m p a l n e u -

r o n s . B i o c h e m i c a l a n d B i o p h y s i c a l R e s e a r c h C o m m u n i c a t i o n s

2 0 1 2 ; 4 2 9 ( 3 - 4 ) : 1 4 2 – 1 4 7 .

9 8 . L i D , L i u X , L i u T , L i u H , T o n g L , J i a S , e t a l . N e u r o c h e m i c a l r e g -

u l a t i o n o f t h e e x p r e s s i o n a n d f u n c t i o n o f g l i a l fi b r i l l a r y a c i d i c

p r o t e i n i n a s t r o c y t e s . G l i a 2 0 2 0 ; 6 8 ( 5 ) : 8 7 8 – 8 9 7 .

9 9 . W h i t e R , G o n s i o r C , K r ä m e r - A l b e r s E M , S t ö h r N , H ü t t e l m a i e r

S , T r o t t e r J . A c t i v a t i o n o f o l i g o d e n d r o g l i a l F y n k i n a s e e n h a n c e s

t r a n s l a t i o n o f m R N A s t r a n s p o r t e d i n h n R N P A 2 – d e p e n d e n t

R N A g r a n u l e s . T h e J o u r n a l o f c e l l b i o l o g y 2 0 0 8 ; 1 8 1 ( 4 ) : 5 7 9 – 5 8 6 .

F i g u r e s a n d T a b l e s

T a b l e 1 . P a r a m e t e r s e t t i n g s

D a t e s e t P a r a m e t e r s e t t i n g s

D L P F C

r a d _ c u t o f f = 1 5 0

n _ t o p _ g e n e s = 3 0 0 0

c o s t _ s s c = 0 . 1

α = 0

m e t h o d = ’ l o u v a i n ’

H u m a n B r e a s t C a n c e r

( B l o c k A S e c t i o n 1 )

r a d _ c u t o f f = 3 0 0

n _ t o p _ g e n e s = 1 0 0 0

c o s t _ s s c = 1

α = 0 . 7

m e t h o d = ’ l e i d e n ’

A d u l t M o u s e B r a i n

( F F P E )

r a d _ c u t o f f = 3 0 0

n _ t o p _ g e n e s = 3 0 0 0

c o s t _ s s c = 0 . 1

α = 0 . 5

m e t h o d = ’ l o u v a i n ’

H u m a n B r e a s t C a n c e r

( D C I S )

r a d _ c u t o f f = 3 0 0

n _ t o p _ g e n e s = 3 0 0 0

c o s t _ s s c = 1

α = 0 . 5

m e t h o d = ’ l o u v a i n ’

M o u s e v i s u a l c o r t e x

r a d _ c u t o f f = 4 0 0

n _ t o p _ g e n e s = 3 0 0 0

c o s t _ s s c = 0 . 1

α = 0

m e t h o d = ’ m c l u s t ’

T a b l e 2 . P e r f o r m a n c e c o m p a r i s o n o f S T M S G A L w i t h s i x o t h e r c l u s t e r i n g

m e t h o d s o n A d u l t M o u s e B r a i n ( F F P E ) a n d H u m a n B r e a s t C a n c e r ( D u c t a l

C a r c i n o m a I n S i t u ) .

D a t a s e t s M e t h o d s
M e t r i c s

D B C H S _ d b w

A d u l t M o u s e B r a i n ( F F P E )

S C A N P Y 1 . 4 4 2 3 5 8 . 6 7 0 . 4 8 1

S E D R 1 . 9 5 1 8 4 . 5 6 9 0 . 6 5 2

C C S T 1 . 1 7 3 5 0 7 . 4 2 1 0 . 4 5 3

D e e p S T 1 . 1 6 6 8 4 2 . 0 3 3 0 . 3 2 8

S T A G A T E 1 . 4 6 7 4 9 5 . 5 4 7 0 . 4 2 7

G r a p h S T 1 . 4 7 0 3 1 0 . 8 6 0 0 . 5 0 1

S T M S G A L 1 . 1 5 5 1 0 1 0 . 7 2 4 0 . 3 1 1

H u m a n B r e a s t C a n c e r ( D C I S )

S C A N P Y 2 . 0 6 9 3 7 9 . 0 8 4 0 . 5 9 3

S E D R 2 . 6 2 7 5 4 . 7 7 8 0 . 7 4 2

C C S T 1 . 4 6 9 5 0 7 . 4 2 1 0 . 4 5 3

D e e p S T 1 . 2 6 3 6 1 1 . 5 6 7 0 . 4 8

S T A G A T E 1 . 9 1 6 4 3 0 . 6 3 0 0 . 5 8 7

G r a p h S T 1 . 9 5 1 3 6 9 . 5 9 4 0 . 6 1 0

S T M S G A L 1 . 4 5 1 1 1 9 0 . 8 5 0 0 . 3 3 2

* T h e b o l d f o n t i n d i c a t e s t h e b e s t p e r f o r m a n c e i n e a c h c o l u m n . L o w e r

D a v i e s - B o u l d i n ( D B ) a n d S _ D b w a n d h i g h e r C a l i n s k i - H a r a b a s z ( C H ) d e n o t e

b e t t e r p e r f o r m a n c e .

T a b l e 3 . P e r f o r m a n c e c o m p a r i s o n o f S T M S G A L w i t h S T A G A T E a n d

G r a p h S T o n t h e S t e r e o - s e q m o u s e e m b r y o s .

D a t a s e t s M e t h o d s
M e t r i c s

D B C H S _ d b w

E 9 , 5 _ E 1 S 1

S T A G A T E 1 . 5 7 9 5 8 2 . 7 3 3 0 . 5 8 5

G r a p h S T 1 . 3 9 6 6 8 6 . 1 7 7 0 . 5 4 9

S T M S G A L 1 . 9 5 7 1 9 1 5 . 6 9 5 0 . 3 5 5

E 9 , 5 _ E 2 S 2

S T A G A T E 1 . 7 0 8 6 0 3 . 2 9 0 0 . 6 0 8

G r a p h S T 1 . 6 8 6 5 6 3 . 3 7 1 0 . 6 3 2

S T M S G A L 1 . 3 5 9 1 8 8 7 . 0 0 0 0 . 3 7 8

* T h e b o l d f o n t i n d i c a t e s t h e b e s t p e r f o r m a n c e i n e a c h c o l u m n . L o w e r

D a v i e s - B o u l d i n ( D B ) a n d S _ D b w a n d h i g h e r C a l i n s k i - H a r a b a s z ( C H ) d e n o t e

b e t t e r p e r f o r m a n c e .
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F i g u r e 1 . P i p e l i n e f o r c l u s t e r i n g S T d a t a b a s e d o n G A T E a n d d e e p s u b s p a c e c l u s t e r i n g n e t w o r k . ( i ) c t a S N N c o n s t r u c t i o n . ( i i ) S p o t l a t e n t e m b e d d i n g f e a t u r e l e a r n i n g . ( i i i )

B i o l o g i c a l a p p l i c a t i o n s .
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SCANPY GraphST STMSGAL

SEDR: ARI=0.414SCANPY: ARI=0.256

DeepST: ARI=0.437 STMSGAL: ARI=0.511

CCST: ARI=0.435

GraphST: ARI=0.460

STAGATE: ARI=0.479

SiGra: ARI=0.480 

SCANPY

SEDR

CCST

DeepST

GraphST

STAGATE

SiGra

STMSGAL

0.20 0.30 0.40 0.50 0.60
ARI

F i g u r e 2 . S T M S G A L i m p r o v e s t h e i d e n t i fi c a t i o n o f l a y e r s t r u c t u r e s i n t h e D L P F C t i s s u e . ( A ) G r o u n d - t r u t h s e g m e n t a t i o n o f 6 c o r t i c a l l a y e r s a n d o n e w h i t e m a t t e r l a y e r i n t h e

D L P F C s e c t i o n 1 5 1 5 0 9 . ( B ) B o x p l o t s o f A R I c o m p u t e d b y S T M S G A L a n d o t h e r s e v e n m e t h o d s i n t h e D L P F C s e c t i o n s , f r o m 1 5 1 5 0 7 t o 1 5 1 5 1 0 . ( C ) C l u s t e r a s s i g n m e n t s g e n e r a t e d

b y S C A N P Y , S E D R , C C S T , S T A G A T E , D e e p S T , G r a p h S T , S i G r a a n d S T M S G A L i n t h e D L P F C s e c t i o n 1 5 1 5 0 9 . ( D ) U M A P v i s u a l i z a t i o n s a n d P A G A g r a p h s g e n e r a t e d b y S C A N P Y ,

G r a p h S T , a n d S T M S G A L e m b e d d i n g s i n t h e D L P F C s e c t i o n 1 5 1 5 0 9 .
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SCANPY: ARI=0.078

Ground Truth

GraphST: ARI=0.171

SEDR: ARI=0.312 CCST: ARI=0.516

STMSGAL: ARI=0.568

STAGATE: ARI=0.563

F i g u r e 3 . S p a t i a l d o m a i n s i d e n t i fi e d b y S C A N P Y , S E D R , C C S T , S T A G A T E , G r a p h S T , S T A G A T E , a n d S T M S G A L i n t h e m o u s e v i s u a l c o r t e x S T A R m a p d a t a s e t .

STMSGALAnnotation STAGATE GraphSTBA

DC STMSGALAnnotation STAGATE GraphST

F i g u r e 4 . S T M S G A L i m p r o v e s a c c u r a t e l y i d e n t i fi c a t i o n o f d i f f e r e n t o r g a n s i n t h e S t e r e o - s e q m o u s e e m b r y o . ( A ) T i s s u e d o m a i n a n n o t a t i o n s o f t h e E 9 . 5 _ E 1 S 1 m o u s e e m b r y o

d a t a . ( B ) C l u s t e r a s s i g n m e n t s g e n e r a t e d b y S T A G A T E , G r a p h S T , a n d S T M S G A L o n E 9 . 5 _ E 1 S 1 m o u s e e m b r y o d a t a . ( C ) T i s s u e d o m a i n a n n o t a t i o n s o f t h e E 9 . 5 _ E 2 S 2 m o u s e

e m b r y o d a t a . ( D ) C l u s t e r a s s i g n m e n t s g e n e r a t e d b y S T A G A T E , G r a p h S T , a n d S T M S G A L o n t h e E 9 . 5 _ E 2 S 2 m o u s e e m b r y o d a t a .
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C SCANPY: ARI=0.471

Manual annotation
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DeepST: ARI=0.604 GraphST: ARI=0.541 STMSGAL: ARI=0.606
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F i g u r e 5 . S T M S G A L c a n a c c u r a t e l y d i s s e c t s p a t i a l d o m a i n s o n H u m a n B r e a s t C a n c e r ( B l o c k A S e c t i o n 1 ) . ( A ) M a n u a l p a t h o l o g y l a b e l i n g v i a t h e H & E s t a i n i n g . ( B ) T h e a v e r a g e

A R I v a l u e s c o m p u t e d b y S C A N P Y , S E D R , C C S T , S T A G A T E , D e e p S T , G r a p h S T , a n d S T M S G A L o n H u m a n B r e a s t C a n c e r ( B l o c k A S e c t i o n 1 ) . ( C ) C l u s t e r a s s i g n m e n t s g e n e r a t e d

b y S C A N P Y , S E D R , C C S T , S T A G A T E , D e e p S T , G r a p h S T , a n d S T M S G A L o n H u m a n B r e a s t C a n c e r ( B l o c k A S e c t i o n 1 ) . ( D ) S p a t i a l d o m a i n s i d e n t i fi e d b y S T M S G A L . ( E ) H e a t m a p

o f t h e t o p 5 d i f f e r e n t i a l l y e x p r e s s e d g e n e s o f d o m a i n s 1 , 4 , a n d 1 3 o n H u m a n B r e a s t C a n c e r ( B l o c k A S e c t i o n 1 ) .
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F i g u r e 6 . S T M S G A L c a n a c c u r a t e l y d i s s e c t s p a t i a l d o m a i n s o n H u m a n B r e a s t C a n c e r ( D u c t a l C a r c i n o m a I n S i t u ) . ( A ) H & E s t a i n i n g fi g u r e s a n n o t a t e d b y A g o k o ’ s t e l e p a t h o l o g y

p l a t f o r m o n H u m a n B r e a s t C a n c e r ( D C I S ) . ( B ) S p a t i a l d o m a i n s i d e n t i fi e d b y S C A N P Y , G r a p h S T , S T A G A T E , a n d S T M S G A L o n H u m a n B r e a s t C a n c e r ( D C I S ) . ( C ) S p a t i a l d o m a i n s

