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Abstract Sequencing-based spatial transcriptomics (ST) is an emerging technology to study in situ

gene expression patterns at the whole-genome scale. Currently, ST data analysis is still complicated

by high technical noises and low resolution. In addition to the transcriptomic data, matched

histopathological images are usually generated for the same tissue sample along the ST experiment.

The matched high-resolution histopathological images provide complementary cellular phenotypi-

cal information, providing an opportunity to mitigate the noises in ST data. We present a novel ST

data analysis method called transcriptome and histopathological image integrative analysis for ST

(TIST), which enables the identification of spatial clusters (SCs) and the enhancement of spatial

gene expression patterns by integrative analysis of matched transcriptomic data and images. TIST

devises a histopathological feature extraction method based on Markov random field (MRF) to

learn the cellular features from histopathological images, and integrates them with the transcrip-

tomic data and location information as a network, termed TIST-net. Based on TIST-net, SCs

are identified by a random walk-based strategy, and gene expression patterns are enhanced by

neighborhood smoothing. We benchmark TIST on both simulated datasets and 32 real samples

against several state-of-the-art methods. Results show that TIST is robust to technical noises on

multiple analysis tasks for sequencing-based ST data and can find interesting microstructures in dif-

ferent biological scenarios. TIST is available at http://lifeome.net/software/tist/ and https://ngdc.

cncb.ac.cn/biocode/tools/BT007317.
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Introduction

Spatial information is crucial for understanding cellular func-
tions in complex physiological and pathological processes.

Recent advances in spatial transcriptomics (ST) technologies
have made it feasible to achieve concurrent quantification
and localization of messenger RNA (mRNA) molecules in tis-

sues [1]. Widely used ST technologies can generally be classi-
fied into two categories: fluorescence in situ hybridization-
based ST (FISH-ST) [2] and sequencing after in situ capture-
based ST (SEQ-ST). The SEQ-ST techniques, such as the Vis-

ium Spatial Gene Expression, Slide-seq [3], Seq-Scope [4], and
Stereo-seq [5], can achieve genome-scale transcriptomic profil-
ing without known transcript information.

Despite the obvious advantages of supplementing mRNA
sequencing with spatial information, current SEQ-ST tech-
niques still suffer from several technical limitations, such as

high dropout rate (DR) and severe molecular diffusion, i.e.,
mRNA molecules from one spot diffuse to nearby spots during
the permeabilization process. These technical noises heavily

impact the downstream computational analyses. A few compu-
tational methods tried to integrate single-cell RNA sequencing
(scRNA-seq) data to reduce the noises [6,7]. However, the
scRNA-seq data are frequently unavailable for the matched

sample, which limits the applicability of these methods.
Incorporation of multi-modality information into the tran-

scriptomic analysis is promising to mitigate the technical limi-

tations of SEQ-ST. Existing approaches could be divided into
two categories. The first category integrates the spatial loca-
tions and gene expression profiles based on diverse models

and shows improvement in multiple analytical tasks. For
example, BayesSpace [8] based on a Bayesian statistical
method, STAGATE [9] based on graph attention auto-
encoder, and STEEL [10] based on manifold learning jointly

model expression profiles and the corresponding locations,
improve the clustering performance of ST. SEDR [11] uses
deep auto-encoder to co-embed gene expression and spatial

location for low-dimensional representation. SPARK [12]
adopts a generalized linear spatial model with a variety of spa-
tial kernels to detect spatial expression patterns. The second

category introduces the matched histopathological images gen-
erated by hematoxylin and eosin (H&E) staining into the
model in addition to gene expression and spatial location. As

the images are taken before the ST experiment, they capture
the raw cell features without the molecular diffusion effect.
Besides, the images have higher resolution than ST data and
provide additional information on cellular phenotypes. For

example, stLearn [13] leverages morphological similarities to
normalize gene expression profiles before clustering and trajec-
tory analysis. SpaGCN [14] integrates the three data modalities

through graph convolution to identify spatial domains of
coherent expression and histopathology. Both show potential
to alleviate the impact of technical limitations.

However, the integrative analysis of ST data with
histopathological images remains a challenging computational
task. Although the transcriptomic data and histopathological
images shared linked connections [15], they have different data

formats, dimensions, resolutions, and noise levels. A unified
method is needed to integratedly analyze the two data modal-
ities for identifying and annotating the spatial clusters (SCs;

i.e., targeted tissue regions with distinct gene expression pat-
terns, histopathological features, and biological functions), as
well as for enhancing the gene expression patterns by imputing
and correcting the raw ST data caused by under-sampling and

molecular diffusion.
In this study, we propose an analytical tool suite for ST

data named transcriptome and histopathological image inte-

grative analysis for ST (TIST), which includes an SC identifi-
cation module and a gene enhancement module. Previous
work has employed an undirected probabilistic graph model

for ST data analytics [8]; TIST expands this model by
network-based data fusion, incorporating transcriptomic,
histopathological, and adjacency information into a single
spot-wise similarity network. From the fused similarity net-

work, TIST identifies SCs through a customized random walk
algorithm and enhances gene expression through a neighbor-
hood smoothing algorithm. We benchmark TIST against sev-

eral state-of-the-art ST analytical methods on both simulated
datasets and real datasets. Results show that TIST can drasti-
cally reduce the impact of molecular diffusion and high

mRNA DR, thus improving the performance of several down-
stream tasks, including SC identification, co-expression analy-
ses, and spatially differentially expressed gene (SDEG)

analyses.

