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Abstract

Spermatogenesis is a complex and dynamic 
cellular differentiation process critical to male 
fertility. Although the full continuum of gene 
expression patterns from spermatogonial stem 
cells (SSCs) to spermatozoa in steady state 
was characterized using single-cell RNA 
sequencing  technologies, the transcriptional 
dynamics of spermatogenesis within its native 
tissue context was largely unexplored. The 
recent development of spatial transcriptomics 
(ST) technologies has transformed male fertil-
ity research from a single-cell level to a two-
dimensional spatial coordinate system and 
facilitated the study of spermatogenesis in the 
native environment of both the rodent and 
human testes. The spatial gene expression 
information generated by these ST technolo-
gies requires new computational approaches 
to extract novel biological insights. These 

requirements include, but are not limited to, 
spatial mapping of testicular cell types, identi-
fying spatially variable genes, and understand-
ing the molecular cross-talk between testicular 
cell types. Here, we review computational 
approaches that have been used to dissect 
mammalian spermatogenesis in the context of 
ST.  We also highlight new computational 
approaches that can be leveraged to reveal 
novel insights into male fertility.
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1	� Introduction

Male fertility relies upon proper germ cell prolif-
eration and differentiation within the seminifer-
ous tubules of the testis to facilitate the constant 
production of sperm. Spermatogenesis begins 
with the self-renewal and differentiation of sper-
matogonial stem cells (SSCs) and ends with the 
generation of spermatozoa [1, 2]. This process is 
driven by the dynamic coordination between 
germ cells and their surrounding somatic cells [3, 
4]. Such coordination is difficult to investigate 
using current single-cell sequencing technologies 
such as single-cell RNA sequencing (scRNA-
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Fig. 8.1  Four critical 
topics related to ST data 
analysis and 
interpretation

seq). This is because these technologies require 
tissue disassociation, therefore disrupting the 
native tissue context. In contrast, recent 
breakthroughs in spatial transcriptomics (ST) 
technologies have made it possible to examine 
reproductive processes, including spermatogene-
sis, within the native tissue context (see a recent 
review [5] for details). The data generated by ST 
technologies is an entirely new type which 
requires specialized data analytical solutions. 
Thus, ST-specific algorithms that utilize spatial 
information must be developed to investigate and 
interpret gene expression data from a spatial per-
spective. This book chapter focuses on four criti-
cal topics related to ST data analysis and 
interpretation in the context of mammalian sper-
matogenesis (Fig. 8.1): (1) ST data quality con-
trol and preprocessing, including data quality 
assessment, filtering, and quality improvement; 
(2) single-cell- and tissue-level annotations in ST 
data; (3) tissue-wide gene expression exploration 
using ST data; and (4) inference of cell-cell com-
munications from ST data.

2	� ST Data Quality Control 
and Preprocessing

Current ST technologies can be primarily catego-
rized into two classes based on their design prin-
ciples (for reviews, see [5–7]). The first class 

relies on the imaging of predetermined mRNA 
targets such as in situ hybridization (ISH)- and in 
situ sequencing (ISS)-based methods. For exam-
ple, an in situ RNA sequencing protocol has 
recently been established specifically for testicu-
lar samples [8]. This protocol can be divided into 
three parts (Fig. 8.2): (i) sample pretreatment & 
library preparation. A set of testicular genes are 
targeted with a custom-designed barcoded pad-
lock probe library. Probes that have specifically 
interacted with the targeted transcripts are ampli-
fied by rolling circle amplification (RCA) reac-
tion using phi29 polymerases, and the specific 
amplification generates signals with a high 
signal-to-noise ratio in testis cross sections; (ii) 
in situ barcode sequencing reaction & imaging. 
Specific barcode sequence on the padlock probes 
for each targeted gene is decoded by sequential 
hybridization/ligation reaction and imaging 
cycles. The signals are detected by fluorescently 
labeled oligonucleotide libraries. Automatic con-
focal imaging through multiple fields of view 
enables high throughput; and (iii) image analysis. 
After image acquisition, images are processed 
with an analysis pipeline tailored for testicular 
samples. The pipeline includes signal deconvolu-
tion, image registration, and image segmentation. 
A x-y coordinates map of each individual mRNA 
transcript and the gene count matrix for each cell 
in the tissue section are generated, allowing accu-
rate reconstruction of the spatial distribution of 
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Fig. 8.2  In situ RNA sequencing. (a) Schematic of the in 
situ RNA sequencing workflow. (b) An example in situ 
RNA sequencing image of a mouse testis cross section. 