0 , 4 , a n d 9 i d e n t i fi e d b y S T M S G A L . ( D ) S t a c k e d v i o l i n p l o t s i l l u s t r a t e t h e t o p 3 d i f f e r e n t i a l l y e x p r e s s e d g e n e s o n s p a t i a l d o m a i n s 0 , 4 a n d 9 , a n d t h e i r e x p r e s s i o n s o n a l l s p a t i a l

d o m a i n s .
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F i g u r e 7 . S T M S G A L r e v e a l s s p a t i a l d o m a i n s o n A d u l t M o u s e B r a i n ( F F P E ) . ( A ) S p a t i a l d o m a i n s i d e n t i fi e d b y S C A N P Y , D e e p S T , S T A G A T E , a n d S T M S G A L . ( B ) T h e a n n o t a t i o n o f

h i p p o c a m p u s s t r u c t u r e s f r o m t h e A l l e n R e f e r e n c e A t l a s o n m o u s e b r a i n . ( C ) V i s u a l i z a t i o n o f d o m a i n s i d e n t i fi e d b y S T M S G A L a n d t h e c o r r e s p o n d i n g m a r k e r g e n e s . ( D ) U M A P

v i s u a l i z a t i o n g e n e r a t e d b y S C A N P Y , D e e p S T , S T A G A T E , a n d S T M S G A L e m b e d d i n g s , r e s p e c t i v e l y . ( E ) V i s u a l i z a t i o n o f a l l a t t e n t i o n l a y e r s o f S T M S G A L w i t h t h e c t a S N N m o d u l e .

I n e a c h a t t e n t i o n l a y e r , n o d e s w e r e a r r a n g e d b a s e d o n s p a t i a l c o n t e x t s o f s p o t s , a n d e d g e s w e r e c o l o r e d b y c o r r e s p o n d i n g w e i g h t s .
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GraphST: ARI=0.489

SEDR: ARI=0.354SCANPY: ARI=0.302 CCST: ARI=0.405

STMSGAL: ARI=0.473

Manual annotation

151508

DeepST: ARI=0.435

GraphST: ARI=0.494

SEDR: ARI=0.339SCANPY: ARI=0.359

STMSGAL: ARI=0.452

Manual annotation

151510

DeepST: ARI=0.483

CCST: ARI=0.349

STAGATE: ARI=0.511

STAGATE: ARI=0.453

SiGra: ARI=0.407

SiGra: ARI=0.446

GraphST: ARI=0.460

SEDR: ARI=0.414SCANPY: ARI=0.256 CCST: ARI=0.435

STMSGAL: ARI=0.533

Manual annotation

151507

DeepST: ARI=0.513STAGATE: ARI=0.526

SiGra: ARI=0.546

F i g u r e S 1 . S T M S G A L i m p r o v e s t h e i d e n t i fi c a t i o n o f l a y e r s t r u c t u r e s i n t h e D L P F C t i s s u e . C o m p a r i s o n o f s p a t i a l d o m a i n s i d e n t i fi e d b y S C A N P Y , S E D R , C C S T , D e e p S T , S T A G A T E ,

S i G r a , G r a p h S T , a n d S T M S G A L , a n d m a n u a l a n n o t a t i o n s i n 3 s e c t i o n s o f h u m a n D L P F C t i s s u e s .
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STMSGAL

Hpca

Kcnab2

STMSGAL
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STMSGAL

Trf
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STMSGAL
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Mt2

F i g u r e S 2 . S T M S G A L r e v e a l s s p a t i a l d o m a i n s o n A d u l t M o u s e B r a i n ( F F P E ) . V i s u a l i z a t i o n s o f s p a t i a l d o m a i n s a n d e x p r e s s i o n s o f t h e c o r r e s p o n d i n g m a r k e r g e n e s i d e n t i fi e d b y

S T M S G A L w i t h L o u v a i n c l u s t e r i n g o n a d u l t m o u s e h i p p o c a m p u s t i s s u e .

T a b l e 4 . A b l a t i o n s t u d y o n d i f f e r e n t l o s s t e r m s .

D a t a s e t s
L o s s F u n c t i o n

A R I
L1 L2 L3

1 5 1 5 0 7

◦ × × 0 . 5 0 8

◦ ◦ × 0 . 5 1 8

◦ ◦ ◦ 0 . 5 3 3

1 5 1 5 0 8

◦ × × 0 . 4 0 5

◦ ◦ × 0 . 4 4 4

◦ ◦ ◦ 0 . 4 7 3

1 5 1 5 0 9

◦ × × 0 . 3 9 2

◦ ◦ × 0 . 4 4 7

◦ ◦ ◦ 0 . 5 1 1

1 5 1 5 1 0

◦ × × 0 . 4 3 7

◦ ◦ × 0 . 4 4 2

◦ ◦ ◦ 0 . 4 5 2

* T h e b o l d t y p e i n d i c a t e s t h e b e s t p e r f o r m a n c e i n e a c h c o l u m n .

T a b l e 5 . A b l a t i o n s t u d y o n t h e m u l t i - s c a l e s t r a t e g y .

D a t a s e t s S t r a t e g y A R I

1 5 1 5 0 7
W i t h o u t t h e m u l t i - s c a l e s t r a t e g y 0 . 4 8 5

W i t h t h e m u l t i - s c a l e s t r a t e g y 0 . 5 3 3

1 5 1 5 0 8
W i t h o u t t h e m u l t i - s c a l e s t r a t e g y 0 . 3 9 4

W i t h t h e m u l t i - s c a l e s t r a t e g y 0 . 4 7 3

1 5 1 5 0 9
W i t h o u t t h e m u l t i - s c a l e s t r a t e g y 0 . 4 3 7

W i t h t h e m u l t i - s c a l e s t r a t e g y 0 . 5 1 1

1 5 1 5 1 0
W i t h o u t t h e m u l t i - s c a l e s t r a t e g y 0 . 4 0 7

W i t h t h e m u l t i - s c a l e s t r a t e g y 0 . 4 5 2

* T h e b o l d t y p e i n d i c a t e s t h e b e s t p e r f o r m a n c e i n e a c h c o l u m n .

T a b l e 6 . A b l a t i o n s t u d y o n t h e a d d i t i o n a l o p t i m i z a t i o n s t e p .

D a t a s e t s S t r a t e g y A R I

1 5 1 5 0 7
W i t h o u t t h e a d d i t i o n a l o p t i m i z a t i o n s t e p 0 . 5 0 9

W i t h t h e a d d i t i o n a l o p t i m i z a t i o n s t e p 0 . 5 3 3

1 5 1 5 0 8
W i t h o u t t h e a d d i t i o n a l o p t i m i z a t i o n s t e p 0 . 4 5 0

W i t h t h e a d d i t i o n a l o p t i m i z a t i o n s t e p 0 . 4 7 3

1 5 1 5 0 9
W i t h o u t t h e a d d i t i o n a l o p t i m i z a t i o n s t e p 0 . 4 8 4

W i t h t h e a d d i t i o n a l o p t i m i z a t i o n s t e p 0 . 5 1 1

1 5 1 5 1 0
W i t h o u t t h e a d d i t i o n a l o p t i m i z a t i o n s t e p 0 . 4 3 0

W i t h t h e a d d i t i o n a l o p t i m i z a t i o n s t e p 0 . 4 5 2

* T h e b o l d t y p e i n d i c a t e s t h e b e s t p e r f o r m a n c e i n e a c h c o l u m n .

T a b l e 7 . A b l a t i o n a n a l y s i s u n d e r d i f f e r e n t c l u s t e r i n g m e t h o d s o n

D L P F C 1 0 x G e n o m i c s V i s i u m d a t a s e t s .

M e t h o d s
D a t a s e t s

A v e r a g e A R I
1 5 1 5 0 7 1 5 1 5 0 8 1 5 1 5 0 9 1 5 1 5 1 0

L o u v a i n c l u s t e r i n g 0 . 5 3 3 0 . 4 7 3 0 . 5 1 1 0 . 4 5 2 0 . 4 9 2

m c l u s t 0 . 5 2 0 0 . 4 7 5 0 . 3 5 4 0 . 4 0 3 0 . 4 3 8

L e i d e n c l u s t e r i n g 0 . 5 1 1 0 . 4 8 9 0 . 4 7 1 0 . 3 9 3 0 . 4 6 9

s u b s p a c e c l u s t e r i n g 0 . 2 1 6 0 . 3 2 5 0 . 3 9 5 0 . 2 8 4 0 . 2 9 4

* T h e b o l d t y p e i n d i c a t e s t h e b e s t p e r f o r m a n c e i n e a c h c o l u m n .

T a b l e 8 . A b l a t i o n a n a l y s i s u n d e r d i f f e r e n t c l u s t e r i n g m e t h o d s o n

S T A R m a p a n d H u m a n B r e a s t C a n c e r ( B l o c k A S e c t i o n 1 ) .

D a t a s e t s M e t h o d s A R I

S T A R m a p

L o u v a i n c l u s t e r i n g 0 . 2 8 2

m c l u s t 0 . 5 6 8

L e i d e n c l u s t e r i n g 0 . 2 7 3

s u b s p a c e c l u s t e r i n g 0 . 0 6 7

H u m a n B r e a s t C a n c e r

( B l o c k A S e c t i o n 1 )

L o u v a i n c l u s t e r i n g 0 . 5 3 4

m c l u s t 0 . 5 1 2

L e i d e n c l u s t e r i n g 0 . 6 0 6

s u b s p a c e c l u s t e r i n g 0 . 5 8 8

* T h e b o l d t y p e i n d i c a t e s t h e b e s t p e r f o r m a n c e i n e a c h c o l u m n .
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Authors’ Response to Reviewers’ Comments 

Paper title: Unveiling Patterns in Spatial Transcriptomics Data: A Novel 

Approach Utilizing Graph Attention Autoencoder and Multi-Scale 

Deep Subspace Clustering Network 

Authors: Liqian Zhou, Xinhuai Peng, Geng Tian, Xianzhi He, Min Chen*, 

Jialiang Yang*, and Lihong Peng* 

 

We are very grateful to the chief editor and reviewers for patient, meticulous, and 

professional review work with the aim of improving the quality of our manuscript. It 

is precisely because of the valuable guidance and comments of two experts in this 

field that we feel that the whole manuscript has been greatly improved. More 

importantly, they also guide our further research in the future! We’re very lucky to 

receive guidance from the two experts! Thank you again!  

Following your valuable comments, we have addressed the concerns point-by-point in 

the revised manuscript. In particular, the following revisions have been made. 

 

 

Editor 

  

 

Dear Dr Peng, 

Your manuscript "Unveiling Patterns in Spatial Transcriptomics Data: A Novel 

Approach Utilizing Graph Attention Autoencoder and Multi-Scale Deep Subspace 

Clustering Network" (GIGA-D-24-00044) has been assessed by our reviewers. 

Although it is of interest, we are unable to consider it for publication in its current 

form. The reviewers have raised a number of points which we believe would improve 

the manuscript and may allow a revised version to be published in GigaScience. 

Response: We’re very thankful for your valuable comments! Following your valuable 

comments, we have addressed the concerns point-by-point in the revised manuscript. 

Their reports, together with any other comments, are below. 

Among other major concerns, both reviewers ask for additional validation data and 

more in-depth comparisons to existing tools. 

Response: We’re very thankful for your valuable comments! Following the reviews 

from two reviewers, we have added multiple comparison experiments from the 

following aspects: 

1. From the aspect of comparison methods, we have added the comparison between 

our proposed STMSGAL with two recent spatial transcriptomics works (i.e., 
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STAGATE and SiGra) on six ST datasets. 