Method

Overview of TIST

Current SEQ-ST techniques are generally powered by spatially
barcoded probes to capture RNA transcripts in situ and label
them with location information (Figure 1A). To overcome the

two major noises, the high DR and the molecular diffusion
that occurs during the permeabilization process, we propose
a computational suite named TIST to improve the identifica-
tion of SCs and the enhancement of gene expression by effec-

tively integrating ST data with histopathological images
(Figure 1B). By extracting features from each data modality,
TIST separately builds three modality-specific networks: a

histopathological similarity network generated from high-
resolution H&E images by Markov random field (MRF) (Fig-
ure S1A and B), a transcriptomic similarity network generated

from the gene expression data by shared nearest neighbor
(SNN) [16], and a spatial adjacency network based on the spot
locations. Then, TIST fuses the three networks into a multi-

modality similarity network, termed TIST-net, for SC identifi-
cation and gene expression enhancement. Finally, different
simulation experiments are conducted to test the stability of
TIST against two major noises, the diffusion noises during

the permeabilization process, and the dropouts caused by
low capture rate. Also, TIST is tested on a total of 32 real tis-
sue slides (Table S1).

Construction of the histopathological similarity network

To fully exploit the histopathological image, we build an effec-

tive image feature extraction method based on the MRF model
and transform pixel-level data into spot-level representation.
The H&E image is converted to grayscale, which has been

demonstrated to be able to maintain morphological properties
[17]. As shown in Figure 1B, MRF sets a hidden label for each
pixel. The pixel labels are initialized by K-means and the total



Figure 1 Workflow of SEQ-ST techniques and TIST

A. The SEQ-ST workflow. The tissue section is first positioned on a glass slide printed with arrayed spatially barcoded RT primers. H&E

staining and brightfield imaging are then conducted to obtain the histopathological image of the tissue section. In the permeabilization

step, mRNAs diffuse and hybridize with local RT primers. After the in situ RT, cDNAs are synthesized and tagged with spatial barcodes.

Finally, these spatially barcoded cDNAs are extracted and pooled for ex situ library preparation and sequencing. B. The key steps of

TIST. TIST takes three modal information as inputs, including histopathological images, transcriptomic data, and spot locations, to

construct three networks individually, followed by fusing them into a single network named TIST-net. Based on the fused network, TIST

can identify SCs and enhance gene expression patterns. ST, spatial transcriptomics; H&E, hematoxylin and eosin; mRNA, messenger

RNA; TIST, transcriptome and histopathological image integrative analysis for ST; SC, spatial cluster; SEQ-ST, in situ capture-based ST;

RT, reverse transcription; MRF, Markov random field.
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pixel cluster number K is a parameter (default value is set to

50). Considering third-order neighborhood, MRF maximizes
the whole likelihood via Expectation-Maximization (EM)
algorithm, grouping all pixels across the image into different
clusters. We use the pixel label distribution over the region that

an individual spot covers as the representation of spot-level
histopathological features.

Then, we construct the image-based spot-wise similarity

network. Let wu and wv denote the pixel label distribution of
two spots u and v. The symmetrical Kullback–Leibler (KL)
divergence Lu,v between spots u and v is calculated as follows:

Lu;v ¼ KL wukwvð ÞþKL wvkwuð Þ
2

ð1Þ

KL wukwvð Þ ¼PK
i¼1wu;i log

wv;i

wu;i
ð2Þ

KL wvkwuð Þ ¼PK
i¼1wv;i log

wu;i

wv;i
ð3Þ
Here, wu;i and wv;i denote the probability or proportion of

pixels in spots u and v belonging to label i, respectively. The
adjacency matrix of the histopathological similarity network,

H, could be calculated as follows:

Hu;v ¼ 1�min 1;Lu;vð Þ ¼ 0; when Lu;v > 1

1� Lu;v; when 0 < Lu;v < 1

�
ð4Þ
Construction of the transcriptomic similarity network

We next construct a spot-wise transcriptomic similarity net-

work. We first select the top 2000 highly variable genes using
the FindVariableGenes function from the Seurat package in
R and perform principal component analysis (PCA). With
the top 50 principal components (PCs), we construct a SNN

[16] graph using the FindNeighbors function from the Seurat
package with the default settings. The edge weights of the
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SNN graph are used as the adjacency matrix of the transcrip-
tomic similarity network T:

Tu;v ¼ SNNweight u;vð Þ ð5Þ
Construction of TIST-net

Finally, we integrate the histopathological similarity network
H and the transcriptomic similarity network T together with

the spatial locations of spots into a multi-modality network,
termed TIST-net. The physical spatial distance between spots
u and v, denoted as Au,v, is measured with Manhattan distance.
The final adjacency matrix of TIST-net is defined as follows:

Su;v ¼ Hu;vþTu;vð Þ�I Tu;v>0ð Þ
2�Au;v

ð6Þ

where I is the indicator function. Su,v is then normalized to 0–1
by:

S�
u;v ¼ Su;v�min Sð Þ

max Sð Þ�min Sð Þ ð7Þ
Gene expression enhancement

Using the neighboring information in TIST-net, we could
enhance gene expression by calculating the weighted average
of the expression of immediate neighbors for a single spot.

For any spot u, we define:

E�
u ¼ Eu þ

P
v2Neighbor uð Þ

S�
u;v � Ev ð8Þ

Here, E* is the enhanced gene expression, and E is the raw
gene expression. Neighbor(u) represents the immediate neigh-
bors of spot u in TIST-net.

Identification of SCs

TIST detects communities from TIST-net as SCs using Walk-
trap, a random walk-based algorithm [18]. Let D denotes the

diagonal matrix of the node degrees and S denotes the edge
weight matrix of TIST-net, so the transition probability matrix
is calculated as P = D�1S. The distance between spots u and v,

denoted as Wu,v, could be calculated as:

Wu;v ¼ D�1
2Pt

u� �D�1
2Pt

v�

��� ������ ��� ð9Þ

where Pt
u� and Pt

v� are probability vectors of t-step random

transition probability from spot u and spot v toward other
spots, respectively, while t represents the step strength of ran-

dom walk. Wu,v is demonstrated to well quantify the structural
similarities using random walk [18]. This distance, which cap-
tures the network community structure features, enables SC

identification by hierarchical clustering.

