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ABSTRACT
A major challenge in spatial transcriptomics (ST) is resolving cellular
composition, especially in technologies lacking single-cell resolution.
The mixture of transcriptional signals within spatial spots complicates
deconvolution and downstream analyses. To uncover the spatial het-
erogeneity of tissues, we introduce SvdRFCTD, a reference-free spatial
transcriptomics deconvolution method, which estimates the cell type
proportions at each spot on the tissue. To fully capture the heterogene-
ity in the ST data, we combine SvdRFCTD with a Bayesian hierarchical
negative binomial model with spatial effects incorporated in both the
mean and dispersion of the gene expression, which is used to explicitly
model the generative mechanism of cell type proportions. By integrat-
ing spatial information and leveraging marker gene information, SvdR-
FCTD accurately estimates cell type proportions and uncovers complex
spatial patterns. We demonstrate the ability of SvdRFCTD to identify cell
types on simulated datasets. By applying SvdRFCTD to mouse brain and
human pancreatic ductal adenocarcinomas datasets, we observe signif-
icant cellular heterogeneity within the tissue sections and successfully
identify regions with high proportions of aggregated cell types, along
with the spatial relationships between different cell types.
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1. Background

Spatial transcriptomics represents a transformative technology that integrates gene expres-
sion data with spatial information, allowing for a deeper understanding of tissue organization
and function (Ståhl et al.,2016; Williams et al., 2022). Unlike traditional RNA sequencing
methods, which provide bulk gene expression pro�les, ST captures gene expression at mul-
tiple spatial locations within a tissue, revealing cellular heterogeneity and spatial patterns
(Larsson et al.,2021). This ability to study gene expression at subcellular and cellular resolu-
tion enables the mapping of tissue structures in unprecedented detail (Vickovic et al.,2019).
However, a signi�cant challenge in ST is that most datasets lack single-cell resolution, with
each spatial spot containing multiple cell types, which complicates the accurate estimation
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of cell type proportions and interactions (Rao et al.,2021). This is particularly problem-
atic when studying tissues with high cellular complexity, where precise knowledge of the
cellular composition is crucial for understanding tissue function and disease mechanisms
(Levy-Jurgenson et al.,2020).

Deconvolution methods have emerged as a promising solution to this challenge, aiming to
resolve the cellular composition at each spatial spot by estimating the proportions of di�erent
cell types (Zhang et al.,2023). Most current ST deconvolution methods rely on external ref-
erences, such as single-cell RNA sequencing (scRNA-seq) data and single-nucleus RNA-seq
(snRNA-seq), to provide gene expression pro�les for various cell types (B. Li et al.,2022).
For instance, RCTD (Cable et al.,2022) utilized a hierarchical Poisson regression model
for gene expression to infer cell type pro�les from the reference dataset. By incorporating
variables that account for platform e�ects, it e�ectively addressed estimation issues arising
from batch e�ects. CARD (Ma & Zhou,2022) introduced spatial e�ects into cell type propor-
tions and performs deconvolution through an autoregressive-based deconvolution method.
SpatialDWLS (Dong & Yuan,2021) used reference features extracted from scRNA-seq to
�t a damped weighted least squares model for inferring cell type composition. In addition,
SPOTlight (Elosua-Bayes et al.,2021) and Cell2location (Kleshchevnikov et al.,2022) are
also recently developed methods. Y. Li and Luo (2024) proposed a reference-based method
for cell type deconvolution by combining spatial relations in ST data via Graph Convolu-
tional Networks (GCN). However, a key assumption of reference-based methods is that cell
type-speci�c gene expression remains constant, with only the cell type composition varying
(Teschendor� et al.,2017). Therefore, reference-based methods are limited by several fac-
tors, including the availability and quality of reference datasets, as well as platform and batch
e�ects (H. Li et al.,2023). Additionally, reference-based methods are limited by the cell types
available in the reference, which may not capture all the cell types present in the target tissue
or disease state. As a result, there is a growing need for reference-free methods that do not
rely on external scRNA-seq data but instead leverage inherent gene expression patterns and
prior knowledge to infer cell type composition.