2. From the aspect of ST data, we have added the comparison experiment of 

STMSGAL and STAGATE and GraphST on the E9.5_E1S1 and E9.5_E2S2 mouse 

embryos of Stereo-seq. 

3. From the aspect of ablation study, we have added multiple ablation experiments 

from four aspects: 

(i) With the additional optimization step on DLPFC vs without the additional 

optimization step on DLPFC 

(ii) With the multi-scale strategy vs without the multi-scale strategy 

(iii) With graph attention autoencoder (GATE), multi-scale deep subspace clustering, 

or the self-supervised module, or without any one. 

(iv) Why to use Louvian clustering on DLPFC, Leiden clustering on Human Breast 

Cancer, and Mclust on STARmap When performing clustering again 

The detailed descriptions are as follows: 

1. From the aspect of comparison methods, we have added the comparison 

between our proposed STMSGAL with two recent spatial transcriptomics works 

(i.e., STAGATE and SiGra) as follows: 

STAGATE and Sigra are two state-of-the-art spatial clustering methods and 

demonstrated the optimal spatial clustering performance. We have compared our 

proposed STMSGAL method with STAGATE on six ST datasets, i.e., Human Breast 

Cancer (Block A Section 1), DLPFC, Adult Mouse Brain (FFPE), Human Breast 

Cancer (Ductal Carcinoma In Situ (DCIS), mouse visual cortex STARmap dataset, 

and the E9.5_E1S1 and E9.5_E2S2 mouse embryos of Stereo-seq. The results 

demonstrated that STMSGAL significantly surpassed STAGATE on the six datasets.  

Moreover, SiGra needs to combine high resolution images for spatial clustering due to 

its special method design. On the above six ST datasets, only DLPFC provides high 

resolution images like “full_image.tif”. Thus, we compared STMSGAL with SiGra 

only on DLPFC because SiGra is not suitable for the other five ST datasets (i.e., 

Human Breast Cancer (Block A Section 1), Adult Mouse Brain (FFPE), Human Breast 

Cancer (Ductal Carcinoma In Situ (DCIS), mouse visual cortex STARmap, and 

Stereo-seq). On DLPFC sections 151508, 151509, and 151510, STMSGAL 

outperformed SiGra. The detailed descriptions are as follows: 

(i) On two datasets with labels (Human Breast Cancer (Block A Section 1) and 

DLPFC), we employed ARI to evaluate the performance of different spatial 

clustering algorithms. The results are shown in the following Tables S1 and S2. On 

Human Breast Cancer (Block A Section 1), our proposed STMSGAL method 

computed the best average ARI and significantly outperformed other 6 benchmarked 

methods including STAGATE. Figure S1 shows cluster assignments generated by 

SCANPY, SEDR, CCST, STAGATE, DeepST, GraphST, and STMSGAL on Human 

Breast Cancer (Block A Section 1). 
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Table S1 Average ARIs computed by STMSGAL and other 6 benchmarked methods 

on Human Breast Cancer (Block A Section 1) 

SCANPY SEDR CCST DeepST STAGATE GraphST 
STMSGAL 

(ours) 

0.471 0.485 0.557 0.6 0.474 0.541 0.606 

SCANPY: ARI=0.471 SEDR: ARI=0.486 CCST: ARI=0.556

DeepST: ARI=0.604 GraphST: ARI=0.541 STMSGAL: ARI=0.606

STAGATE: ARI=0.474

 

Figure S1 Cluster assignments generated by SCANPY, SEDR, CCST, STAGATE, 

DeepST, GraphST, and STMSGAL on Human Breast Cancer (Block A Section 1). 

 

The results from Table S2 demonstrated that STMSGAL obtained the best average 

ARI with 0.492 and outperformed STAGATE and SiGra on DLPFC sections 

151507-151510. And it surpassed STAGATE on DLPFC sections 151507 and 151509, 

along with approximately consistent performance with STAGATE on DLPFC section 

151510. Furthermore, it greatly outperformed SiGra on DLPFC sections 151508, 

151509, and 151510. Figure S2 shows cluster assignments generated by SCANPY, 

SEDR, CCST, DeepST, STAGATE, SiGra, GraphST and STMSGAL in the DLPFC 

section 151509.  

Table S2 Average ARIs computed by STMSGAL and other 7 benchmarked     

methods on DLPFC 

Method Sections Average ARI 
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151507 151508 151509 151510 

SCANPY 0.34 0.302 0.256 0.359 0.314 

SEDR 0.414 0.354 0.380 0.339 0.372 

CCST 0.46 0.405 0.435 0.349 0.412 

DeepST 0.513 0.394 0.417 0.483 0.452 

STAGATE 0.526 0.511 0.469 0.453 0.490 

SiGra 0.546 0.407 0.480 0.446 0.470 

GraphST 0.468 0.489 0.465 0.494 0.479 

STMSGAL 0.533 0.473 0.511 0.452 0.492 

SEDR: ARI=0.414SCANPY: ARI=0.256

DeepST: ARI=0.437 STMSGAL: ARI=0.511

CCST: ARI=0.435

GraphST: ARI=0.460

STAGATE: ARI=0.479

SiGra: ARI=0.480 

Figure S2 Cluster assignments generated by SCANPY, SEDR, CCST, DeepST, 

STAGATE, GraphST, SiGra and STMSGAL in the DLPFC section 151509. 

 

(ii) On two datasets without labels (Adult Mouse Brain (FFPE) and Human 

Breast Cancer (Ductal Carcinoma In Situ (DCIS)), we evaluated the performance 

of STMSGAL and all 6 benchmarked methods including STAGATE by three 

clustering metrics, that is, Davies-Bouldin (DB) score [79], Calinski-Harabasz (CH) 

score [80], and S_Dbw score [81,82] from the perspective of machine learning. Table 

S3 shows the values of the three internal indicators (that is, DB, CH, S_Dbw) on the 

two datasets without labels. High CH as well as low DB and S_Dbw denote better 

clustering performance. The results demonstrated that STMSGAL computed the 

smallest S_Dbw and the largest CH on the two datasets as well as the smallest DB on 
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Adult Mouse Brain (FFPE) and the second smallest DB on Human Breast Cancer 

(DCIS), elucidating its powerful ST clustering performance. Particularly, using DB 

CH, and S_Dbw as evaluation metrics, STMSGAL outperformed STAGATE on the 

two unlabeled datasets. Figures S3 and S4 delineate cluster assignments generated by 

SCANPY, SEDR, CCST, STAGATE, DeepST, GraphST, and STMSGAL on the two 

datasets. 

Table S3 The DB, CH, and S_Dbw values computed by STMSGAL and other 6 

benchmarked methods on the two datasets without labels 

Method 

 Adult Mouse Brain (FFPE) Human Breast Cancer (DCIS) 

DB CH S_Dbw DB CH S_Dbw 

SCANPY 1.422 358.67 0.481 2.069 379.084 0.593 

SEDR 1.951 84.569 0.652 2.627 54.778 0.742 

CCST 1.173 507.421 0.453 1.469 366.83 0.775 

DeepST 1.166 842.033 0.328 1.263 611.567 0.480 

STAGATE 1.467 495.547 0.427 1.916 430.630 0.587 

GraphST 1.454 310.969 0.496 1.996 360.703 0.617 

STMSGAL 

(ours) 
1.155 1010.724 0.311 1.451 1190.85 0.332 

 

SCANPY

STAGATE STMSGALGraphST

DeepST

CCST

SEDR

Figure S3 Cluster assignments generated by SCANPY, SEDR, CCST, STAGATE, 

DeepST, GraphST, and STMSGAL on Human Breast Cancer (Ductal Carcinoma In 

Situ (DCIS)). 
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SCANPY DeepST

STMSGAL(α=0.5)

SEDR

STAGATEGraphST CCST

Allen Reference Atlas

C
DG-sg

Ammon s horn

Figure S4 Cluster assignments generated by SCANPY, SEDR, CCST, STAGATE, 

DeepST, GraphST, and STMSGAL on Adult Mouse Brain (FFPE). 

(iii) On the mouse visual cortex STARmap dataset, we employed ARI to evaluate 

the performance of different spatial clustering algorithms. We compared STMSGAL 

with SCANPY, SEDR, CCST, STAGATE, and GraphST. The results are shown in 

Tables S4 and Figure S5. 

As shown in Table S4, our proposed STMSGAL method showed the best performance 

on data from STARmap, indicating the effectiveness and adaptability of STMSGAL 

for analyzing ST data on STARmap.  

Table S4 Average ARIs computed by STMSGAL and other 5 benchmarked 

methods on STARmap 

SCANPY SEDR CCST STAGATE GraphST STMSGAL(ours) 

0.078 0.312 0.385 0.563 0.362 0.568 

 

Figure S5 Spatial domains identified by SEDR, CCST, STAGATE, GraphST, 

SCANPY, and STMSGAL on the mouse visual cortex STARmap dataset. 

2. From the aspect of ST data, we have added the comparison experiment of 

STMSGAL and STAGATE and GraphST on the E9.5_E1S1 and E9.5_E2S2 

mouse embryos of Stereo-seq. 



7 

The results are shown in Table S5 and Figures S6 and S7. The results demonstrated 

that STMSGAL significantly outperformed STAGATE and GraphST. Figures S6 and 

S7 show tissue domain annotations and the clustering results of STAGATE and 

STMSGAL on the E9.5_E1S1 and E9.5_E2S2 mouse embryos of Stereo-seq. 

The detailed description are as follows: 

Tissue domain annotations of the Stereo-seq dataset were obtained from Ref. “Chen, 

A. et al Spatiotemporal transcriptomic atlas of mouse organogenesis using DNA 

nanoball-patterned arrays. Cell 185, 1777–1792.e21 (2022)”.  

First, we investigated the clustering results of STMSGAL and STAGATE and 

GraphST on the E9.5_E1S1 embryo. As shown in Figure S6, although the original 

annotation had 12 reference clusters, we set the number of clusters in our testing to 20 

to acquire a higher resolution of tissue segmentation. The clusters identified by both 

STAGATE and STMSGAL matched the annotation well. As shown in Table S5, 

however, compared to STAGATE, STMSGAL computed the smallest S_Dbw and the 

highest CH, demonstrating its better spatial clustering performance. 

Next, we compared the clustering results of STMSGAL and STAGATE, GraphST 

and STMSGAL on the E9.5_E2S2 mouse embryo. Here, we set the number of 

clusters to 13, matching the original annotation. The results demonstrated that 

STMSGAL computed the smallest DB and S_Dbw and the highest CH (Table S5). 

STAGATE produced more smoother clusters but failed to reveal any fine-grained 

tissue complexity (Figure S7). For example, STAGATE failed to identify cavity in the 

brain (domain 2). In contrast, STMSGAL’s clusters better matched the annotated 

regions (Figure S7).  

Table S5 The DB, CH, and S_Dbw values computed by STMSGAL and 

STAGATE on the E9.5 mouse embryo data 

Method 

E9.5_E1S1 E9.5_E2S2 

DB CH S_Dbw DB CH S_Dbw 

STAGATE 1.579 582.773 0.585 1.708 603.29 0.608 

GraphST 1.396 686.177 0.549 1.686 563.371 0.632 

STMSGAL 1.957 1915.695 0.355 1.359 1887.00 0.378 
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Figure S6 Tissue domain annotations of the E9.5_E1S1 mouse embryo data and the 

clustering results of STAGATE, GraphST and STMSGAL on Stereo-seq. 

 

Figure S7 Tissue domain annotations of the E9.5_E2S2 mouse embryo and the 

clustering results of STAGATE, GraphST and STMSGAL on Stereo-seq. 

3. From the aspect of ablation study, we have added multiple ablation 
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experiments from four aspects: 

(i) With the additional optimization step on DLPFC vs without the additional 

optimization step on DLPFC 

Since some spots could be erroneously assigned to spatially diametrical domains and 

cause noises during spot embedding feature learning, we used an additional 

optimization step to further optimize spatial clustering results obtained from Louvain 

clustering on the DLPFC dataset.  