Simulation of diffusion effect

To mimic the diffusion effect of the permeabilization process,

we use D(u|u0) to denote the diffusion effect produced by
source spot u0, which acts on any other target spot u, based
on Fick’s first law of diffusion [19]. We assume that each spot

diffuses to other spots with lower concentrations and define:
C�
u0
¼ Cu0 �

P
i–0

D uiju0ð Þ þP
i–0

D u0juið Þ ð10Þ

D uju0ð Þ ¼ J u; u0ð Þ � kG u; u0ð Þ � Cu0 ð11Þ
where Cu0 represents original gene counts in spot u0; C

�
u0
repre-

sents gene counts in spot u0 after diffusion; and D(u|u0) is the
gene counts diffused from spot u0 to spot u. Based on Fick’s

first law, J represents diffusion flux, defined as:

J u; u0ð Þ ¼ u � jjCu0 jj1 � jjCujj1ð Þ ð12Þ
where u represents the diffusion rate, which is related to tem-
perature, liquid viscosity, and molecular size. We adjust u in
the range {0.1, 0.2, 0.3, . . ., 0.9} to obtain different simulation

results. kGðu; u0Þ is the Gaussian kernel function on the dis-
tance matrix, which can be written in the following form:

kG u; u0ð Þ ¼ 1ffiffiffiffiffiffiffiffiffiffiffi
2pð Þ2 jRj

p exp � 1
2
ðu� u0ÞR�1ðu� u0Þ

� �
ð13Þ

R ¼ r2
1 qr1r2

qr1r2 r2
2

� �
ð14Þ

where u0 and u denote the spatial coordinates of the source

spot u0 and target spot u, and |
P

| is the determinant of the
covariance matrix. We set r1 = r2 = 4 and q = 1 by default.
Simulation of dropout

To simulate dropout events, we first randomly select elements
in the gene expression matrix and set them to zero. The pro-

portion of selected elements to all is defined as the DR, and
we set this rate in the range {0.1, 0.2, 0.3, . . ., 0.9}. We then
construct TIST-net. To fill in missing data, we use the average

expression of adjacent non-zero vertices in TIST-net. Specifi-
cally, with the increase in the DR, the neighbor vertices of a
missing vertex may also be lost. Therefore, we loop the fill
operation above to ensure that all missed vertices are filled.

Experiments show that the number of loops is positively
related to the DR. We calculate KL divergence between two
gene expression vectors before and after the dropout operation

and define 1 � KL divergence as the dropout recovery score. A
higher recovery score indicates better filling results.
SDEG detection and evaluation

We detect SDEGs for each SC by TIST. Based on the good SC
identification results of TIST, we predominantly detect those

genes with spatial expression patterns that are displayed in cer-
tain SCs by means of the FindAllMarkers function in Seurat.
We select the top 100 genes with the largest log2 fold change
between the mean expression value in the target SC and others

using the Wilcoxon rank-sum test to test differences. We utilize
the significance level defined by SPARK to rank adjusted P
values for SDEGs and select the top 100 genes for further

analysis.
We reward genes with high total expression levels in adja-

cent spaces as more biologically meaningful and define Ges to

quantify the spatial enrichment effect as:

Ges ¼ X �N � XT ð15Þ
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Here, X represents the expression matrix with rows as genes
and columns as spots, and N is the spot adjacent matrix of the
k nearest neighbors (KNN) (selected according to the spatial

location of the spot and set as 1 by default). For a specific
gene g, its enrichment score equals to

P
i

P
jðxg;i � xg;j �NijÞ.

This gene enrichment score is normalized to 0–1 as follows:

G�
es ¼ Ges�min Gesð Þ

max Gesð Þ�min Gesð Þ ð16Þ
Quantitative indicators for evaluating clustering effects

To evaluate the similarity between the identified SC labels and
the ground truth data labels, we use two commonly used quan-
titative metrics: Adjusted Rand Index (ARI) and Normalized

Mutual Information (NMI):

ARI ¼
P

ij
SN Cij

2

	 

�
�P

i

SN Pi
2ð ÞP

j

SN Tj
2

� ��
SN
2ð Þ

1
2
½Pi

SN Pi

2

� �þPj
SN Tj

2

	 

� �
�P

i

SN Pi
2ð ÞP

j

SN Tj
2

� ��
SN
2ð Þ

ð17Þ

NMI ¼
2
P

i

P
j

SN Cij

SN
� logð SN�SN Cij

SN Pi �SN Tj
Þ

�ðPi
SN Pi

SN
� log SN Pi

SN
þPj

SN Tj

SN
� log SN Tj

SN
Þ

ð18Þ

Here, SN represents the number of all spots in one slice.
SN Pi represents the number of spots classified into the pre-
dicted cluster i, and SN Tj represents the number of spots in

the true cluster j. SN Cij represents the number of overlapping

spots between the predicted cluster i and the true cluster j.
Both ARI and NMI reach the highest value at 1 and lowest

score at 0, as the higher values indicate the better identification
performance.

To quantitatively assess the effects of different clustering

methods, we design both supervised and unsupervised indices.
Regarding supervised classification accuracy As, we define:

As ¼ Sconsistent

Sall

� 100% ð19Þ

Here, Sconsistent is the number of spots that belong to SCs
identified consistent with those in the ground truth, and Sall

is the number of all spots in a dataset. For an annotated data-

set, we first obtain labels of spots belonging to different SCs by
different methods and then map those cluster labels to the
ground truth by maximum matching and calculate the match-

ing proportion.
The unsupervised modularity Q score is introduced to mea-

sure the clustering effects of networks constructed by different
methods. The better clustering effects present more edges

within the same clusters and fewer edges among different clus-
ters. Here, we define:

Q ¼
X

c

Ninner

Nall

� 2Ninner þNouter

2Nall

� �2
 !