Recent advancements in reference-free approaches have made progress in addressing
these limitations by directly analyzing the spatial transcriptomic data without the need for
scRNA-seq references. These methods rely on prior knowledge of marker genes to infer cell
type proportions, o�ering a more �exible and scalable solution (H. Li et al.,2023). STdecon-
volve (Miller et al.,2022), as the earliest reference-free deconvolution method, used Latent
Dirichlet Allocation (LDA) to simultaneously infer gene expression pro�les and cell type
proportions for each ST spot. However, it relies only on gene co-expression patterns for cell
type decomposition, without utilizing marker gene information, but the external references
are still required later to match the estimated cell types. Thus, it cannot be considered a truly
reference-free method. RETROFIT (Singh et al.,2023) was developed to decompose the gene
expression matrix into latent components and matches cell types using a marker gene list,
which is e�ective. However, it does not take spatial information into account and is unable
to classify cell types that lack de�ned marker genes. Celloscope (Geras et al.,2023) con-
structed a probabilistic Bayesian framework and incorporates prior qualitative information
from marker genes, providing a more detailed statistical description of cell type propor-
tion and gene expression features. SpatialDeX (X. Liu et al.,2025) uses a regression-based
approach to estimate cell-type proportions in spatial transcriptomics and performs pan-
cancer clustering analysis. However, both Celloscope and SpatialDeX did not account for
spatial information. For these reference-free methods, recognizing the latent spatial patterns



180 X. LI ET AL.

and tackling the challenges posed by tissue heterogeneity are still open research questions
that need further exploration.

In this study, we introduced SvdRFCTD, a reference-free spatial transcriptomics decon-
volution method, which estimates the cell type proportions at each spot on the tissue. To
fully capture the heterogeneity in the ST data, SvdRFCTD employs a Bayesian hierarchical
negative binomial model with spatial e�ects incorporated in both the mean and dispersion
of the gene expression, which is used to explicitly model the generative mechanism of cell
type proportions. The estimation of cell type proportion is achieved through the Markov
Chain Monte Carlo (MCMC) method with adaptive Metropolis algorithm. Compared to
other reference-free methods, SvdRFCTD not only e�ectively identi�es the underlying spa-
tial patterns of gene expression and provides a robust explanation for heterogeneity, but
also accurately characterizes the spatial dependency relationships of gene expression. We
illustrate the validity of SvdRFCTD through extensive simulations and applications. For
illustration, we apply the method to the anterior section of the mouse brain and human
pancreatic ductal adenocarcinomas, and �nd that SvdRFCTD identi�es highly clustered cell
types in speci�c regions, and e�ectively distinguishes di�erent cell subtypes. And it addition-
ally uncovers numerous spatially co-localized cell types, shedding light on the relationships
between cell types.

2. Methods

2.1. Model speci�cation

For cell type deconvolution of the spatial transcriptomics, there are two ways of understand-
ing the spatial e�ects of RNA transcripts in tissues. One perspective attributes the spatial
correlation of neighbouring spots to the spatial correlation of cell type proportions, while
another suggests it arises from the spillover e�ect of gene expression across spots. Existing
deconvolution methods have predominantly adopted the �rst perspective, while no studies
have explicitly modelled the second. Here we adopt the second perspective by decomposing
gene expression in both mean and scale dimensions to include the spatial e�ect as a spillover
factor in the model.