To further investigate the effect of the additional optimization step on the spatial 

clustering performance, we compared the performance of STMSGAL with the 

additional optimization step or not on Sections 151507 to 151510 of DLPFC. Table 

S6 gives the ARI values of STMSGAL with the additional optimization step or not on 

DLPFC. The results demonstrated that STMSGAL with the additional optimization 

step significantly outperformed STMSGAL without the step. Thus, the additional 

optimization step could help spatial clustering. 

Table S6 Ablation study on the additional optimization step on DLPFC 

Datasets Strategy ARI 

151507 

Without the additional optimization step 0.509 

With the additional optimization step 0.533 

151508 

Without the additional optimization step 0.450 

With the additional optimization step 0.473 

151509 

Without the additional optimization step 0.484 

With the additional optimization step 0.511 

151510 

Without the additional optimization step 0.430 

With the additional optimization step 0.452 

 

(ii) With the multi-scale strategy vs without the multi-scale strategy 

To analyze the effect of the multi-scale strategy on the spatial clustering performance, 

we compared the difference between individual self-expression layers and multi-scale 

self-expression layers. Table S7 gives the ARI values of STMSGAL with the 

multi-scale strategy or not on the DLPFC sections from 151507 to 151510. We 

applied a controlled variable approach to make the rest modules the same. The results 

indicated that the STMSGAL performance with the multi-scale strategy was better 

than one from single self-expression layer on the four DLPFC sections, verifying that 

the multi-scale strategy fully utilized the embedding features in different layers. In 

addition, the adaptive fusion method still significantly improved the spatial clustering 

performance. 
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Table S7 Ablation study on the multi-scale strategy on DLPFC 

Datasets Strategy ARI 

151507 

Without the multi-scale strategy 0.485 

With the multi-scale strategy 0.533 

151508 

Without the multi-scale strategy 0.394 

With the multi-scale strategy 0.473 

151509 

Without the multi-scale strategy 0.437 

With the multi-scale strategy 0.511 

151510 

Without the multi-scale strategy 0.407 

With the multi-scale strategy 0.452 

 

(iii) With graph attention autoencoder (GATE), multi-scale deep subspace 

clustering, or the self-supervised module, or without any one. 

In our STMSGAL method, the combination of graph attention autoencoder (GATE) 

and multi-scale deep subspace clustering aims to obtain multi-scale feature 

information of spots. The self-supervised module aims to learn robust latent features 

with clustering information for each spot. 

To justify the contribution and necessity of these components, we conducted the 

ablation study to further investigate the effects of GATE, multi-scale deep subspace 

clustering, and the self-supervised module on the spatial clustering performance on 

the DLPFC sections from 151507 to 151510. As shown in Table S8, ℒ1 denotes the 

reconstruction loss of normalized expressions based on GATE. ℒ2 denotes the loss of 

the multi-scale deep subspace clustering module, which contains regularization loss 

ℒreg  and multi-scale self-expression loss ℒmss , and ℒ3  is the loss of the 

self-supervised module. The results are shown in Table S8. 

From Table S8, we found that both the multi-scale deep subspace clustering module 

and the self-supervised module cooperated well with GATE and greatly improved the 

clustering performance. The results demonstrated that the self-supervised module, 

which utilized the clustering labels to self-supervise the learning of spot embeddings, 

obtained more accurate clustering ability. And the multi-scale deep subspace 

clustering module fully utilized the embedded multi-scale information and manifested 

an obvious effect on spatial clustering, suggesting that a proper clustering-oriented 

loss function can efficiently enhance the clustering performance. 

Table S8 Ablation analysis under different loss terms on DLPFC 
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Datasets 

Loss Function 

ARI 

ℒ1 ℒ2 ℒ3 

151507 

√ × × 0.508 

√ √ × 0.518 

√ √ √ 0.533 

151508 

√ × × 0.405 

√ √ × 0.444 

√ √ √ 0.473 

151509 

√ × × 0.392 

√ √ × 0.447 

√ √ √ 0.511 

151510 

√ × × 0.437 

√ √ × 0.442 

√ √ √ 0.452 

 

(iv) We analyzed why to use Louvian clustering on DLPFC, Leiden clustering on 

Human Breast Cancer, and Mclust on STARmap When performing clustering 

again. Tables S9-S11 demonstrated ablation analysis results based on different 

clustering methods when performing clustering again on DLPFC 10x Genomics 

Visium datasets, STARmap, and Human Breast Cancer (Block A Section 1), 

respectively. The results demonstrated that STMSGAL significantly improved ST 

clustering accuracy when using Louvian clustering on DLPFC, Leiden clustering on 

Human Breast Cancer, and Mclust on STARmap. 

Table S9 Ablation analysis under different clustering methods on DLPFC 10x 

Genomics Visium datasets 

Method 

Sections 

Average ARI 

151507 151508 151509 151510 

Louvain clustering 0.533 0.473 0.511 0.452 0.492 
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mclust 0.520 0.475 0.354 0.403 0.438 

Leiden clustering 0.511 0.489 0.471 0.393 0.469 

subspace clustering 0.216 0.325 0.395 0.284 0.294 

 

Table S10 Ablation analysis under different clustering methods on STARmap 

Louvain clustering mclust Leiden clustering subspace clustering 

0.282 0.568 0.273 0.067 

 

Table S11 Ablation analysis under different clustering methods on Human 

Breast Cancer (Block A Section 1) 

Louvain clustering mclust Leiden clustering subspace clustering 

0.534 0.512 0.606 0.588 

 

 

In addition, I have a few editorial points from my side: 

 

- Your paper presents a methodology and it will therefore appear in the "Technical 

Note" section of the journal. Please make sure to click this article type when 

submitting, and format the article according to the guidelines for "Technical Notes" 

(see our homepage). 

Response: We’re very thankful for your patient and meticulous work! We’ll click the 

"Technical Note" section of the journal when submitting the revised manuscript. 

 

- In the data availability section, you mention that raw data you used is available 

"from the original authors" - please provide more details on data access here, i.e. 

please include article citations and public sources for the data, such as accession 

numbers from community-approved repositories. GigaScience is an open science 

journal, and test data needs to be hosted publicly without the need to contact authors 

individually. Should you foresee problems in this respect, please contact us. 

Response: We’re very thankful for your valuable comments! 

⚫ Three available 10x Genomics Visium datasets, i.e., Human Breast Cancer (Block 

A Section 1), Adult Mouse Brain (FFPE) and Human Breast Cancer (Ductal 

Carcinoma In Situ (DCIS)), are collected from the 10x Genomics website at 
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https://support.10xgenomics.com/spatial-gene-expression/datasets.  

⚫ The DLPFC dataset [36] is accessible within the spatialLIBD package  at 

http://spatial.libd.org/spatialLIBD from the following reference:  

Maynard K R, Collado-Torres L, Weber L M, et al. Transcriptome-scale spatial gene 

expression in the human dorsolateral prefrontal cortex[J]. Nature neuroscience, 2021, 

24(3): 425-436. 

⚫ The mouse visual cortex STARmap data [28] is accessible on 

https://www.dropbox.com/sh/f7ebheru1lbz91s/AADm6D54GSEFXB1feRy6OSA

Sa/visual_1020/20180505_BY3_1kgenes?dl=0&subfolder_nav_tracking=1.  

Wang X, Allen W E, Wright M A, et al. Three-dimensional intact-tissue sequencing of 

single-cell transcriptional states[J]. Science, 2018, 361(6400): eaat5691. 

⚫ The Stereo-Seq dataset [59] is obtained by high-resolution full-transcriptome 

coverage technologies  

Chen A, Liao S, Cheng M, et al. Spatiotemporal transcriptomic atlas of mouse 

organogenesis using DNA nanoball-patterned arrays[J]. Cell, 2022, 185(10): 

1777-1792. e21. 

 

In addition, please register any new software application in the bio.tools and 

SciCrunch.org databases to receive RRID (Research Resource Identification Initiative 

ID) and biotoolsID identifiers, and include these in your manuscript. 

Details on data access: 

 Response: Thank you very much! 

We have registered new software applications in the bio.tools and SciCrunch.org 

database. The RRID for this resource is: SCR_025422. The biotoolsID is stmsgal. 

 

If you are able to fully address these points, we would encourage you to submit a 

revised manuscript to GigaScience. Once you have made the necessary corrections, 

please submit online at: 

 

https://www.editorialmanager.com/giga/ 

 

If you have forgotten your username or password please use the "Send Login Details" 

link to get your login information. For security reasons, your password will be reset. 

 

Please include a point-by-point within the 'Response to Reviewers' box in the 

submission system. Please ensure you describe additional experiments that were 

carried out and include a detailed rebuttal of any criticisms or requested revisions that 

you disagreed with. Please also ensure that your revised manuscript conforms to the 

journal style, which can be found in the Instructions for Authors on the journal 

homepage. If the data and code has been modified in the revision process please be 

sure to update the public versions of this too. 

 

http://spatial.libd.org/spatialLIBD
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The due date for submitting the revised version of your article is 09 Jul 2024. 

 

I look forward to receiving your revised manuscript soon. 

 

Best wishes, 

 

Hans Zauner 

Response: We’re very thankful for your valuable comments! We have solved the 

above problems. Please refer to the revised manuscript for the detailed revisions.  
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Reviewer 1 

 

 

Comments to the Corresponding Author: 

This paper presents a well-structured and thoroughly evaluated framework for spatial 

analysis of ST data. It introduces STMSGAL, a novel framework for analyzing ST 

data, which incorporates graph attention autoencoder and multi-scale deep subspace 

clustering. With its robust performance and potential utility in advancing research, 

STMSGAL shows promising results to allow it as a good tool for researchers 

exploring cellular spatial organization and disease pathology. Specifically, I have 

some comments as below: 

Response: We’re very thankful for your valuable comments! Following your valuable 

comments, we have addressed the concerns point-by-point in the revised manuscript 

as follows. 

For Comment 1, please refer to our responses starting from Page 15. 

For Comment 2, please refer to our responses starting from Page 22. 

For Comment 3, please refer to our responses starting from Page 24. 

For Comment 4, please refer to our responses starting from Page 26. 

 

1. The paper provides the evaluation of STMSGAL against five other methods using 

multiple datasets, demonstrating its outperformance across various evaluation metrics 

such as Davies-Bouldin, Calinski-Harabasz, S_Dbw, and ARI values. However, the 

authors lack of comparisons with most recent methods, such as STAGATE (PMID: 

35365632) and SiGra (PMID: 37699885). 

Response: We’re very thankful for your valuable comments! 

STAGATE and Sigra are two state-of-the-art spatial clustering methods and 

demonstrated the optimal spatial clustering performance. We have compared our 

proposed STMSGAL method with STAGATE on six ST datasets, i.e., Human Breast 

Cancer (Block A Section 1), DLPFC, Adult Mouse Brain (FFPE), Human Breast 

Cancer (Ductal Carcinoma In Situ (DCIS), mouse visual cortex STARmap dataset, 

and the E9.5_E1S1 and E9.5_E2S2 mouse embryos of Stereo-seq. The results 

demonstrated that STMSGAL significantly surpassed STAGATE on the six datasets.  

Moreover, Sigra needs to combine high resolution images for spatial clustering due to 

its special method design. On the above six ST datasets, only DLPFC provides high 

resolution images like “full_image.tif”. Thus, we compared STMSGAL with SiGra 

only on DLPFC because SiGra is not suitable for the other four ST datasets (i.e., (i.e., 

Human Breast Cancer (Block A Section 1), Adult Mouse Brain (FFPE), Human Breast 
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Cancer (Ductal Carcinoma In Situ (DCIS), mouse visual cortex STARmap dataset)). 

On DLPFC sections 151508, 151509, and 151510, STMSGAL outperformed SiGra. 

The detailed descriptions are as follows: 

(i) On two datasets with labels (Human Breast Cancer (Block A Section 1) and 

DLPFC), we employed ARI to evaluate the performance of different spatial 

clustering algorithms. The results are shown in the following Tables S1 and S2. On 

Human Breast Cancer (Block A Section 1), our proposed STMSGAL method 

computed the best average ARI and significantly outperformed other 6 benchmarked 

methods including STAGATE. Figure S1 shows cluster assignments generated by 

SCANPY, SEDR, CCST, STAGATE, DeepST, GraphST, and STMSGAL on Human 

Breast Cancer (Block A Section 1). 