ð20Þ

where Ninner and Nouter represent the numbers of edges whose

vertices belong to the same clusters and different clusters,
respectively. Nall is the number of all edges in the network. C
represents all clusters in the network. The value of Q is posi-

tively related to a better clustering effect. The range of the Q
value is [�0.5,1). A previous study [20] has shown that a range
[0.3,0.7] of Q represents the most satisfactory clustering effect.
Data source

We benchmarked TIST on 32 real tissue slides by the Visium
platform, including 11 10x Genomics officially released sam-
ples (https://www.10xgenomics.com/resources/datasets; Table S1)

and 21 human primary liver cancer samples from our previous
study [21]. Among these samples, one mouse cerebral cortex
sample and one hepatocellular carcinoma (HCC) sample were
used for the in-depth performance assessment.

Data preprocessing

To extract the effective pixels of H&E staining images, we first

converted them into grayscale and then fitted a mixed Gaus-
sian model to identify the foreground pixels covered by tissue.
For spatial RNA-seq data, we normalized the gene expression

using the R package Seurat (v4.0.3) by the default method
LogNormalize. Then, the expression of each gene was scaled
to a standard normal distribution.

Results

TIST enables unsupervised identification of biologically

meaningful tissue domains

Different regions in complex tissues or organs display distinct
transcriptomic and histopathological patterns. We applied
TIST to two datasets with well-annotated regions and con-

firmed that TIST could effectively incorporate histopathologi-
cal information, leading to biologically meaningful SCs.

We first analyzed the mouse cerebral cortex dataset shown
in Figure 2A. We used manually annotated tissue domains

guided by the reference atlas diagram from Allen Institute
for Brain Science [22] as the ground truth (Figure 2A, Fig-
ure S2A; Table S2). The structure of the cerebral cortex is

highly complex, such that adjacent areas within the cortex
might be entirely different in both cell composition and func-
tion. For example, the dentate gyrus and the hippocampus

proper (Ammon’s horn) are the two main and interlocking
parts of the hippocampus formation [23]. The dentate gyrus,
consisting of granule cells, contributes to the formation of

new episodic memories and is one of the few structures where
neurogenesis takes place in the adult brain [24]. The hippocam-
pus proper plays a vital role in learning and memory. The prin-
cipal cell layers of the two parts are indicated with arrows in

the manual annotation results (Figure 2A).
Taking this manually annotated slide as a benchmarking

sample, we compared TIST with several classical and recently

published methods (Louvain [6], BayesSpace [8], STAGATE
[9], STEEL [10], SEDR [11], stLearn [13], and SpaGCN [14];
and the feature comparisons among these methods are listed

in Table S3) in terms of visualization results and two quantita-
tive indexes, ARI and NMI. Of note, considering the sensitiv-
ity of Louvain to the resolution parameter, we tested Louvain
in different resolutions and selected the parameter resolution

at 0.3 in the comparison (Figure S2B–D). Parameters in other
methods were set as default. Overall, the SCs identified by
TIST highly agreed with the ground truth and TIST performed

the best clustering accuracy with ARI = 0.68 and NMI= 0.78
(Figure 2A). Compared to Louvain, the classical clustering

https://www.10xgenomics.com/resources/datasets


Figure 2 SC identification results of TIST on mouse cerebral cortex dataset and HCC data

A. Comparisons among TIST and state-of-the-art methods on the mouse cerebral cortex dataset. The left column shows the

histopathological image and manual annotation of this dataset. For details on the methods, see Table S3. SC identification results, as well

as quantitative indexes ARI and NMI are shown, highlighting the hippocampus proper and the dentate gyrus in the hippocampus

formation with red arrows. B. SC identification results on an HCC dataset. The first column shows the histopathological image of the

HCC section, composed of T region on the left, BM region in the middle, and A liver region on the right. TLS regions with specific

histopathological characteristics are marked with red boxes. The second and third columns show the SC identification results of Louvain

and TIST, respectively. The fourth column displays one SC that TIST automatically identifies, which highly matches the TLS regions. The

last column visualizes the TLS score of each spot based on the 12-chemokine signature scoring method. C. Raw expression patterns (upper

panel) of typical 12-chemokine signature genes, including CCL2, CCL3, CCL5, CCL18, CCL19, and CCL21, and their TIST-enhanced

expression patterns (bottom panel). ARI, adjusted Rand index; NMI, normalized mutual information; T, tumor; BM, basement

membrane; A, adjacent; TLS, tertiary lymphatic structure; HCC, hepatocellular carcinoma.

Shan Y et al / TIST: Integrative Analysis for ST data 979
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method developed for scRNA-seq data, all the other methods
showed better performances. Beyond the two indexes, TIST
can also better use the image features to identify relatively tiny

tissue structures. For example, TIST accurately identified the
predominant cell layers of the hippocampus and the dentate
gyrus, compared to which the other methods did not precisely

recover these important structures.
To assess the effects of each individual network in TIST, we

re-calculated ARI and NMI by removing one network each

time (the transcriptomic similarity network, histopathological
similarity network, and physical spatial adjacency network,
respectively) (Figure S3). We found that the hippocampus
and the dentate gyrus cannot be identified accurately with

any of the other two networks. Quantitatively, the perfor-
mances were dropped by � 14% in ARI and � 6% in NMI
when any one network was removed. These results suggest that

the three networks contain complementary information and
TIST successfully integrates these features to improve the
accuracy for identifying relatively small tissue structures.

We further demonstrated the superior performance of TIST
with an HCC dataset (HCC-1L in Table S1) [21]. The section
covers the tumor border, enabling the dissection of immune

infiltration. With histopathological knowledge, we separated
the whole section into the tumor region on the left side, the
basement membrane in the middle, and an adjacent liver
region to the right of the section (Figure 2B). Notably, there

are several tertiary lymphatic structure (TLS) regions in the
adjacent liver region, marked with red boxes. TLS consists
of ectopic aggregates of lymphoid cells in inflamed, infected,

or tumoral tissues [25] and is reported to be closely related
to tumor progression and metastasis, serving as a potential
predictive marker for immunotherapy and prognosis [26].