White dashed lines mark the basement membranes of the 
seminiferous tubules.

mRNA transcripts within the testicular tissue 
section.

The second class of ST technologies includes 
unbiased approaches that build on spatial isola-
tion/capture of RNA molecules using spatially 
indexed arrays followed by next-generation 
sequencing (NGS) (Fig.  8.3). For example, a 
high-resolution ST approach called Slide-seqV2 
was employed to generate the first spatial tran-
scriptome atlas of the mouse and human testis 
[8]. The Slide-seqV2 technology relies on the in 
situ capture of testicular mRNA transcripts by an 
array of poly(dT)-containing, spatially barcoded 

beads [9]. Each bead is also called a “spot” and is 
10 μm in diameter. Through a streamlined com-
putational workflow, the identity of each mRNA 
species and their counts and spatial distributions 
can be inferred from the sequencing data with 
high accuracy.

Despite a variety of designs of the ST tech-
nologies, the resulting ST data all take the form 
of two matrices: (1) a gene expression matrix that 
records the mRNA abundance for each cell or 
“spot” and (2) a spatial coordinate matrix that 
records the spatial location (x-y) of each cell or 
spot. In imaging-based ST technologies as well 
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Fig. 8.3  Array-based 
ST technologies. (a) 
Schematic of the 
Slide-seqV2 workflow. 
(b) An example of a 
mouse testis cross-
section image digitally 
reconstructed using the 
Slide-seqV2 data

as the array-based approaches such as 10X 
Genomics Visium, the morphology of the profiled 
tissue section is also recorded. Similar to scRNA-
seq data, the amount of mRNA transcripts cap-
tured by the ST technologies only accounts for a 
small portion of the total mRNA in the tissue due 
to a low mRNA capture efficiency. Moreover, 
some genes known to be present in the sample 
may be missing entirely (i.e., gene dropouts). In 
addition, gene diffusion caused by the experi-
ment and the inner batch effect is a common 
problem in ST data generated by array-based ST 
technologies. Therefore, it is necessary to per-
form data filtering, normalization, and data impu-
tation to improve the data quality for subsequent 
analysis.

2.1	� Data Filtering

For the data generated by array-based ST tech-
nologies, it is necessary to determine which spots 
are covered by tissues and contain real tran-
scripts. Some arbitrary screening can be per-
formed to retain these spots, such as by screening 
the number of unique molecular identifiers 
(UMIs) to filter out spots with a low mRNA cap-
ture rate. Low-quality cells or spots are further 
filtered based on the number of genes captured in 
each cell or spot (low-quality cells or spots con-
tain very few genes) and the percentage of mito-
chondrial genes (low-quality or dying cells often 
exhibit extensive mitochondrial contamination). 
Genes detected in a few cells or spots (usually 
less than three) are also removed.
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2.2	� Data Normalization

Normalization helps to reduce the negative 
impact of technical noises and bias in sequencing 
depth on downstream analyses. Currently, most 
ST data are normalized using tools that are made 
for scRNA-seq data. For example, the testis 
Slide-seqV2 data was normalized using an 
approach called SCTransform. SCTransform 
[10] fits a regularized negative binomial model to 
raw gene count data. The residuals of this model 
can be used as normalized and variance-stable 
values. However, depending on the ST technol-
ogy used, the distribution and sparsity of the 
resulting ST data may differ from those of 
scRNA-seq data. Therefore, various scRNA-seq 
data normalization algorithms may need to be 
tested on the ST data. The spatial information of 
the ST data may be leveraged to enable the nor-
malization of spatial expression. For example, 
the stSME algorithm from stLearn incorporates 
spatial location, gene expression, and morpho-
logical similarity to normalize gene expression 
data [11].