Table S1 Average ARIs computed by STMSGAL and other 6 benchmarked methods 

on Human Breast Cancer (Block A Section 1) 

SCANPY SEDR CCST DeepST STAGATE GraphST 
STMSGAL 

(ours) 

0.471 0.485 0.557 0.6 0.474 0.541 0.606 

SCANPY: ARI=0.471 SEDR: ARI=0.486 CCST: ARI=0.556

DeepST: ARI=0.604 GraphST: ARI=0.541 STMSGAL: ARI=0.606

STAGATE: ARI=0.474

 

Figure S1 Cluster assignments generated by SCANPY, SEDR, CCST, STAGATE, 

DeepST, GraphST, and STMSGAL on Human Breast Cancer (Block A Section 1). 

 

The results from Table S2 demonstrated that STMSGAL obtained the best average 

ARI with 0.492 and outperformed all seven methods (i.e., SCANPY, SEDR, CCST, 
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STAGATE, SiGra and GraphST) on DLPFC sections 151507-151510. And it 

surpassed STAGATE on DLPFC sections 151507 and 151509, along with 

approximately consistent performance with STAGATE on DLPFC section 151510. 

Furthermore, it greatly outperformed SiGra on DLPFC sections 151508, 151509, and 

151510. Figure S2 shows cluster assignments generated by SCANPY, SEDR, CCST, 

DeepST, STAGATE, SiGra, GraphST and STMSGAL in the DLPFC section 151509.  

Table S2 Average ARIs computed by STMSGAL and other 7 benchmarked     

methods on DLPFC 

Method 

Sections 

Average ARI 

151507 151508 151509 151510 

SCANPY 0.34 0.302 0.256 0.359 0.314 

SEDR 0.414 0.354 0.380 0.339 0.372 

CCST 0.46 0.405 0.435 0.349 0.412 

DeepST 0.513 0.394 0.417 0.483 0.452 

STAGATE 0.526 0.511 0.469 0.453 0.490 

SiGra 0.546 0.407 0.480 0.446 0.470 

GraphST 0.468 0.489 0.465 0.494 0.479 

STMSGAL 0.533 0.473 0.511 0.452 0.492 

SEDR: ARI=0.414SCANPY: ARI=0.256

DeepST: ARI=0.437 STMSGAL: ARI=0.511

CCST: ARI=0.435

GraphST: ARI=0.460

STAGATE: ARI=0.479

SiGra: ARI=0.480 

Figure S2 Cluster assignments generated by SCANPY, SEDR, CCST, DeepST, 

STAGATE, GraphST, SiGra and STMSGAL in the DLPFC section 151509. 
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(ii) On two datasets without labels (Adult Mouse Brain (FFPE) and Human 

Breast Cancer (Ductal Carcinoma In Situ (DCIS)), we evaluated the performance 

of STMSGAL and all 6 benchmarked methods including STAGATE by three 

clustering metrics, that is, Davies-Bouldin (DB) score [79], Calinski-Harabasz (CH) 

score [80], and S_Dbw score [81,82] from the perspective of machine learning. Table 

S3 shows the values of the three internal indicators (that is, DB, CH, S_Dbw) on the 

two datasets without labels. High CH as well as low DB and S_Dbw denote better 

clustering performance. The results demonstrated that STMSGAL computed the 

smallest S_Dbw and the largest CH on the two datasets as well as the smallest DB on 

Adult Mouse Brain (FFPE) and the second smallest DB on Human Breast Cancer 

(DCIS), elucidating its powerful ST clustering performance. Particularly, using DB 

CH, and S_Dbw as evaluation metrics, STMSGAL outperformed STAGATE on the 

two unlabeled datasets. Figures S3 and S4 delineate cluster assignments generated by 

SCANPY, SEDR, CCST, STAGATE, DeepST, GraphST, and STMSGAL on the two 

datasets. 

Table S3 The DB, CH, and S_Dbw values computed by STMSGAL and other 6 

benchmarked methods on the two datasets without labels 

Method 

 Adult Mouse Brain (FFPE) Human Breast Cancer (DCIS) 

DB CH S_Dbw DB CH S_Dbw 

SCANPY 1.422 358.67 0.481 2.069 379.084 0.593 

SEDR 1.951 84.569 0.652 2.627 54.778 0.742 

CCST 1.173 507.421 0.453 1.469 366.83 0.775 

DeepST 1.166 842.033 0.328 1.263 611.567 0.480 

STAGATE 1.467 495.547 0.427 1.916 430.630 0.587 

GraphST 1.454 310.969 0.496 1.996 360.703 0.617 

STMSGAL(ours) 1.155 1010.724 0.311 1.451 1190.85 0.332 
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SCANPY

STAGATE STMSGALGraphST

DeepST

CCST

SEDR

Figure S3 Cluster assignments generated by SCANPY, SEDR, CCST, STAGATE, 

DeepST, GraphST, and STMSGAL on Human Breast Cancer (Ductal Carcinoma In 

Situ (DCIS)). 
SCANPY DeepST

STMSGAL(α=0.5)

SEDR

STAGATEGraphST CCST

Allen Reference Atlas

C
DG-sg

Ammon s horn

Figure S4 Cluster assignments generated by SCANPY, SEDR, CCST, STAGATE, 

DeepST, GraphST, and STMSGAL on Adult Mouse Brain (FFPE). 

(iii) On the mouse visual cortex STARmap dataset, we employed ARI to evaluate 

the performance of different spatial clustering algorithms. We compared STMSGAL 

with SCANPY, SEDR, CCST, STAGATE, and GraphST. The results are shown in 

Tables S4 and Figure S5. 

As shown in Table S4, our proposed STMSGAL method showed the best performance 

on data from STARmap, indicating the effectiveness and adaptability of STMSGAL 

for analyzing ST data on STARmap.  

Table S4 Average ARIs computed by STMSGAL and other 5 benchmarked 

methods on STARmap 



20 

SCANPY SEDR CCST STAGATE GraphST STMSGAL(ours) 

0.078 0.312 0.385 0.563 0.362 0.568 

 

Figure S5 Spatial domains identified by SEDR, CCST, STAGATE, GraphST, 

SCANPY, and STMSGAL on the mouse visual cortex STARmap dataset. 

(iv) On the E9.5_E1S1 and E9.5_E2S2 mouse embryos of Stereo-seq, we have 

added comparison experiments for our proposed STMSGAL method with STAGATE 

and GraphST. The results are shown in Table S5 and Figures S6 and S7. The results 

demonstrated that STMSGAL significantly outperformed STAGATE and GraphST. 

Figures S6 and S7 show tissue domain annotations and the clustering results of 

STAGATE and STMSGAL on the E9.5_E1S1 and E9.5_E2S2 mouse embryos of 

Stereo-seq. 

The detailed description are as follows: 

Tissue domain annotations of the Stereo-seq dataset were obtained from Ref. “Chen, 

A. et al Spatiotemporal transcriptomic atlas of mouse organogenesis using DNA 

nanoball-patterned arrays. Cell 185, 1777–1792.e21 (2022)”.  

First, we investigated the clustering results of STMSGAL and STAGATE and 

GraphST on the E9.5_E1S1 embryo. As shown in Figure S6, although the original 

annotation had 12 reference clusters, we set the number of clusters in our testing to 20 

to acquire a higher resolution of tissue segmentation. The clusters identified by both 

STAGATE and STMSGAL matched the annotation well. As shown in Table S5, 

however, compared to STAGATE, STMSGAL computed the smallest S_Dbw and the 

highest CH, demonstrating its better spatial clustering performance. 

Next, we compared the clustering results of STMSGAL and STAGATE, GraphST 

and STMSGAL on the E9.5_E2S2 mouse embryo. Here, we set the number of 

clusters to 13, matching the original annotation. The results demonstrated that 

STMSGAL computed the smallest DB and S_Dbw and the highest CH (Table S5). 

STAGATE produced more smoother clusters but failed to reveal any fine-grained 

tissue complexity (Figure S7). For example, STAGATE failed to identify cavity in the 

brain (domain 2). In contrast, STMSGAL’s clusters better matched the annotated 

regions (Figure S7).  

Table S5 The DB, CH, and S_Dbw values computed by STMSGAL and 
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STAGATE on the E9.5 mouse embryo data 

Method 

E9.5_E1S1 E9.5_E2S2 

DB CH S_Dbw DB CH S_Dbw 

STAGATE 1.579 582.773 0.585 1.708 603.29 0.608 

GraphST 1.396 686.177 0.549 1.686 563.371 0.632 

STMSGAL 1.957 1915.695 0.355 1.359 1887.00 0.378 

 

Figure S6 Tissue domain annotations of the E9.5_E1S1 mouse embryo data and the 

clustering results of STAGATE, GraphST and STMSGAL on Stereo-seq. 
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Figure S7 Tissue domain annotations of the E9.5_E2S2 mouse embryo and the 

clustering results of STAGATE, GraphST and STMSGAL on Stereo-seq. 

 

2. When evaluating the performance of STMSGAL, the authors only include the 

DLPFC visium datasets and two other separate datasets. More evaluation datasets 

may be needed to ensure a robust, unbiased, and generalizable performance. 

Response: We’re very thankful for your valuable comments!  

Following your comments, we have added comparison experiments about our 

proposed STMSGAL with recent works STAGATE and GraphST on the Stereo-seq 

dataset from mouse embryos at E9.5 as follows: 

On the E9.5_E1S1 and E9.5_E2S2 mouse embryos of Stereo-seq, we have added 

comparison experiments for our proposed STMSGAL method with STAGATE and 

GraphST. The results are shown in Table S6 and Figures S8 and S9. The results 

demonstrated that STMSGAL significantly outperformed STAGATE and GraphST. 

Figures S8 and S9 show tissue domain annotations and the clustering results of 

STAGATE and STMSGAL on the E9.5_E1S1 and E9.5_E2S2 mouse embryos of 

Stereo-seq. The detailed description are as follows: 

Tissue domain annotations of the Stereo-seq dataset were obtained from Ref. “Chen, 

A. et al Spatiotemporal transcriptomic atlas of mouse organogenesis using DNA 

nanoball-patterned arrays. Cell 185, 1777–1792.e21 (2022)”.  
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First, we investigated the clustering results of STMSGAL and STAGATE and 

GraphST on the E9.5_E1S1 embryo. As shown in Figure S8, although the original 

annotation had 12 reference clusters, we set the number of clusters in our testing to 20 

to acquire a higher resolution of tissue segmentation. The clusters identified by both 

STAGATE and STMSGAL matched the annotation well. As shown in Table S6, 

however, compared to STAGATE, STMSGAL computed the smallest S_Dbw and the 

highest CH, demonstrating its better spatial clustering performance. 

Next, we compared the clustering results of STMSGAL and STAGATE, GraphST 

and STMSGAL on the E9.5_E2S2 mouse embryo. Here, we set the number of 

clusters to 13, matching the original annotation. The results demonstrated that 

STMSGAL computed the smallest DB and S_Dbw and the highest CH (Table S6). 

STAGATE produced more smoother clusters but failed to reveal any fine-grained 

tissue complexity (Figure S9). For example, STAGATE failed to identify cavity in 

the brain (domain 2). In contrast, STMSGAL’s clusters better matched the annotated 

regions (Figure S9).  

Table S6 The DB, CH, and S_Dbw values computed by STMSGAL and 

STAGATE on the E9.5 mouse embryo data 

Method 

E9.5_E1S1 E9.5_E2S2 

DB CH S_Dbw DB CH S_Dbw 

STAGATE 1.579 582.773 0.585 1.708 603.29 0.608 

GraphST 1.396 686.177 0.549 1.686 563.371 0.632 

STMSGAL 1.957 1915.695 0.355 1.359 1887.00 0.378 
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Figure S8 Tissue domain annotations of the E9.5_E1S1 mouse embryo data and the 

clustering results of STAGATE, GraphST and STMSGAL on Stereo-seq. 