LetYij be the RNA-seq read count for genej � { 1,. . . ,J} and spoti � { 1,. . . ,N}, whereJ
is the total number of genes andN is the number of spots. AssumingYij follows a negative
binomial (NB) distribution, then we modelYij with the following hierarchical model:

Yij � fNB(dieij , � ij ), (1)

wheredi is the total number of cells in spoti, and dieij is the expectation of the distribu-
tion, and� ij is the overdispersion parameter. LetEij = dieij . The probability mass function
of Equation (1) is

f (yij ;Eij , � ij ) =
�

�
yij + � Š1

ij

�

�
�
� Š1

ij

�
�( yij + 1)

�
1

1 + Eij � ij

� � Š1
ij

�
Eij

� Š1
ij + Eij

� yij

. (2)

Then the conditional mean and variance ofYij are given by

E
�
Yij | eij , � ij

	
= dieij = Eij ,

Var
�
Yij | eij , � ij

	
= Eij + � ijE2

ij .
(3)
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Many studies (Allen et al.,2021; Ma & Zhou,2022) have shown that spatial correlations exist
within tissue domains in spatial transcriptomics. Speci�cally, both the mean and the disper-
sion of gene expression within a given tissue may exhibit spatial co-localization patterns to
some extent.

Suppose there are a total ofK cell types in the tissue, andYij is a mixture of Kcell type
expression pro�les. We assume thateij is a random variable de�ned by

logeij = log

�
K


k=1

� ikµ kj

�

+ � 1i, (4)

where� ik is the cell type proportion for cell typek � { 1,. . . ,K} in spot i, µ kj represents the
mean gene expression pro�le for cell typek, and� 1i is a spot-level spatial random e�ect for
the mean expression.

To accommodate spatial variation in overdispersion, we assume the following functional
form for � ij

log
�
� ij

	
= � j + � 2i, (5)

where� j is a gene-level random e�ect, which can account for some of the natural variability
such as platform e�ects.� 2i is a spot-level spatial random e�ect for the overdispersion.

The spatial random e�ects� i = (� 1i, � 2i)� capture potential regional factors that might
similarly a�ect both the mean and dispersion. For example, areas with high gene expression
may exhibit increased overdispersion, potentially due to extreme counts. To model this rela-
tionship and promote spatial smoothing while sharing information between neighbouring
spots within tissues, we adopt a bivariate intrinsic conditional autoregressive (BICAR) prior
(Mardia,1988) distribution for �i = (� 1i, � 2i)� .

� i | � (Ši) , � � N2

�

� 1
mi




l�� i

� l ,
1

mi
�




� , (6)

wheremi represents the number of neighbours of spoti, � i is the set of neighbours for region
i and � is a 2× 2 variance-covariance matrix of� i conditional on the remaining spatial
random e�ects,� (Ši) . Additionally, a sum-to-zero constraint must be applied to{� 1, . . . , � n}
to ensure the model is identi�able (Mutiso et al.,2022).

Following Brook•s lemma (Banerjee et al.,2014), the joint prior distribution for the 2N× 1
spatial random e�ects matrix� = (� �

1 , . . . , � �
N)� is proportional to the multivariate normal

distribution with formula

�

�
�
�
� � � exp

�
Š

1
2

� � �
Q � � Š1�

�
�

, (7)

whereQ = M Š A;M = diag(m1,m2, . . . ,mn) andA isN × N adjacency matrix withaii =
0,aij = 1 if regions iandj are neighbours andaij = 0 otherwise. Noting thatM Š A is singu-
lar, the joint prior distribution in Equation (7) is improper, but the posterior of� is proper
(Mutiso et al.,2022).

To facilitate the update of the binary spatial random e�ects, we can decompose
Equation (7) into two univariate conditional priors� hi(h = 1, 2)(Mutiso et al.,2024; Neelon
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et al.,2023). Using the properties of conditional multivariate normal theory, the conditional
prior for the spatial e�ect, �1i, i = 1,. . . ,N, is given by

p
�
� 1i | � 2i, 	 1i|2i

	
� exp

�
Š

	 1i|2i

2

�
� 1i Š µ 1i|2i

	 2
�

, (8)

where

	 1i|2i =
�

 2

� 1

�
1 Š � 2	 � Š1

mi,

µ 1i|2i = �

 � 1


 � 2

�
� 2i Š �̄ 2i

	
,

� is the correlation between� 1i and� 2i, 
 � 1 and
 � 2 are standard deviations for� 1i and� 2i
respectively, and̄� 2i = 1

mi

�
l�� i

� 2l is the prior mean for� 2i. A similar derivation can be
made for the conditional prior of� 2i.