2.3	� Data Imputation

Imputation aims to leverage the existing gene 
expression data to predict the expression of 
unmeasured genes. It is usually performed on 
data generated by array-based ST technologies 
because the data are relatively sparse compared 
to the data generated by other ST technologies. 
For instance, adaptively thresholded low-rank 
approximation (ALRA), a method for imputation 
of scRNA-seq data, has recently been employed 
to impute testis Slide-seqV2 data [12]. ALRA 
takes advantage of the nonnegativity and low-
rank structure of the gene expression matrix to 
selectively impute technical zero values while 
preserving biological zeros [13]. Other 
approaches, such as linked inference of genomic 
experimental relationships (LIGER) [14] and 
Seurat [15] perform imputation by joint embed-
ding a scRNA-seq reference dataset of the same 
tissue with the ST data. They impute the unmea-
sured genes of ST data based on the connection 

between cells in the two datasets. Recent adapta-
tions of machine learning techniques such as stP-
LUS [16] impute missing genes in ST data by 
learning the gene expression information from a 
reference scRNA-seq dataset of the tissue in 
question. However, none of these methods take 
advantage of the spatial and histology informa-
tion of the tissue which may provide additional 
assistance for gene imputation.

3	� Cell-Type Annotations

Similar to the scRNA-seq data analysis, cell-type 
annotation provides the foundation for down-
stream ST data interpretation, including the study 
of tissue organization and cell-cell communica-
tions (CCCs).

For imaging-based ST technologies, cell-type 
annotation can be achieved by clustering analysis 
on gene expression features followed by identify-
ing marker genes that match prior biological 
knowledge in digitally segmented cells. Thus, 
three computational procedures are keys to the 
cell-type annotation of imaging-based ST data: 
segmentation, clustering, and marker gene 
assignment. First, numerous methods are avail-
able to delineate cell boundaries in fluorescent 
images. For example, in a recent study, 
CellProfiler was used to segment cells from an in 
situ sequencing dataset of a mouse testis section 
[8]. However, given the various sizes and shapes 
of testicular cells, the accurate delineation of tes-
ticular  cell boundaries remains challenging. 
Emerging machine learning-based approaches 
such as Cellpose [17] may overcome this chal-
lenge. Second, to cluster the segmented cells, the 
clustering approaches designed for scRNA-seq 
data, such as those implemented in Seurat [15] 
and SCANPY [18], are usually used. These 
approaches leverage the Leiden or Louvain clus-
tering on a set of feature genes selected by per-
forming dimensionality reduction with methods 
such as the principal component analysis (PCA), 
t-distributed stochastic neighbor embedding 
(t-SNE), or uniform manifold approximation and 
projection (UMAP) on gene expression data. 
However, these approaches do not consider the 
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spatial information of gene expression. Recent 
spatial clustering work combines spatial distance 
information or tissue morphological information 
with gene expression profiles. For example, 
BayesSpace builds on a Bayesian model to 
identify spatial clusters with similar expressions 
[19]. SpaGCN [20] and SEDR [21] use an auto-
encoder to integrate the spatial distance and gene 
expression for a low-dimensional embedding of 
the gene expression data for clustering. Finally, 
after clustering, cells in the same cluster are con-
sidered to be the same cell type. Prior biological 
knowledge can be leveraged to manually assign 
cell type identities based on the marker genes 
extracted from differentially expressed genes 
(DEGs) in each cell cluster. However, there are 
caveats associated with this approach. For exam-
ple, some marker genes may be expressed in 
more than one cluster. A combination of marker 
genes may be required to distinguish two cell 
types from the same origin. Moreover, prior stud-
ies may provide conflicting information on the 
choice of marker genes for a given cell type. 
Therefore, relevant domain knowledge is crucial 
when choosing marker genes for the cell-type 
annotation of a specific tissue type.