Accurate identification of TLS regions from ST data is crucial
for comprehensively depicting the tumor immune microenvi-
ronment. We annotated TLS regions with a 12-chemokine sig-

nature scoring method [27] as a reference and compared the
TLS identification performance of TIST with that of Louvain.
As shown in Figure 2B, TIST manages to identify a cluster of
spatial domains denoted in seafoam color, which are consistent

with annotated high TLS score domains based on 12-
chemokine signature genes. However, the partition given by
Louvain has difficulty matching the TLS annotations.

Moreover, we enhanced gene expression patterns through
neighborhood smoothing based on TIST-net to interrogate
whether the enhanced gene expression could mitigate the tech-

nical noises and better recapture the details of the biological
tissue. Figure 2C shows six genes [27] with reported relation-
ships to TLS and compares their raw expression (upper panel)
and enhanced expression (bottom panel). Clearly, the

enhanced expression patterns show much more obvious spatial
patterns and match better with the TLS annotations in Fig-
ure 2B, confirming the capacity of TIST in integrating ST data

with the histopathological image.

TIST resists the noise induced by mRNA molecular diffusion

The diffusion of mRNA molecules during the permeabilization
process brings in inevitable noises challenging ST data analysis
but has not received enough attention. In the permeabilization

step, mRNA molecules can diffuse from their original loca-
tions into adjacent spots, leading to inaccurate spatial expres-
sion patterns. To showcase the severity of mRNA diffusion,
we inspected the blank area in the section without tissue cov-
erage, where no unique molecular identifiers (UMIs) should

be present. We observed 1.67%–23.6% (average 8.30%) UMIs
detected in blank areas in all datasets (Table S1) and visualized
the UMI counts in the blank area of the mouse cerebral cortex

dataset in Figure 3A.
We developed a diffusion simulation method according to

Fick’s first law of diffusion [19] and benchmarked TIST on

simulated datasets with ground truth. Figure 3B shows that
the simulated mRNA diffusion effect from the source spot u0
to any other target spot u, denoted D(u|u0), is negatively
related to the distance between the two spots and positively

related to the concentration gradient and diffusion rate u.
Here, the diffusion rate u models the influence of potential
diffusion-related factors, including temperature, liquid viscos-

ity, and molecular size.
We showed resistance of TIST to diffusion noise with mar-

ker genes that are specifically expressed in certain tissue

domains. Adarb1, reported to be associated with the nervous
system [28], was found to be specifically expressed in the
sensory-motor cortex-related zone of the thalamus (BS-IB-

IORsm). We tested simulated u ranging from 0.1 to 0.9 and
exhibited the results in Figure 3C and Figure S4A. TIST-
enhanced expression of Adarb1 restored its spatial pattern
even when the diffusion effect was tremendous (Figure 3C).

We further investigated various genes marking different SCs
with fixed diffusion rates (Figure 3D, Figure S4B). To further
validate the fidelity of gene enhancement, we compared all

these gene expression patterns with the well-annotated ‘‘refer-
ence” data from Allen Mouse Brain Atlas [22]. The enhanced
expression patterns by TIST are highly consistent with the

in situ hybridization (ISH) as well as immunofluorescence
(IF) results in the atlas (Figure S5). Comparing TIST-
enhanced profiles with raw expression patterns not undergoing

any simulation diffusion, we could conclude that TIST-
enhanced ST data well reserve the spatial expression patterns
and enable stable recapitulation of tissue structures even with
severe diffusion noise.

We further benchmarked TIST for SC identification and
classification with simulated datasets at different diffusion
rates and compared TIST with Louvain [6], a classical cluster-

ing method developed for scRNA-seq. The performance of
TIST compared with that of Louvain in identifying the hip-
pocampus proper and the dentate gyrus is shown in Figure 3E

and Figure S5B. To fully evaluate SC identification perfor-
mance of resisting diffusion noise, we investigated whether
TIST could identify SCs from simulated diffusion datasets that
well resemble the manually annotated results shown in Fig-

ure 2A. As shown in Figure 3F, TIST indeed achieves superior
SC identification and classification performance compared to
Louvain with higher recognition accuracy As across all diffu-

sion rate settings. An unsupervised modularity index was also
adopted as the metric [20] and agreed that TIST performs bet-
ter than Louvain at SC identification with diffusion noise

(Figure S5C).

TIST accommodates high DR

As with scRNA-seq, ST methods also suffer from a low
mRNA capture rate, resulting in a large proportion of false



Figure 3 Resistance of TIST to diffusion noise

A. Example of mRNA diffusion in SEQ-ST data. The left heatmap displays the UMI counts detected on the slide area not covered by

tissue, induced by mRNA diffusion from the tissue-covered area. The right histogram shows the distributions of UMI counts detected in

the blank area and in the tissue-covered area on the slide. B. Schematic of the simulation model of diffusion noise, describing the diffusion

effect that is produced by the source spot u0 and acts on any other target spot u. The peak height represents the concentrations of mRNA

molecules of a certain gene at the matching spot. C. Simulated expression patterns of the marker gene Adarb1 with different settings of

diffusion rate (upper panel) and the corresponding TIST-enhanced expression patterns (lower panel). D. Simulated expression patterns of

the marker genes Ramp3, Enpp2, Klk8, and Hpca, with a diffusion rate fixed at 0.3 (upper panel) and the corresponding TIST-enhanced

expression patterns (lower panel). E. Performances of Louvain (upper panel) and TIST (lower panel) in identifying and segregating the

hippocampus proper and the dentate gyrus at different simulated diffusion rates. F. SC identification accuracies of Louvain (blue line) and