 

Figure S9 Tissue domain annotations of the E9.5_E2S2 mouse embryo and the 

clustering results of STAGATE, GraphST and STMSGAL on Stereo-seq. 

 

3. STMSGAL incorporates different components in the framework, such as the graph 

attention autoencoder and multi-scale deep subspace clustering. Ablation study may 

be needed to justify the contribution and necessity of these components. 

Response: We're very thankful for your comments.  

In our STMSGAL method, the combination of graph attention autoencoder (GATE) 

and multi-scale deep subspace clustering aims to obtain multi-scale feature 

information of spots. The self-supervised module aims to learn robust latent features 

with clustering information for each spot. 

To justify the contribution and necessity of these components, we conducted the 

ablation study to further investigate the effects of GATE, multi-scale deep subspace 

clustering, and the self-supervised module on the spatial clustering performance on 

the DLPFC sections from 151507 to 151510. As shown in Table S5, ℒ1 denotes the 

reconstruction loss of normalized expressions based on GATE. ℒ2 denotes the loss of 

the multi-scale deep subspace clustering module, which contains regularization loss 

ℒreg  and multi-scale self-expression loss ℒmss , and ℒ3  is the loss of the 

self-supervised module. The results are shown in Table S7. 
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From Table S6, we found that both the multi-scale deep subspace clustering module 

and the self-supervised module cooperated well with GATE and greatly improved the 

clustering performance. The results demonstrated that the self-supervised module, 

which utilized the clustering labels to self-supervise the learning of spot embeddings, 

obtained more accurate clustering ability. And the multi-scale deep subspace 

clustering module fully utilized the embedded multi-scale information and manifested 

an obvious effect on spatial clustering, suggesting that a proper clustering-oriented 

loss function can efficiently enhance the clustering performance. 

Table S7 Ablation study on different loss terms 

Datasets 

Loss Function 

ARI 

ℒ1 ℒ2 ℒ3 

151507 

√ × × 0.508 

√ √ × 0.518 

√ √ √ 0.533 

151508 

√ × × 0.405 

√ √ × 0.444 

√ √ √ 0.473 

151509 

√ × × 0.392 

√ √ × 0.447 

√ √ √ 0.511 

151510 

√ × × 0.437 

√ √ × 0.442 

√ √ √ 0.452 

 

To analyze the effect of the multi-scale strategy on the spatial clustering performance, 

we compared the difference between individual self-expression layers and multi-scale 

self-expression layers. Table S8 gives the ARI values of STMSGAL with the 

multi-scale strategy or not on the DLPFC sections from 151507 to 151510. We 

applied a controlled variable approach to make the rest modules the same. The results 

indicated that the STMSGAL performance with the multi-scale strategy was better 

than one from single self-expression layer on the four DLPFC sections, verifying that 

the multi-scale strategy fully utilized the embedding features in different layers. In 

addition, the adaptive fusion method still significantly improved the spatial clustering 
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performance. 

Table S8 Ablation study on the multi-scale strategy on DLPFC 

Datasets Strategy ARI 

151507 

Without the multi-scale strategy 0.485 

With the multi-scale strategy 0.533 

151508 

Without the multi-scale strategy 0.394 

With the multi-scale strategy 0.473 

151509 

Without the multi-scale strategy 0.437 

With the multi-scale strategy 0.511 

151510 

Without the multi-scale strategy 0.407 

With the multi-scale strategy 0.452 

 

4. Currently there are many tools developed for spatial domain identification, I 

recommend the authors to discuss the anticipated impact of STMSGAL, as well as 

potential points for future/further refinement of this tool. 

Response: We’re very thankful for your comments!  

1) In Section “Discussion”, we have added the discussion about the anticipated 

impact of STMSGAL as follows: 

In summary, STMSGAL is a powerful spatial clustering framework that constructs an 

integrated representation for spots by aggregating both transcriptomic data and spatial 

context. STMSGAL derived low-dimensional embedding, enabling to conduct spatial 

clustering and trajectory inference more accurately. Moreover, STMSGAL facilitates 

to decipher new principles in spatially organized context. 

2) In Section “Discussion”, we have added the discussion about potential points 

for future refinement of STMSGAL as follows: 

Although STMSGAL achieved accurate spatial clustering performance, the deep 

subspace clustering algorithm can be further developed. In the near future, motivated 

by the linkages between spatial domain identification and single-cell segmentation 

used to image-based ST data, we anticipate that STMSGAL can be further extended 

for single-cell segmentation task applied to the subcellular resolution technologies. 

We also hope to enhance its applicability on other datasets generated by new 

sequencing technologies. 

Moreover, self-supervised learning can effectively learn spot representations, but 

optimizing the spot representations by combining the pseudo labels can promote the 

convergence of the model. The contrastive learning algorithm is a promising 

paradigm of the self-supervised learning model. In the future, we will introduce 
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contrastive learning to facilitate spot representation learning and spatial clustering. 

Finally, the accumulation of ST data generates spatial omics big data, which pose 

many technical challenges to data integration and analysis. To enable STMSGAL to 

deal with larger datasets, we will further alleviate the computational burden of 

STMSGAL using a graph convolutional network mini-batch or parallel techniques to 

construct large-scale graphs for spatial omics data. 
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Reviewer 2 

 

 

Comments to the Corresponding Author: 

This paper introduces a tool, STMSGAL that generates spatial context-aware 

embeddings for spots in spatial transcriptomics data. The tool mainly contains three 

components, a cell type-aware neighborhood graph, a graph attention network, and a 

subspace clustering network. The tool is tested on some 10X Visium and STARmap 

data and compared to several existing methods. 

Response: We’re very thankful for your valuable comments! Following your valuable 

comments, we have addressed the concerns point-by-point in the revised manuscript 

as follows. 

For Comment 1, please refer to our responses starting from Page 28. 

For Comment 2, please refer to our responses starting from Page 35. 

For Comment 3, please refer to our responses starting from Page 35. 

For Comment 4, please refer to our responses starting from Page 42. 

For Comment 5, please refer to our responses starting from Page 44. 

 

1. Many parts of the proposed method, except the multi-scale deep subspace 

clustering part, seem to largely resemble STAGATE, which uses a cell type-aware 

spatial graph and a graph attention autoencoder. While STAGATE is briefly 

mentioned in Introduction, the differences and relations should be clarified in detail in 

the Methods section as well. 

Response: Thank you very much!  

Both STAGATE and STMSGAL (our proposed method) constructed a cell type-aware 

spatial neighbor network and embedding feature matrix using a graph attention 

autoencoder. However, differed from STAGATE, our proposed STMSGAL method 

used multi-scale deep subspace clustering algorithm to obtain cluster labels of spots 

and a self-supervised module to learn spot robust latent features.  

We have revised the description as follows: 

Similar to STAGATE [39], STMSGAL still constructs a ctaSNN and embedding 

feature matrix using GATE. However, differed from STAGATE, STMSGAL uses 

multi-scale deep subspace clustering algorithm to obtain cluster labels of spots and a 

self-supervised module to learn spot robust latent features. 

In addition, we have added multiple experiments to compare the performance of 
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STMSGAL and STAGATE. The detailed experiments are described as follows: 

STAGATE is a state-of-the-art spatial clustering method and demonstrated the optimal 

spatial clustering performance. We have compared our proposed STMSGAL method 

with STAGATE on six ST datasets (i.e., Human Breast Cancer (Block A Section 1), 

DLPFC, Adult Mouse Brain (FFPE), Human Breast Cancer (Ductal Carcinoma In 

Situ (DCIS), mouse visual cortex STARmap dataset, and Stereo-seq). The results 

demonstrated that STMSGAL significantly surpassed STAGATE on the six datasets.  

(i) On two datasets with labels (Human Breast Cancer (Block A Section 1) and 

DLPFC), we evaluated the performance of our proposed STMAGAL and STAGATE. 

The results are shown in the following Tables S9 and S10. On Human Breast Cancer 

(Block A Section 1), our proposed STMSGAL method computed the best average ARI 

and significantly outperformed other 6 benchmarked methods including STAGATE. 

Figure S10 shows cluster assignments generated by SCANPY, SEDR, CCST, 

STAGATE, DeepST, GraphST, and STMSGAL on Human Breast Cancer (Block A 

Section 1). 

Table S9 Average ARIs computed by STMSGAL and other 6 benchmarked methods 

on Human Breast Cancer (Block A Section 1) 

SCANPY SEDR CCST DeepST STAGATE GraphST 
STMSGAL 

(ours) 

0.471 0.485 0.557 0.6 0.474 0.541 0.606 

SCANPY: ARI=0.471 SEDR: ARI=0.486 CCST: ARI=0.556

DeepST: ARI=0.604 GraphST: ARI=0.541 STMSGAL: ARI=0.606

STAGATE: ARI=0.474

 

Figure S10 Cluster assignments generated by SCANPY, SEDR, CCST, STAGATE, 
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DeepST, GraphST, and STMSGAL on Human Breast Cancer (Block A Section 1). 

 

The results from Table S10 demonstrated that STMSGAL obtained the best average 

ARI with 0.492 and outperformed all seven methods (i.e., SCANPY, SEDR, CCST, 

STAGATE, SiGra and GraphST) on DLPFC sections 151507-151510. And it 

surpassed STAGATE on DLPFC sections 151507 and 151509, along with 

approximately consistent performance with STAGATE on DLPFC section 151510.  

Table S10 Average ARIs computed by STMSGAL and other 7 benchmarked     

methods on DLPFC 

Method 

Sections 

Average ARI 

151507 151508 151509 151510 

SCANPY 0.34 0.302 0.256 0.359 0.314 

SEDR 0.414 0.354 0.380 0.339 0.372 

CCST 0.46 0.405 0.435 0.349 0.412 

DeepST 0.513 0.394 0.417 0.483 0.452 

STAGATE 0.526 0.511 0.469 0.453 0.490 

SiGra 0.546 0.407 0.480 0.446 0.470 

GraphST 0.468 0.489 0.465 0.494 0.479 

STMSGAL 0.533 0.473 0.511 0.452 0.492 

SEDR: ARI=0.414SCANPY: ARI=0.256

DeepST: ARI=0.437 STMSGAL: ARI=0.511

CCST: ARI=0.435

GraphST: ARI=0.460

STAGATE: ARI=0.479

SiGra: ARI=0.480 
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Figure S11 Cluster assignments generated by SCANPY, SEDR, CCST, DeepST, 

STAGATE, GraphST, SiGra and STMSGAL in the DLPFC section 151509. 

 

(ii) On two datasets without labels (Adult Mouse Brain (FFPE) and Human 

Breast Cancer (Ductal Carcinoma In Situ (DCIS)), we evaluated the performance 

of STMSGAL and all 6 benchmarked methods including STAGATE by three 

clustering metrics, that is, Davies-Bouldin (DB) score [75], Calinski-Harabasz (CH) 

score [76], and S_Dbw score [77,78] from the perspective of machine learning. Table 

S11 shows the values of the three internal indicators (that is, DB, CH, S_Dbw) on the 

two datasets without labels. High CH as well as low DB and S_Dbw denote better 

clustering performance. The results demonstrated that STMSGAL computed the 

smallest S_Dbw and the largest CH on the two datasets as well as the smallest DB on 

Adult Mouse Brain (FFPE) and the second smallest DB on Human Breast Cancer 

(DCIS), elucidating its powerful ST clustering performance. Particularly, using DB 

CH, and S_Dbw as evaluation metrics, STMSGAL outperformed STAGATE on the 

two unlabeled datasets. Figures S12 and S13 delineate cluster assignments generated 

by SCANPY, SEDR, CCST, STAGATE, DeepST, GraphST, and STMSGAL on the 

two datasets. 