Our primary objective is to estimate the proportions of speci�c cell types across all spots,
indicated byB, which is an Nby K matrix. Each element� ik represents the proportion of
cell typek in spot i, with values ranging from 0 to 1. A row in matrixB, labelled as Bi: =
[� i1, . . . , � iK ], illustrates the cell type composition of spoti, and it•s clear that the entries of
each row sum up to 1.

To elucidate the underlying gene expression patterns in di�erent cell types, we developed
a multilayer generation process for the gene expression. We assume the probability of the
existence of cell typek in spoti follows a beta distribution (Geras et al.,2023; Yang et al., 2024)

� ik � Beta
� �

K
, 1

�
, (9)

where� is a hyperparameter which can represent the average number of cell types present
in a spot, andK is the total number of cell types in the tissue.

LetZik denote whether the cell typek is present in the spoti, and the distribution of Zik is
as follows

Zik � Bernoulli(1,� ik) . (10)

Let 
 ik denote the unnormalized abundance of typek in spoti, and its distribution depends
on Zik.


 ik|Zik = 1 � gamma(a,b),


 ik|Zik = 0 � gamma(a0,b0).
(11)

The choice ofa,b,a0,b0 will result in a larger sampling value for
 ik|Zik = 1 than for 
ik|
Zik = 0.

For spoti, the abundance of cell typek can represent the proportion of this type in spoti.
Thus, we can calculate the cell type proportion� ik from 
 ik

� ik =

 ik

� K
k=1 
 ik

. (12)

Moreover, to avoid estimation issues caused by an excessive number of parameters, we split
µ kj into di�erent components as

µ kj = µ 0 + Mkj� kj, (13)
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whereMkj is the marker gene indicator, withMkj = 1 if gene jis a marker gene for cell type
k andMkj = 0 otherwise.� kj > 0 denotes the average expression level of genej in cell type
k. Here we adopted �at priors for µ0 and� kj.

2.2. Parameter inference

For posterior computation, we implement the MCMC sampling with adaptive Metropo-
lis (AM) algorithm (Haario et al.,2001). The AM algorithm is an enhanced version of the
Metropolis-Hastings algorithm that dynamically adjusts the proposal distribution•s covari-
ance matrix during sampling to improve e�ciency, particularly in high-dimensional or com-
plex target distributions. Suppose we have multivariate random variablesx1, . . . ,xn, and the
full conditional distribution ofxi is given asP(xi | xŠi ) := P(xi | x1, . . . ,xiŠ1 ,xi+1 , . . . ,xn).
In a hierarchical model, the full conditional distribution of a node/variable depends on the
distribution of parent, child, and co-parent nodes/variables, which are also called Markov
blanket ofxi, denoted as MB(xi). Thus,P(xi | xŠi ) = P(xi | MB(xi)), which denotes that the
conditional distribution ofxi given the values of all other variables equals the conditional
distribution given the values of the variables from its Markov blanket. This step is crucial in
facilitating the simpli�cation of the derivation process.

Then we can perform iterative sampling procedure to updatexi, i = 1,. . . ,N one by one,
up until convergence. For each iterationt, we determine whether the formulaP(xi | MB(xi))
is in closed form and accordingly decide the approach for updating. If it is in a closed form,
we can sample a newx�

i directly from P(xi | MB(x(tŠ1)
i )). And if the formula is too com-

plex to allow for direct sampling, we can employ the Metropolis-Hastings (MH) accept-reject
method. Assume there is a functiong proportional toP(xi | MB(xi))

P(xi | MB(xi)) � g(xi) . (14)