TIST (red line) on the whole dataset given different simulation diffusion rates. u, diffusion rate; As, identification accuracy; UMI, unique

molecular identifier.
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zeros for expressed genes, which are called ‘‘dropout” events.
Currently, SEQ-ST datasets can reach a median of 600 to

6000 genes detected per spot (Table S1). A high ratio of
dropout would compromise the accuracy of downstream anal-
yses. There is an urgent need to develop ST analysis methods

to overcome high DR.
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First, Hpca, a specific marker gene of the hippocampus
proper [29], was selected to test whether TIST could enhance
gene expression effectively from ST data with different drop-

outs. We randomly removed 10%–90% of non-zero data in
the original expression matrix and used TIST-net to fill and
restore the expression patterns. As the DR increased, the

aggregation effect of Hpca expression gradually weakened
(Figure 4A). Its spatial expression pattern became increasingly
difficult to discern based on raw data. TIST-enhanced expres-

sion maintained distinct domain enrichment until the DR
reached 0.8 (Figure 4A, Figure S5A). Fixing the simulated
DR as 0.5, we further inspected various marker genes; and
the results are shown in Figure 4B and Figure S6A. In addi-

tion, we designed a recovery score to quantitively measure
how well TIST-enhanced expression profiles from simulated
dropout datasets resemble expression patterns before simulat-

ing dropouts. We selected 49 genes (Table S4) reported to be
related to brain activities [22] for evaluation. As shown in Fig-
ure 4C, it would be difficult to recover gene expression with

high fidelity if we dropped more than 40% of the expressed
genes from the currently measured ST data.

Next, we evaluated the influence of dropout on SC identifi-

cation. Using the example of the hippocampus proper and the
dentate gyrus, we compared the performance of TIST against
that of Louvain with simulated DRs ranging from 0.1 to 0.8.
As shown in Figure 4D, Louvain always fails to distinguish

the two regions, while TIST allows accurate identification
and segregation of the two regions when the simulated DR is
less than 0.6. We also quantitatively measured the SC identifi-

cation performance on the whole mouse cerebral cortex data-
set with both the supervised and unsupervised metrics
(Figure 4E, Figure S6B), finding that the dropout resistance

of TIST regarding SC identification significantly surpasses that
of Louvain.

TIST refines the detection of spatial expression patterns

The detection of SDEGs is a powerful way to link spatial
regions with biological functions. Previous work has shown
that SPARK, built upon a generalized linear spatial model

with a variety of spatial kernels, is a powerful tool for revealing
spatial expression patterns [12]. We thus compared TIST with
SPARK in identifying SDEGs on the mouse cerebral cortex

dataset.
We evaluated SDEG identification by comparing the

top 100, top 500, and top 1000 SDEGs identified by TIST

and SPARK. As shown in Figure 5A, only 6 genes were shared
in the top 100 SDEGs, while the overlap increased as the total
number increased, up to nearly 50% in the top 1000 SDEGs.
We then used a spatial enrichment score to quantitatively eval-

uate the identified SDEGs. From the top 100 to top 1000, the
SDEGs identified by TIST have significantly higher scores
than SPARK (Figure 5B). To examine the identified genes

with more detail, we visualized the expression patterns of the
top 100 SDEGs by the two methods. Most SDEGs only iden-
tified by TIST showed strong spatial patterns (Figure 5C, Fig-

ure S7) as the 6 SDEGs identified by both methods
(Figure 5D). However, many SDEGs only identified by
SPARK seemed to be affected by data noises (Figure 5E, Fig-

ure S8). We further investigated the functional enrichments of
the 94 exclusive SDEGs identified by TIST and SPARK,
separately. Gene set analysis showed that the 94 SDEGs iden-
tified by TIST were significantly enriched in GO terms related
to brain activities, but the 94 SDEGs of SPARK were enriched

in non-related terms (Figure S9).
To further assess the reliability of gene enhancement, we

additionally compared TIST with stLearn. Taking the mouse

cerebral cortex sample as an example, we used the 49 marker
genes related to brain activities for evaluation [22] and simu-
lated dropout events on this dataset setting DR from 0.1 to

0.7, followed by applying TIST and stLearn to it. Comparing
the two, we observed that TIST reaches greater median recov-
ery scores than stLearn when DR is less than or equal to 0.3,
whereas the scores of stLearn generally have smaller variance

among the 49 genes than TIST (Figure S10A). Setting DR as
0.5, we then divided these genes into two groups: genes on
which stLearn achieves greater recovery scores than TIST

(stLearn > TIST) and the other genes on which TIST achieves
better performance than stLearn (TIST > stLearn). We found
that TIST performed better on genes with higher expression

levels, lower DRs, and stronger spatial enrichment patterns
(Figure S10B). It suggests that TIST has higher precision
and stLearn has higher sensitivity. As summary, TIST could

resist technical noises and identify more biologically meaning-
ful spatial expression patterns.

TIST benefits gene co-expression inference from ST data

It remains a great challenge to effectively incorporate spatial
information from ST data and enable reliable detection of gene
co-expression patterns in specific tissue regions. We show that

TIST-identified SCs could facilitate the detection of region-
specific gene co-expression patterns and shed light on compli-
cated cell–cell communication in tissue.