For array-based ST technologies such as 
Slide-seqV2 and 10X Genomics Visium, the cell-
type annotation faces a different set of chal-
lenges. In these approaches, tissue mRNAs are 
captured by patterned spots, and each spot is con-
sidered the minimum processing unit (i.e., a 
pseudo-cell) even though one spot may capture 
transcripts from two or more “real” cells in a tis-
sue slice. This spatial misalignment between the 
array spots and cells in the tissue requires the 
deconvolution of the mRNA signals captured by 
each spot. Current ST data deconvolution meth-
ods estimate the composition of mRNA signals 
within each spot mostly by transferring cell-type 
signatures defined by a reference scRNA-seq 
dataset of a matching tissue type to the ST data. 
For instance, robust cell-type decomposition 
(RCTD) estimates the cell-type proportion of sig-
nals in each spot by treating the ST data of each 
spot as a linear combination of the transcriptome 
of different cell types measured by scRNA-seq 
[22]. RCTD was recently used to assign cell-type 

information in the mouse and human testis Slide-
seqV2 data [12]. The results matched the known 
spatial localization of major testicular cell types. 
Besides RCTD, other emerging deconvolution 
methods may also be applied to the testis ST data. 
For example, SPOTlight employs a seeded non-
negative matrix factorization regression and ref-
erence scRNA-seq data to infer the location of 
cell types and states within a tissue [23]. Tangram, 
a deep-learning framework, learns a spatial align-
ment of scRNA-seq data from a paired ST data 
[24]. In Cell2location, cell-type signatures are 
first extracted from a scRNA-seq reference data-
set and then used to decompose the mRNA counts 
in the ST data using a hierarchical Bayesian 
model [25]. More recently, CytoSPACE allows 
for the mapping of individual cells from a refer-
ence scRNA-seq dataset to spatial locations in an 
ST dataset by formulating the single-cell/spot 
assignment as a convex optimization problem 
and solving this problem using the Jonker–
Volgenant shortest augmenting path algorithm 
[26]. Redeconve goes beyond cell-type-level 
deconvolution to map fine-grained cell states by 
treating each cell of the reference scRNA-seq 
data as a distinct cell state reference [27]. It is 
worth noting that annotations of cell types in ST 
data can only be as good as those of the reference 
scRNA-seq datasets. Therefore, it is challenging 
to identify new cell types or cell states that are 
not already present in the scRNA-seq datasets.

4	� Tissue-Wide Gene 
Expression Exploration

One of the key advances of ST technologies com-
pared to scRNA-seq technologies is the ability to 
capture the spatial distribution of gene expression 
within intact tissue slices or even within individ-
ual cells. These genes, termed spatially variable 
genes (SVGs), are similar to the DEGs proposed 
in scRNA-seq studies. The main difference is that 
SVGs are detected to study the spatial expression 
patterns since genes with nonrandom spatial 
expression patterns may exert specialized func-
tions in tissues or cells, while DEGs are calcu-
lated to define the specificity of a certain cluster 
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compared to other clusters. A plethora of compu-
tational approaches have been developed to 
detect SVGs using ST data. For example, SPARK 
identifies SVGs based on nonparametric Gaussian 
process (GP) regression [28]. It has been recently 
applied to testis Slide-seqV2 data to identify 
SVGs in individual seminiferous tubules [8]. 
Recent machine learning-based methods may 
also be applied to the testis Slide-seqV2 data. For 
instance, sepal identifies SVGs by assuming that 
genes with spatial patterns will demonstrate a 
lower degree of randomness (diffusions) and a 
higher degree of structure. Therefore, compared 
to genes with a uniform pattern across different 
spatial locations, SVGs require more iterations 
for the gradient algorithm to converge. And a 
long convergence time of the system is indicative 
of a structured spatial pattern [29]. GLISS, on the 
other hand, is a graph-based method that con-
structs a mutual nearest neighborhood graph 
from spatial coordinates and relies on a graph-
based feature selection procedure to select SVGs 
[30].