A candidate valuex�
i is sampled from a prede�ned proposal distributionq(· | x(tŠ1)

i ), and
then either accepted with probability given by

r = min

�

1,
g(x� ) q

�
x(tŠ1) | x�

	

g
�
x(tŠ1)

	
q

�
x� | x(tŠ1)

	

�

, (15)

and x(t)
i � x�

i , or the previous value is held, x(t)
i � x(tŠ1)

i . And if we utilize a symmetric
proposal distribution, the acceptance probability above can be simpli�ed as

r = min

�

1,
g(x� )

g
�
x(tŠ1)

	

�

. (16)

After updatingxi, the new value is immediately utilized, allowing us to sequentially sample
other variables.

The outline of the MCMC algorithm is provided below.
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(1) Updating� ik | Zik � Beta(� ik| �
K + Zik, 2Š Zik), the posterior is derived as follows

P(� ik | Zik) � P(Zik | � ik)P(� ik)

�
�( �

K + 1)

�( �
K )�(1)

�
�
K Š1

ik � Zik
ik (1 Š � ik)1ŠZik ]

� �
�
K +Z ikŠ1

ik (1 Š � ik)1ŠZik . (17)

(2) UpdateZik. AsZik is a discrete, binary random variable, it su�ces to consider its two
possible values, 0 and 1.

P(Zik | 
 ik, � ik) � P(Zik | � ik) P(
 ik | Zik)

� � Zik
ik (1 Š � ik)1ŠZik

�

 aŠ1

ik eŠb
 ik
� Zik

�

 a0Š1

ik eŠb0
 ik
� 1ŠZik

�
�
� ik
 aŠ1

ik eŠb
 ik
� Zik

�
(1 Š � ik)
 a0Š1

ik eŠb0
 ik
� 1ŠZik

,

i.e.,

P(Zik = 1 | 
 ik, � ik) =
� ik
 aŠ1

ik eŠb
 ik

� ik
 aŠ1
ik eŠb
 ik + (1 Š � ik)
 a0Š1

ik eŠb0
 ik
,

P(Zik = 0 | 
 ik, � ik) =
(1 Š � ik)
 a0Š1

ik eŠb0
 ik

� ik
 aŠ1
ik eŠb
 ik + (1 Š � ik)
 a0Š1

ik eŠb0
 ik
.

(18)

(3) Update
 ik. For a given spoti and cell typek, the target distribution for unnormalized
cell type abundance
 ik is given as

P(
 ik | Y,Z,µ, � , � 1, � 2)

�
J�

j=1

P
�
Yij | 
 ik,µ, � , � 1, � 2

	 K�

k=1

P(
 ik | Zik)

�
J�

j=1

�
�
yij + � Š1

ij

�

�
�
� Š1

ij

�
�( yij + 1)

�
1

1 + Eij � ij

� � Š1
ij

�
Eij

� Š1
ij + Eij

� yij

×
K�

k=1

�

 aŠ1

ik eŠb
 ik
� Zik

�

 a0Š1

ik eŠb0
 ik
� 1ŠZik

. (19)

Since
 ik > 0, we choose the truncated normal distribution TN(µ, 
 ) for the proposal
distribution of 
 ik to calculate the acceptance probability in Equation (15), as it allows
for e�ective control over the step size and is well-suited for proposing values for non-
negative variables. Then, we obtain the cell type proportion� ik = 
 ik/

� K
k=1 
 ik.

(4) Updateµ kj, which equals to µ0 + Mkj� kj, where Mkj is known. The prior ofµ 0 is aver-
age expression of all non-marker genes, and the prior of� ik is average expression of all
marker genes. Sinceµ 0 > 0 and� kj > 0, the truncated normal proposal distribution is
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also used here to calculate the acceptance probability.

P(µ 0 | �, Y, � , � , � 1, � 2) �
N�

i=1

fNB(dieij , � ij )P(µ 0),

P
�
� kj | µ 0,Y, � , � , � 1, � 2

	
�

N�

i=1

fNB(dieij , � ij )P(� kj).