The hippocampus formation in the mouse cerebral cortex
dataset is split by TIST into three SCs, including principal cell
layers in the hippocampus proper (SC_3), the dentate gyrus

(SC_9), and the remaining part (SC_2). We first compared
the gene co-expression strength within the three SCs. Figure 6A
visualizes the Spearman correlation coefficients between any
pair of genes in the top 2000 SDEGs found by TIST. Gene

co-expression is significantly stronger in the dentate gyrus
region (SC_9) than in the other two regions, suggesting that
the dentate gyrus undergoes highly precise regulation of gene

expression, which might account for its critical role in neuroge-
nesis. We further investigated cell communication with Cell-
Chat [30] to infer the strength of cell communication within

and among the three SCs. Figure 6B shows significant
ligand–receptor pairs within each SC, among which we marked
cases supported by literature evidence with red underlines
(Table S5). For instance, Wnt ligands binding to the combina-

tion of Fzd1/3 and Lrp6 co-receptors are reported to activate
intracellular signaling and facilitate brain development as well
as adult hippocampal neurogenesis [31], in line with the fact

that the dentate gyrus region (SC_9), where neurogenesis takes
place, enriches up to four related ligand–receptor pairs
(marked with red box). Figure 6C visualizes significant

ligand–receptor binding patterns among the three SCs. Specif-
ically, the hippocampus proper (SC_3) communicates quite
actively with the other two SCs, as the red color representing

SC_3 takes up the highest proportion of ligand–receptor pairs
in the outer ring. We further analyzed the communication



Figure 4 Resistance of TIST to dropout noise

A. Simulated expression patterns of the marker gene Hpca with DRs ranging from 0.1 to 0.8 (upper panel) and the corresponding TIST-

enhanced expression patterns (lower panel). B. Simulated expression patterns of the marker genes Ramp3, Enpp2, Klk8, and Adrab1 at a

fixed DR of 0.5 (upper panel) and the corresponding TIST-enhanced expression patterns (lower panel). C. Boxplot of recovery scores that

TIST achieves on 49 genes reported to be related to brain activities under different simulated DRs. The dotted line connects the median

recovery scores in each condition. D. Performances of Louvain (upper panel) and TIST (lower panel) in identifying and segregating the

hippocampus proper and the dentate gyrus at different simulated DRs. E. SC identification accuracies of Louvain (blue line) and TIST

(red line) on the whole dataset given different simulated DRs. DR, dropout rate.
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Figure 5 Performance of TIST in facilitating SDEG detection

A. Venn diagram of the top 100, 500, and 1000 SDEGs identified by TIST and SPARK. B. Quantitative assessment of the top 100, 500,

and 1000 SDEGs detected by TIST and SPARK. The yellow and blue dotted lines indicate average spatial enrichment scores of SPARK

and TIST, respectively. P value is calculated by t-test. C. Spatial expression patterns of typical genes detected by TIST, but not by

SPARK, in the top 100 SDEGs. D. Spatial expression patterns of typical genes commonly identified by both TIST and SPARK in the

top 100 SDEGs. E. Spatial expression patterns of typical genes detected by SPARK, but not by TIST, in the top 100 SDEGs. Scattered

spots with singularly high expression are marked with red boxes. SDEG, spatially differentially expressed gene.
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Figure 6 Spatial co-expression analysis based on TIST

A. Bar plot showing the co-expression strength represented by Spearman correlation coefficients within three SCs (SC_2, SC_3, and SC_9)

composing the hippocampus formation. B. Bubble plot of ligand–receptor pairs enriched within each of the three SCs. The area of the

bubble represents the P value, while the color shows the interaction strength. We underline the ligand–receptor pairs supported by

literature evidence. C. Circos plot showing ligand–receptor pairs among SC_2, SC_3, and SC_9. Curved arrows indicate the ligand–

receptor relationships. Genes detected to be specific in different SCs are listed outside the circle. D. Communication strength between the

three SCs and the others. The thickness of the curve represents the communication strength between two SCs that the curve connects. Spot

size represents the number of enriched ligand–receptor pairs.
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between the three SCs and the other TIST SCs identified in the

mouse cerebral cortex dataset. SC_3 maintained generally
strong interactions with most SCs (Figure 6D). These observa-
tions echo the fact that the hippocampus properly contains

hub neurons possessing widespread axonal arborizations [32].

TIST adapts to diverse tissue types

In addition to the mouse cerebral cortex and the HCC sam-
ples, we tested TIST with 32 samples in total (Table S1), cov-
ering diverse tissue types and different pathological conditions,

including 11 10x Genomics officially released samples (Figure 7,
Figure S11) and 21 human primary liver cancer samples from
our previous study [21] (Figure S12). For the mouse brain
sagittal anterior slide, TIST successfully detected the local
structure olfactory area (OLF) in this tissue [22], and the

enhanced gene expression patterns are consistent with the
ISH data (Figure 7A and B). For another example of a human
breast cancer slice, TIST found a small-size TLS next to a big-

ger one, IDC_3 region (circled by red dashed lines in
Figure 7C), which was verified by a TLS score. Also, TIST
refined the boundary between the Tumor_edge_3 and

Tumor_edge_6 regions (circled by a yellow dashed line in Fig-
ure 7C). These results suggest that TIST is applicable to differ-
ent tissue types.

Discussion

We proposed TIST tailored toward SEQ-ST data by effectively

integrating ST data and histopathological images via a



Figure 7 SC identification results of TIST on datasets with diverse sample types

A. SC identification results of TIST on a mouse brain sagittal anterior dataset from 10x Genomics. Histopathological image, manual

annotation, and SC identification of TIST are shown from left to right. The tiny structure OLF is emphasized in the red box. B. Gene

enhancement results of TIST of typical genes Doc2g and Gng4. Raw expression pattern, TIST-enhanced expression pattern, and reference

ISH image are listed in order. C. SC identification results of TIST on a human breast cancer dataset from 10x Genomics. The upper panels

show the histopathological image andmanual annotation, respectively. TwoTLS regionswere circled by red dashed lines and a refined tumor

region was circled by a yellow dashed line. The SCs identified by TIST are shown at the left bottom. The TLS scores are visualized at the right

bottom. OLF, olfactory area; ISH, in situ hybridization.
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network-based multimodal data fusion strategy. TIST unsu-
pervisedly groups spots into SCs with coherent gene expression
patterns, histopathological features, and biological functions,

and enhances spatial expression signals from noisy ST data.
The ablation experiments show that the three different data
modalities provide complementary information, which has

been successfully integrated by TIST. The features from
histopathological images are helpful for identifying small
structures by providing strong boundary penalties.