Table S11 The DB, CH, and S_Dbw values computed by STMSGAL and other 6 

benchmarked methods on the two datasets without labels 

Method 

 Adult Mouse Brain (FFPE) Human Breast Cancer (DCIS) 

DB CH S_Dbw DB CH S_Dbw 

SCANPY 1.422 358.67 0.481 2.069 379.084 0.593 

SEDR 1.951 84.569 0.652 2.627 54.778 0.742 

CCST 1.173 507.421 0.453 1.469 366.83 0.775 

DeepST 1.166 842.033 0.328 1.263 611.567 0.480 

STAGATE 1.467 495.547 0.427 1.916 430.630 0.587 

GraphST 1.454 310.969 0.496 1.996 360.703 0.617 

STMSGAL 

(ours) 
1.155 1010.724 0.311 1.451 1190.85 0.332 
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Figure S12 Cluster assignments generated by SCANPY, SEDR, CCST, STAGATE, 

DeepST, GraphST, and STMSGAL on Human Breast Cancer (Ductal Carcinoma In 

Situ (DCIS)). 
SCANPY DeepST

STMSGAL(α=0.5)

SEDR

STAGATEGraphST CCST

Allen Reference Atlas

C
DG-sg

Ammon s horn

 
Figure S13 Cluster assignments generated by SCANPY, SEDR, CCST, STAGATE, 

DeepST, GraphST, and STMSGAL on Adult Mouse Brain (FFPE). 

(iii) On the mouse visual cortex STARmap dataset, we employed ARI to evaluate 

the performance of different spatial clustering algorithms. We compared STMSGAL 

with SCANPY, SEDR, CCST, STAGATE, and GraphST. The results are shown in 

Tables S12 and Figure S14. 

As shown in Table S12, our proposed STMSGAL method showed the best 

performance on data from STARmap, indicating the effectiveness and adaptability of 

STMSGAL for analyzing ST data on STARmap.  

Table S12 Average ARIs computed by STMSGAL and other 5 benchmarked 

methods on STARmap 
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SCANPY SEDR CCST STAGATE GraphST STMSGAL(ours) 

0.078 0.312 0.385 0.563 0.362 0.568 

 

Figure S14 Spatial domains identified by SEDR, CCST, STAGATE, GraphST, 

SCANPY, and STMSGAL on the mouse visual cortex STARmap dataset. 

(iv) On the E9.5_E1S1 and E9.5_E2S2 mouse embryos of Stereo-seq, we have 

added comparison experiments for our proposed STMSGAL method with STAGATE 

and GraphST. The results are shown in Table S13 and Figures S15 and S16. The 

results demonstrated that STMSGAL significantly outperformed STAGATE and 

GraphST. Figures S6 and S7 show tissue domain annotations and the clustering 

results of STAGATE and STMSGAL on the E9.5_E1S1 and E9.5_E2S2 mouse 

embryos of Stereo-seq. 

The detailed description are as follows: 

Tissue domain annotations of the Stereo-seq dataset were obtained from Ref. “Chen, 

A. et al Spatiotemporal transcriptomic atlas of mouse organogenesis using DNA 

nanoball-patterned arrays. Cell 185, 1777–1792.e21 (2022)”.  

First, we investigated the clustering results of STMSGAL and STAGATE and 

GraphST on the E9.5_E1S1 embryo. As shown in Figure S15, although the original 

annotation had 12 reference clusters, we set the number of clusters in our testing to 20 

to acquire a higher resolution of tissue segmentation. The clusters identified by both 

STAGATE and STMSGAL matched the annotation well. As shown in Table S13, 

however, compared to STAGATE, STMSGAL computed the smallest S_Dbw and the 

highest CH, demonstrating its better spatial clustering performance. 

Next, we compared the clustering results of STMSGAL and STAGATE, GraphST and 

STMSGAL on the E9.5_E2S2 mouse embryo. Here, we set the number of clusters to 

13, matching the original annotation. The results demonstrated that STMSGAL 

computed the smallest DB and S_Dbw and the highest CH (Table S13). STAGATE 

produced more smoother clusters but failed to reveal any fine-grained tissue 

complexity (Figure S16). For example, STAGATE failed to identify cavity in the 

brain (domain 2). In contrast, STMSGAL’s clusters better matched the annotated 

regions (Figure S16).  

Table S13 The DB, CH, and S_Dbw values computed by STMSGAL and 
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STAGATE on the E9.5 mouse embryo data 

Method 

E9.5_E1S1 E9.5_E2S2 

DB CH S_Dbw DB CH S_Dbw 

STAGATE 1.579 582.773 0.585 1.708 603.29 0.608 

GraphST 1.396 686.177 0.549 1.686 563.371 0.632 

STMSGAL 1.957 1915.695 0.355 1.359 1887.00 0.378 

 

Figure S15 Tissue domain annotations of the E9.5_E1S1 mouse embryo data and the 

clustering results of STAGATE, GraphST and STMSGAL on Stereo-seq. 
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Figure S16 Tissue domain annotations of the E9.5_E2S2 mouse embryo and the 

clustering results of STAGATE, GraphST and STMSGAL on Stereo-seq. 

 

2. The neural network part looks very similar to the method described in reference 

[51]. It is mentioned in "Latent embedding feature learning" section, that this 

approach is inspired by [51]. It should be clarified if the approach utilizes the method 

described in [51] or is it a novel extension inspired by [51]. 

Response: We’re very thankful for your valuable comments! 

STMSGAL utilized the method described in [51] for spatial clustering. We have 

revised the description in the revised manuscript as follows: 

Wang et al. [53] presented a multi-scale graph attention subspace clustering model 

and obtained superior performance on three graph datasets and two real-world 

datasets. The clustering model fully explored the associations between node 

representations in all encoder layers and obtained more accurate self-expression 

coefficient matrix. To more accurately cluster spots, in this section, we utilize the 

multi-scale graph attention subspace clustering model [53] to learn latent embedding 

features of spots. 

 

3. Due to the previous concerns, the contribution of STMSGAL is rather unclear 

given the current benchmark and comparison results. On the benchmark side, there 

are many different technologies but only two (Visium and STARmap) are used here. 
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Regarding comparison, STAGATE should at least be added to the compared methods 

due to the similarity in approaches. A recent work (Yuan, Zhiyuan, et al. 

"Benchmarking spatial clustering methods with spatially resolved transcriptomics 

data." Nature Methods (2024): 1-11.) systematically benchmarked a collection of 

clustering methods for spatial transcriptomics data. I suggest the authors to use some 

of the datasets in this benchmark paper to extend the current benchmark to more 

technologies, and add comparisons to the top performers according to the benchmark 

paper. 

Response: We’re very thankful for your valuable comments!  

Particularly, Yuan et al. [54] considered that current computation-based ST clustering 

is lack of a comprehensive benchmark and have systematically benchmarked a col- 

lection of 13 spatial clustering methods on 7 ST datasets (34 ST data). Their work has 

provided guidance for future progresses in the ST data analysis field. 

Following your comments, from the aspect of benchmark data, we have added 

comparison experiments for all methods on the E9.5_E1S1 and E9.5_E2S2 mouse 

embryos of Stereo-seq. From the aspect of the compared methods, we have added the 

comparison experiments for our proposed STMSGAL and two recent works 

STAGATE and SiGra on multiple dataset as follows: 

 (i) Adding benchmark data and compared method on Stereo-seq: we have added 

comparison experiments for all methods on the E9.5_E1S1 and E9.5_E2S2 mouse 

embryos of Stereo-seq except Visium and STARmap. 

Tissue domain annotations of the Stereo-seq dataset were obtained from Ref. “Chen, 

A. et al Spatiotemporal transcriptomic atlas of mouse organogenesis using DNA 

nanoball-patterned arrays. Cell 185, 1777–1792.e21 (2022)”.  

First, we investigated the clustering results of STMSGAL and STAGATE and 

GraphST on the E9.5_E1S1 embryo. As shown in Figure S17, although the original 

annotation had 12 reference clusters, we set the number of clusters in our testing to 20 

to acquire a higher resolution of tissue segmentation. The clusters identified by both 

STAGATE and STMSGAL matched the annotation well. As shown in Table S14, 

however, compared to STAGATE, STMSGAL computed the smallest S_Dbw and the 

highest CH, demonstrating its better spatial clustering performance. 

Next, we compared the clustering results of STMSGAL and STAGATE, GraphST and 

STMSGAL on the E9.5_E2S2 mouse embryo. Here, we set the number of clusters to 

13, matching the original annotation. The results demonstrated that STMSGAL 

computed the smallest DB and S_Dbw and the highest CH (Table S14). STAGATE 

produced more smoother clusters but failed to reveal any fine-grained tissue 

complexity (Figure S18). For example, STAGATE failed to identify cavity in the 

brain (domain 2). In contrast, STMSGAL’s clusters better matched the annotated 

regions (Figure S18).  

Table S14 The DB, CH, and S_Dbw values computed by STMSGAL and 
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STAGATE on the E9.5 mouse embryo data 

Method 

E9.5_E1S1 E9.5_E2S2 

DB CH S_Dbw DB CH S_Dbw 

STAGATE 1.579 582.773 0.585 1.708 603.29 0.608 

GraphST 1.396 686.177 0.549 1.686 563.371 0.632 

STMSGAL 1.957 1915.695 0.355 1.359 1887.00 0.378 

 

Figure S17 Tissue domain annotations of the E9.5_E1S1 mouse embryo data and the 

clustering results of STAGATE, GraphST and STMSGAL on Stereo-seq. 
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Figure S18 Tissue domain annotations of the E9.5_E2S2 mouse embryo and the 

clustering results of STAGATE, GraphST and STMSGAL on Stereo-seq. 

(ii) Adding compared methods on six ST datasets: From the aspect of the compared 

methods, we have added the comparison experiments for our proposed STMSGAL 

and two recent works STAGATE and SiGra on multiple dataset. 

STAGATE is a state-of-the-art spatial clustering method and demonstrated the optimal 

spatial clustering performance. We have compared our proposed STMSGAL method 

with STAGATE on six ST datasets (i.e., Human Breast Cancer (Block A Section 1), 

DLPFC, Adult Mouse Brain (FFPE), Human Breast Cancer (Ductal Carcinoma In 

Situ (DCIS), and mouse visual cortex STARmap dataset) except the above mentioned 

Stereo-seq. The results demonstrated that STMSGAL significantly surpassed 

STAGATE on the five datasets.  

a) On two datasets with labels (Human Breast Cancer (Block A Section 1) and 

DLPFC), we evaluated the performance of our proposed STMAGAL and STAGATE. 

The results are shown in the following Tables S15 and S16. On Human Breast Cancer 

(Block A Section 1), our proposed STMSGAL method computed the best average ARI 

and significantly outperformed STAGATE. Figure S19 shows cluster assignments 

generated by STAGATE and STMSGAL on Human Breast Cancer (Block A Section 

1). 

Table S15 Average ARIs computed by STMSGAL and other 6 benchmarked methods 

on Human Breast Cancer (Block A Section 1) 
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SCANPY SEDR CCST DeepST STAGATE GraphST 
STMSGAL 

(ours) 

0.471 0.485 0.557 0.6 0.474 0.541 0.606 

SCANPY: ARI=0.471 SEDR: ARI=0.486 CCST: ARI=0.556

DeepST: ARI=0.604 GraphST: ARI=0.541 STMSGAL: ARI=0.606

STAGATE: ARI=0.474

 

Figure S19 Cluster assignments generated by SCANPY, SEDR, CCST, STAGATE, 

DeepST, GraphST, and STMSGAL on Human Breast Cancer (Block A Section 1). 

 

The results from Table S16 demonstrated that STMSGAL obtained the best average 

ARI with 0.492 and outperformed all seven methods (i.e., SCANPY, SEDR, CCST, 

STAGATE, SiGra and GraphST) on DLPFC sections 151507-151510. And it 

surpassed STAGATE on DLPFC sections 151507 and 151509, along with 

approximately consistent performance with STAGATE on DLPFC section 151510.  