(20)

(5) Update� j. Assuming a normal prior for� j , then the proposal distribution is given as

P
�
� j | �, Y, � ,µ , � 1, � 2

	
�

N�

i=1

fNB(dieij , � ij )P(� j). (21)

(6) Update� 1i. Given the conditional prior of� 1i | � 2i by Equation (8), the full conditional
of � 1i is

P(� 1i | Y, � , � ,µ, � 2) �
J�

j=1

fNB(dieij , � ij )P(� 1i | � 2i)

�
J�

j=1

fNB(dieij , � ij ) exp
�
Š

	 1i|2i

2

�
� 1i Š µ 1i|2i

	 2
�

, (22)

and we use a random walk MH step with a symmetric univariatet proposal density
centred at the previous� 1i. The acceptance ratio in Equation (16) is

r� 1i =
fNB(die

(p)
ij , � ij ) exp

�
Š 	 1i|2i

2

�
� (p)

1i Š µ 1i|2i

� 2
�

fNB(die
(t)
ij , � ij ) exp

�
Š 	 1i|2i

2

�
� (t )

1i Š µ 1i|2i

� 2
� , (23)

where� (p)
1i and� (t)

1i are proposal and current values of� 1i at current iterationt.
(7) Update� 2i.

P(� 2i | Y, � , � ,µ, � 1) �
J�

j=1

fNB(dieij , � ij )P(� 2i | � 1i)

�
J�

j=1

fNB(dieij , � ij ) exp
�
Š

	 2i|1i

2

�
� 2i Š µ 2i|1i

	 2
�

, (24)

and the acceptance ratio is similar to Equation (23).
(8) Update� . Assuming an inverse Wishart distribution IW(� 0,S0) for the prior of � , we

update the random e�ects covariance matrix,� , from a conjugate IW distribution given
by

� | � � IW (� 0 + N Š 1,S0 + S� � ) , (25)

whereS� � = � �� Q� � and� � = [� 1, � 2] is the N× 2 random e�ects matrix centred
at its mean.
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Denote� = { 	 ,Z, � ,µ 0, � , � , � 1, � 2, � }. The MCMC procedure is a combination of the
Gibbs Sampler and the Metropolis-Hastings algorithm, and we summarize it in Algorithm 1.

Algorithm 1 MCMC procedure for hierarchical model parameters
Input: Count matrix,Y; number of cells,d; marker gene indicator matrix,M; initial values

of parameters� (0); number of iterations,T
Output: � (1), . . . , � (T)

1: for t = 1,. . . ,T do
2: sample	 (t) from P(	 | MB(	 (tŠ1) )) showed in Equation (17)
3: sampleZ(t) from P(Z | MB(Z(tŠ1) )) showed in Equation (18)
4: update� (t) �Š MH(� (tŠ1) ) based on Equation (19)
5: updateµ (t)

0 �Š MH(µ (tŠ1)
0 ) based on Equation (20)

6: update� (t) �Š MH(� (tŠ1) ) based on Equation (21)
7: update� (t) �Š MH(� (tŠ1) ) based on Equation (22)
8: update� (t)

1 �Š MH(� (tŠ1)
1 ) based on Equation (23)

9: update� (t)
2 �Š MH(� (tŠ1)

2 ) based on Equation (24)
10: update� (t) �Š MH(� (tŠ1) ) based on Equation (25)
11: end for
12: return � (1), . . . , � (T)

In Algorithm 1, the number of cells,d = { d1, . . . ,dN}, can be provided as estimates
from external methods or inferred directly within the algorithm. Details are presented in
Section2.4. The MH(·) step can be performed following Algorithm 2.

Algorithm 2 MH step in Algorithm 1

Input: Current state of parameter,x(tŠ1)

Output: New state of parameter,x(t)

1: Draw proposal samplex� � q(· | x(tŠ1) )
2: Evaluate acceptance probabilityr
3: Generateu � U(0, 1)
4: if r � u then
5: x(j) � x�

6: else
7: x(j) � x(jŠ1)

8: end if
9: return x(t)

The default parameter settings are listed in Table1.