We reported that mRNA diffusion during the process of
tissue permeabilization inevitably induces noise in ST data
and blurs spatial expression patterns, which has not yet
received enough attention. We demonstrated the severity of

the diffusion noise and its interference in downstream ST anal-
yses and showed that TIST could mitigate the technical noise
by effectively integrating ST data and the matching

histopathological images.
The rapid development of ST techniques has relieved some

technical drawbacks, such as limited resolution, but many

challenges remain to be solved [33]. Ideally, we want to
obtain the expression profiles of individual cells together with
their locations. For SEQ-ST, each spot captures mRNAs

from proximal cells in the tissue section covering the slide.
It would be difficult to obtain the mapping relationship
between spots and cells and accurately recover expression
profiles at the single-cell level from spot-level ST data. As

histopathological images are taken prior to ST sequencing,
they are expected to capture the ground truth cell arrange-
ment and help obtain ideal single-cell ST data. However, reli-

able SC annotation and standardized positional mapping
between ST data and image are still in need among popular
SEQ-ST techniques. By now only 10x Genomics could pro-

vide them at the same time, so we are also working to add
an automatic alignment method to mapping ST data with
histopathological images for other platforms such as Seq-

Scope [4] and Stereo-seq [5]. Collectively, it may be possible
to extend TIST to realize accurate single-cell ST analysis
given that TIST provides an excellent multimodal feature
extraction and data fusion method.

Code availability

The source code of TIST can be accessed at https://ngdc.cncb.
ac.cn/biocode/tools/BT007317 and http://lifeome.net/soft-
ware/tist/.
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[1] Asp M, Bergenstråhle J, Lundeberg J. Spatially resolved tran-

scriptomes — next generation tools for tissue exploration.

Bioessays 2020;42:e1900221.

[2] Eng CHL, LawsonM, Zhu Q, Dries R, Koulena N, Takei Y, et al.

Transcriptome-scale super-resolved imaging in tissues by RNA

seqFISH+. Nature 2019;568:235–9.

[3] Rodriques SG, Stickels RR, Goeva A, Martin CA, Murray E,

Vanderburg CR, et al. Slide-seq: a scalable technology for

measuring genome-wide expression at high spatial resolution.

Science 2019;363:1463–7.

[4] Cho CS, Xi J, Si Y, Park SR, Hsu JE, Kim M, et al. Microscopic

examination of spatial transcriptome using Seq-Scope. Cell

2021;184:3559–72.

[5] Chen A, Liao S, Cheng M, Ma K, Wu L, Lai Y, et al.

Spatiotemporal transcriptomic atlas of mouse organogenesis

using DNA nanoball-patterned arrays. Cell 2022;185:1777–92.

[6] Blondel VD, Guillaume JL, Lambiotte R, Lefebvre E. Fast

unfolding of communities in large networks. J Stat Mech Theory

Exp 2008;2008:P10008.

[7] Hao Y, Hao S, Andersen-Nissen E, Mauck 3rd WM, Zheng S,

Butler A, et al. Integrated analysis of multimodal single-cell data.

Cell 2021;184:3573–87.

[8] Zhao E, Stone MR, Ren X, Guenthoer J, Smythe KS, Pulliam T,

et al. Spatial transcriptomics at subspot resolution with BayesS-

pace. Nat Biotechnol 2021;39:1375–84.

https://ngdc.cncb.ac.cn/biocode/tools/BT007317
https://ngdc.cncb.ac.cn/biocode/tools/BT007317
http://lifeome.net/software/tist/
http://lifeome.net/software/tist/
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0005
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0005
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0005
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0010
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0010
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0010
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0015
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0015
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0015
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0015
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0020
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0020
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0020
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0025
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0025
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0025
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0030
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0030
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0030
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0035
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0035
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0035
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0040
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0040
http://refhub.elsevier.com/S1672-0229(22)00167-X/h0040


988 Genomics Proteomics Bioinformatics 20 (2022) 974–988
[9] Dong K, Zhang S. Deciphering spatial domains from spatially

resolved transcriptomics with an adaptive graph attention auto-

encoder. Nat Commun 2022;13:1739.

[10] Chen Y, Zhou S, Li M, Zhao F, Qi J. STEEL enables high-

resolution delineation of spatiotemporal transcriptomic data.

Research Square 2022. https://doi.org/10.21203/rs.3.rs-1240258/

v1.

[11] Fu H, Xu H, Chong K, Li M, Ang KS, Lee HK, et al.

Unsupervised spatially embedded deep representation of spatial

transcriptomics. bioRxiv 2021;448542.

[12] Sun S, Zhu J, Zhou X. Statistical analysis of spatial expression

patterns for spatially resolved transcriptomic studies. Nat Meth-

ods 2020;17:193–200.

[13] Pham D, Tan X, Xu J, Grice LF, Lam PY, Raghubar A, et al.

stLearn: integrating spatial location, tissue morphology and gene

expression to find cell types, cell–cell interactions and spatial

trajectories within undissociated tissues. bioRxiv 2020;125658.

[14] Hu J, Li XJ, Coleman K, Schroeder A, Ma N, Irwin DJ, et al.

SpaGCN: integrating gene expression, spatial location and

histology to identify spatial domains and spatially variable genes

by graph convolutional network. Nat Methods 2021;18:1342–51.

[15] Cutiongco MFA, Jensen BS, Reynolds PM, Gadegaard N.

Predicting gene expression using morphological cell responses to

nanotopography. Nat Commun 2020;11:1384.

[16] Jarvis RA, Patrick EA. Clustering using a similarity measure

based on shared near neighbors. IEEE Trans Comput 1973;C-

22:1025–34.

[17] Li SZ. Modeling image analysis problems using Markov random

fields. Handb Stat 2003;21:473–513.

[18] Pons P, Latapy M. Computing communities in large networks

using random walks. In: Yolum P, Güngör T, Gürgen F, Özturan
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