Table S16 Average ARIs computed by STMSGAL and other 7 benchmarked     

methods on DLPFC 

Method 

Sections 

Average ARI 

151507 151508 151509 151510 

SCANPY 0.34 0.302 0.256 0.359 0.314 

SEDR 0.414 0.354 0.380 0.339 0.372 
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CCST 0.46 0.405 0.435 0.349 0.412 

DeepST 0.513 0.394 0.417 0.483 0.452 

STAGATE 0.526 0.511 0.469 0.453 0.490 

SiGra 0.546 0.407 0.480 0.446 0.470 

GraphST 0.468 0.489 0.465 0.494 0.479 

STMSGAL 0.533 0.473 0.511 0.452 0.492 

SEDR: ARI=0.414SCANPY: ARI=0.256

DeepST: ARI=0.437 STMSGAL: ARI=0.511

CCST: ARI=0.435

GraphST: ARI=0.460

STAGATE: ARI=0.479

SiGra: ARI=0.480 

Figure S20 Cluster assignments generated by SCANPY, SEDR, CCST, DeepST, 

STAGATE, GraphST, SiGra and STMSGAL in the DLPFC section 151509. 

 

b) On two datasets without labels (Adult Mouse Brain (FFPE) and Human 

Breast Cancer (Ductal Carcinoma In Situ (DCIS)), we evaluated the performance 

of STMSGAL and all 6 benchmarked methods including STAGATE by three 

clustering metrics, that is, Davies-Bouldin (DB) score [79], Calinski-Harabasz (CH) 

score [80], and S_Dbw score [81,82] from the perspective of machine learning. Table 

S17 shows the values of the three internal indicators (that is, DB, CH, S_Dbw) on the 

two datasets without labels. High CH as well as low DB and S_Dbw denote better 

clustering performance. The results demonstrated that STMSGAL computed the 

smallest S_Dbw and the largest CH on the two datasets as well as the smallest DB on 

Adult Mouse Brain (FFPE) and the second smallest DB on Human Breast Cancer 

(DCIS), elucidating its powerful ST clustering performance. Particularly, using DB 

CH, and S_Dbw as evaluation metrics, STMSGAL outperformed STAGATE on the 

two unlabeled datasets. Figures S21 and S22 delineate cluster assignments generated 

by SCANPY, SEDR, CCST, STAGATE, DeepST, GraphST, and STMSGAL on the 
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two datasets. 

Table S17 The DB, CH, and S_Dbw values computed by STMSGAL and other 6 

benchmarked methods on the two datasets without labels 

Method 

Adult Mouse Brain (FFPE) Human Breast Cancer (DCIS) 

DB CH S_Dbw DB CH S_Dbw 

SCANPY 1.422 358.67 0.481 2.069 379.084 0.593 

SEDR 1.951 84.569 0.652 2.627 54.778 0.742 

CCST 1.173 507.421 0.453 1.469 366.83 0.775 

DeepST 1.166 842.033 0.328 1.263 611.567 0.480 

STAGATE 1.467 495.547 0.427 1.916 430.630 0.587 

GraphST 1.454 310.969 0.496 1.996 360.703 0.617 

STMSGAL 

(ours) 
1.155 1010.724 0.311 1.451 1190.85 0.332 

 

SCANPY

STAGATE STMSGALGraphST

DeepST

CCST

SEDR

 

Figure S21 Cluster assignments generated by SCANPY, SEDR, CCST, STAGATE, 

DeepST, GraphST, and STMSGAL on Human Breast Cancer (Ductal Carcinoma In 

Situ (DCIS)). 
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SCANPY DeepST

STMSGAL(α=0.5)

SEDR

STAGATEGraphST CCST

Allen Reference Atlas

C
DG-sg

Ammon s horn

Figure S22 Cluster assignments generated by SCANPY, SEDR, CCST, STAGATE, 

DeepST, GraphST, and STMSGAL on Adult Mouse Brain (FFPE). 

c) On the mouse visual cortex STARmap dataset, we employed ARI to evaluate the 

performance of different spatial clustering algorithms. We compared STMSGAL with 

SCANPY, SEDR, CCST, STAGATE, and GraphST. The results are shown in Tables 

S18 and Figure S23. 

As shown in Table S18, our proposed STMSGAL method showed the best 

performance on data from STARmap, indicating the effectiveness and adaptability of 

STMSGAL for analyzing ST data on STARmap.  

Table S18 Average ARIs computed by STMSGAL and other 5 benchmarked 

methods on STARmap 

SCANPY SEDR CCST STAGATE GraphST STMSGAL(ours) 

0.078 0.312 0.385 0.563 0.362 0.568 

 

Figure S23 Spatial domains identified by SEDR, CCST, STAGATE, GraphST, 

SCANPY, and STMSGAL on the mouse visual cortex STARmap dataset. 

 

4. Why the clustering results from the multi-scale deep subspace clustering is not 

directly used for identifying spatial domains instead of performing clustering again 
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using Leiden/Louvain/mclust? Also, could the authors explain the rationale of using 

different clustering methods for different datasets? 

Response: Thank you very much!    

(i) Why the clustering results from the multi-scale deep subspace clustering is not 

directly used for identifying spatial domains instead of performing clustering again 

using Leiden/Louvain/mclust? 

In our proposed STMSGAL method, first, a multi-scale self-expression module was 

used to fully explore the associations between spot representations in all encoder 

layers. Next, a deep subspace clustering module was utilized to obtain the clustering 

labels for each spot through a clustering-oriented loss function. Subsequently, a 

self-supervised module was introduced to effectively learn spot latent representation. 

The combination of the above three modules (i.e., the multi-scale self-expression 

module, the deep subspace clustering module, and the self-supervised module) helps 

to learn more discriminative features with clustering information for each spot. Finally, 

the obtained more discriminative features with clustering information was used to be 

as the input of spectral clustering and conduct the final clustering.  

Traditional subspace clustering mainly contains two procedures: constructing affinity 

matrix through representation learning and spectral clustering. However, the spectral 

clustering is sensitive to the construction of similarity matrix and the selection of 

various parameters. But the Leiden/Louvain/mclust clustering methods are more 

appropriate to biological data and exhibit powerful spatial clustering performance. 

Consequently, the Leiden/Louvain/mclust clustering has been widely used in the field 

of spatial clustering. Thus, our proposed STMSGAL framework used 

Leiden/Louvain/mclust for performing clustering again to identify spatial domains 

after obtaining more discriminative features with clustering information based on 

multi-scale deep subspace clustering. 

(ii) Also, could the authors explain the rationale of using different clustering methods 

for different datasets? 

In complex networks, nodes are clustered into relatively dense communities through 

the clustering algorithm. Louvain clustering is a nonspatial clustering algorithm. It 

assigns each spot to a different community and achieves the desired clusters by 

iteratively merging and splitting communities. It exhibits powerful clustering 

performance than spectral clustering when clustering ST data, such as DLPFC. Thus, 

we used the Louvian clustering for performing clustering again on DLPFC.  

However, Louvain clustering may produce arbitrarily badly-connected communities. 

In the worst case, the obtained communities may even be discontinuous, especially 

when performing clustering iteratively. Moreover, due to the limitation of resolution, 

smaller communities may be clustered into larger communities. That is, smaller 

communities may be hidden and cause that the obtained communities contain 

significant substructures.  

Leiden clustering is a modified version of Louvain clustering and can yield 

well-connected communities based on the smart local move strategy. Cancer tissues 

with tumor heterogeneity contain many small substructures. Thus, we used the Leiden 
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clustering for cancer tissues with tumor heterogeneity, such as Human Breast Cancer. 

Mclust is a widely-used R package applied to model-based clustering through finite 

Gaussian mixture modelling. It is more suitable to single-cell resolution data with 

fewer samples, such as mouse visual cortex STARmap dataset. Thus, we used Mclust 

for performing clustering again on STARmap. 

Tables S19-S22 demonstrated ablation analysis results based on different again 

clustering methods on DLPFC 10x Genomics Visium datasets, STARmap, and 

Human Breast Cancer (Block A Section 1), respectively. The results demonstrated that 

STMSGAL significantly improved ST clustering accuracy when using Louvian 

clustering on DLPFC, Leiden clustering on Human Breast Cancer, and Mclust on 

STARmap. 

Table S19 Ablation analysis under different clustering methods on DLPFC 10x 

Genomics Visium datasets 

Method 

Sections 

Average ARI 

151507 151508 151509 151510 

Louvain clustering 0.533 0.473 0.511 0.452 0.492 

mclust 0.520 0.475 0.354 0.403 0.438 

Leiden clustering 0.511 0.489 0.471 0.393 0.469 

subspace clustering 0.216 0.325 0.395 0.284 0.294 

 

Table S20 Ablation analysis under different clustering methods on STARmap 

Louvain clustering mclust Leiden clustering subspace clustering 

0.282 0.568 0.273 0.067 

 

Table S21 Ablation analysis under different clustering methods on Human 

Breast Cancer (Block A Section 1) 

Louvain clustering mclust Leiden clustering subspace clustering 

0.534 0.512 0.606 0.588 

 

5. It would be helpful to perform some ablation analysis to clarify what are the major 

contributors to the better performance compared to other methods. I suggest adding 
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results 1) without the additional optimization step on DLPFC dataset and 2) without 

the clustering module in the graph neural network. 

Response: Thank you very much! 

We have added ablation analysis to clarify what are the major contributors to the 

better performance compared to other methods from the following two aspects: 

1) Without the additional optimization step on the DLPFC dataset: 

Since some spots could be erroneously assigned to spatially diametrical domains and 

cause noises during spot embedding feature learning, we used an additional 

optimization step to further optimize spatial clustering results obtained from Louvain 

clustering on the DLPFC dataset.  

To further investigate the effect of the additional optimization step on the spatial 

clustering performance, we compared the performance of STMSGAL with the 

additional optimization step or not on Sections 151507 to 151510 of DLPFC. Table 

S23 gives the ARI values of STMSGAL with the additional optimization step or not 

on DLPFC. The results demonstrated that STMSGAL with the additional optimization 

step significantly outperformed STMSGAL without the step. Thus, the additional 

optimization step could help spatial clustering. 

Table S22 Ablation study on the additional optimization step 

Datasets Strategy ARI 

151507 

Without the additional optimization step 0.509 

With the additional optimization step 0.533 

151508 

Without the additional optimization step 0.450 

With the additional optimization step 0.473 

151509 

Without the additional optimization step 0.484 

With the additional optimization step 0.511 

151510 

Without the additional optimization step 0.430 

With the additional optimization step 0.452 

 

2) Without the clustering module in the graph neural network: 

In our STMSGAL method, the combination of graph attention autoencoder (GATE) 

and multi-scale deep subspace clustering aims to obtain multi-scale feature 

information of spots. The self-supervised module aims to learn robust latent features 

with clustering information for each spot. 

To justify the contribution and necessity of these components, we conducted the 
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ablation study to further investigate the effects of GATE, multi-scale deep subspace 

clustering, and the self-supervised module on the spatial clustering performance on 

the DLPFC sections from 151507 to 151510. As shown in Table S23, ℒ1 denotes the 

reconstruction loss of normalized expressions based on GATE. ℒ2 denotes the loss of 

the multi-scale deep subspace clustering module, which contains regularization loss 

ℒreg  and multi-scale self-expression loss ℒmss , and ℒ3  is the loss of the 

self-supervised module. The results are shown in Table S23. 

From Table S23, we found that both the multi-scale deep subspace clustering module 

and the self-supervised module cooperated well with GATE and greatly improved the 

clustering performance. The results demonstrated that the self-supervised module, 

which utilized the clustering labels to self-supervise the learning of spot embeddings, 

obtained more accurate clustering ability. And the multi-scale deep subspace 

clustering module fully utilized the embedded multi-scale information and manifested 

an obvious effect on spatial clustering, suggesting that a proper clustering-oriented 

loss function can efficiently enhance the clustering performance. 

Table S23 Ablation analysis under different loss terms on DLPFC 

Datasets 

Loss Function 

ARI 

ℒ1 ℒ2 ℒ3 

151507 

√ × × 0.508 

√ √ × 0.518 

√ √ √ 0.533 

151508 

√ × × 0.405 

√ √ × 0.444 

√ √ √ 0.473 

151509 

√ × × 0.392 

√ √ × 0.447 

√ √ √ 0.511 

151510 

√ × × 0.437 

√ √ × 0.442 

√ √ √ 0.452 
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