2.3. Proposal distribution and adaptive step size

Let �( x) denote the cumulative distribution function of the standard normal distribution
N(0, 1), evaluated atx. Additionally, letq(y | x) represent the proposal distribution, which
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Table 1.Default values of SvdRFCTD•s parameters.

Parameter Default value

(a,b) (10, 1)
(a,b) (0.1, 1)
� > K

K+1
Step-size forµ 0 0.05
Step-size for
 0.1
Step-size for� 0.1
Step-size for� 1 and� 2 0.17
Burn-in 40,000
Number of iterations 50,000
Thinning 10

speci�es the conditional probability of proposing a new statey given that the previous
state wasx. During the iteration process of the Metropolis-Hastings sampling, we choose
the truncated normal distribution TN(· | 
 ) and symmetrict distribution as the proposal
distributions. The truncated normal proposal distribution is given as

q(y | x) =
1
C

1
	

2� 

exp

�
Š

(y Š x)2

2
 2

�
, y > 0, (26)

whereC = �( x

 ) is a normalizing constant. By Equation (15), the acceptance ratio is

q(x | y)
q(y | x)

=

1



	
2�

exp
�
Š (xŠy)2

2
 2

�
1

C1

1



	
2�

exp
�
Š (yŠx)2

2
 2

�
1

C2

=
C2

C1
=

�
� x




	

�
� y




	 . (27)

The variance parameter
 controls the sampler•s step size and impacts convergence speed. Its
selection is crucial, as excessively large or small step sizes degrade inference performance. To
enhance e�ciency, we assign di�erent step sizes to di�erent variables and adjust them during
an initial burn-in phase to maintain an optimal acceptance ratio of 0.23 (Brooks et al.,2011;
Graves,2011). Starting with an arbitrary step size, we update it after a �xed number of iter-
ations, depending on the dataset, based on the acceptance ratio. If the ratio falls below the
target, we reduce the step size as
 � (1 Š �)
 ; otherwise, we increase it as
 � (1 + �)
 ,
where� controls the adjustment magnitude. This adaptation is applied only during burn-in.

2.4. Cell counting

Recording the results of simulation in Section3.1, the best choice ofdi in Equation (1) is the
number of cells. There are a few approaches commonly used to estimate cell numbers in each
spatial spot.

(1) Infer the cell numbers by deconvolution methods of gene expression, such as
Cell2location (Kleshchevnikov et al.,2022), SPOTlight (Elosua-Bayes et al.,2021).

(2) Integrate with single-cell data and mapping scores to infer the number of cells per
spot, by methods like STalign (Clifton et al.,2023), Tangram (Biancalani et al.,2021),
CytoSPACE (Shannon et al.,2003).

(3) Use histological staining or nuclear staining images of the tissue to preform image-
based methods, with tools like CellPro�ler (Carpenter et al.,2006) or QuPath (Bankhead
et al.,2017).
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In this article, if the number of cells per spot is not given by the data analyzed, it can
either be supplied as estimates derived from external methods or estimated directly within
the algorithm. Here, a MH step with TN distribution as proposal is performed for di, with
the prior distribution set to a constant value.

P(di | Y, � ,µ, � , � 1, � 2) �
J�

j=1

P
�
Yij | � ,µ, � , � 1, � 2

	
P(di) . (28)

2.5. Performance evaluation metrics

(1) Pearson Correlation Coe�cient (PCC). For each cell typek, the PCC value is calculated
as follows

PCCk =
E

��
�xk Š �uk

	
(xk Š uk)

�

�
 k
 k
, (29)

wherexk and�xk represent the ground truth and predicted proportions of cell typek
acrossN spots, respectively. Similarly,uk and �uk are their corresponding mean pro-
portions, while
 k and �
 k denote the standard deviations. A higher PCC for cell type
k indicates better prediction accuracy.

(2) Root Mean Squared Error (RMSE). We can compute both per-spot RMSE and over-
all RMSE for estimation of cell type proportion, as de�ned in Equations (2) and (3),
respectively.

RMSEi =

��
�
� 1

K

K


k=1

�
�xik Š xik

	 2, (30a)

RMSEoverall =

��
�
� 1

N × K

N


i=1

K


k=1

�
�xik Š xik

	 2, (30b)

wherexik and �xik are the cell type proportion of cell typeK in spoti in the ground truth
and the predicted result, respectively. A lower RMSE value indicates better prediction
accuracy.

(3) Weighted F1 score (F1 score). For each spot, the dominant cell type can be inferred
according to the cell type proportion estimated, and F1 score is used to measure the
accuracy compared to the true dominant cell type. For each cell typek, calculate F1
score as

F1k =
2 · Precisionk · Recallk
Precisionk + Recallk

,

Precisionk =
TPk

TPk + FPk
,

Recallk =
TPk

TPk + FNk
,

(31)
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where TPk, FPk and FNk are true positives, false positives and false negatives for category
k, respectively. And then we can obtain a weighted F1 score

F1weighted=
K


k=1

wk · F1k, (32)

wherewk = Nk
Ntotal

, with Nk being the number of samples in cell typek andNtotal being
the total number of samples.

(4) Moran•s I coe�cient. The coe�cient is used to quantify spatial autocorrelation based on
both feature locations and feature values simultaneously. And it indicates whether the
variables are spatially distributed in a random pattern or whether they are signi�cantly
clustered (positive correlation) or discrete (negative correlation). For a given cell typek,
the formula of Moran•s I coe�cient is given as

Ik =
N
S0

� N
i=1

� N
j=1 wij (xik Š x̄k)

�
xjk Š x̄k

	

� N
i=1 (xik Š x̄k)2

,

S0 =
N


i=1

N


j=1

wij ,

(33)

whereN represents the total number of spatial spots,wij is the spatial weight between
spoti andj, xik denotes the expression level of cell typek in spot i, andx̄k is the mean
expression level of cell typek across all spots. The coe�cientIk > 0 indicates positive
spatial autocorrelation, i.e. similar expression values are clustered together.Ik 
 0 indi-
cates no spatial autocorrelation, i.e. random pattern.Ik < 0 indicates negative spatial
autocorrelation (dispersed pattern), i.e. dissimilar expression values are close together.
For a given cell type, Moran•s I is computed by considering the expression levels of
that cell type across all spatial spots, assessing whether its expression exhibits clustering,
randomness, or dispersion.

3. Simulation study

3.1. Explore the appropriate model form in simulation

In order to verify the validity of SvdRFCTD, we conducted a series of simulations, for which
we knew the ground truth about the underlying cell type composition. In this article, we
used a publicly available single cell RNA-seq (scRNA) data set in mouse kidneys (J. Liu
et al.,2023) to construct simulated ST data, which was pro�led using the Vizgen Multiplexed
Error-Robust Fluorescence in situ Hybridization(MERFISH) platform (Chen et al.,2015).
The mouse kidney dataset comprises the expression pro�les of 304 genes across 126,241
cells, categorized into eight cell types. Figure1(a) shows the spatial visualization of single-
cell mouse kidney data, with cell types annotated. The marker genes of each cell types are
collected from the existing literature (Miao et al.,2021) and the CellMarker 2.0 database (Hu
et al.,2023), and will be used to SvdRFCTD and other reference-free deconvolution meth-
ods. The marker genes used in simulation study are listed in Supplementary Table S1. The
data generated by pooling single cells from original ST data can serve as the gold standard for
model evaluation. To simulate spatial transcriptomics (ST) data, we partitioned the single-
cell data from the mouse kidney dataset into 2474 spatially contiguous squares. Within each
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