It’s worth noting that the abovementioned 
methods are mostly geared toward the identifica-
tion of global spatial patterns in gene expression 
without taking into account the cell-type infor-
mation. It has been challenging to identify cell-
type-specific SVGs for array-based spatial 
transcriptomics technologies, such as 10x 
Genomics Visium and Slide-seqV2, as they can 
capture multiple cell types on individual spots. 
The presence of cell-type mixtures complicates 
the estimation of cell-type-specific SVGs because 
different cell types have different gene expres-
sion profiles, independent of spatial locations. 
Even for single cell-level, imaging-based spatial 
transcriptomics technologies, such as MERFISH 
[31, 32] and seqFISH [33], diffusion of reagents 
or imperfect cellular segmentation may still 
cause mixing across cell types. Not accounting 
for cell-type proportions leads to biased estimates 
of differential gene expression at different spatial 
locations due to cell-type proportion changes or 
contamination from other cell types. To this end, 
cell-type-specific inference of differential expres-
sion (C-SIDE) was developed. C-SIDE models 
gene expression as an additive mixture across 

cell types of log-linear cell-type-specific expres-
sion functions. It takes as input one or more bio-
logically relevant covariates, such as spatial 
position or cell-type colocalization, and identifies 
genes, for each cell type, that significantly change 
their expression as a function of these covariates 
[34]. Similarly, Niche-DE was recently devel-
oped to identify local gene expression differences 
of a cell type in the presence of another cell type 
from ST data [35]. Different from C-SIDE, how-
ever, niche-DE adjusts for cell-type-specific 
library size and conducts hierarchical FDR con-
trol [35].

5	� Inference of Cell-Cell 
Communications (CCCs)

CCC is a key aspect of cell and tissue biology 
that mediates cellular characteristics. Cell loca-
tion affects CCCs and associated gene expression 
partly because molecules mediating CCCs form 
concentration gradients as they diffuse from their 
producing cells and trigger different signaling 
programs in receiver cells. For this reason, it is 
important to account for the spatial context of 
cells to understand how tissues function. For 
example, in the testis, the self-renewal of SSCs 
requires glial cell line-derived neurotrophic fac-
tor (GDNF) secreted from neighboring somatic 
cells such as the Sertoli cells and peritubular 
myoid cells [36]. Additional factors such as fibro-
blast growth factor 2 (FGF2) and retinoic acid 
(RA) secreted from surrounding somatic cells are 
also required for SSC self-renewal or differentia-
tion [37, 38]. ST technologies offer a unique 
opportunity to dissect CCCs since the physical 
distance between cells is recorded. A dominant 
mechanism of CCCs is ligand–receptor (LR) 
interactions, in which ligands from one cell type 
bind to their cognate receptors in other cell types. 
Thus, most computational strategies are focused 
on LR interactions as a function of cell-cell dis-
tance. For example, NICHES has been recently 
applied to the mouse and human testis Slide-
seqV2 data to characterize the LR interactions 
between SSCs and their surrounding somatic 
cells [12]. NICHES takes ST data as input and 
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computes the strength of each LR interaction by 
multiplying ligand expression on the sending cell 
with receptor expression on the adjacent receiv-
ing cell [39]. Similarly, on the cell-type level, the 
strength of communications between cell types is 
created by multiplying mean ligand expression 
from one cell type with the receptor expression 
on another cell type [39].

Other available methods may also be adapted 
to decipher the CCCs in the testis. For instance, 
Giotto ranks LR pairs based on a so-called CCC 
score to identify interactions between adjacent 
cells [40]. The CCC score is calculated by first 
computing a combined co-expression score for 
each LR pair for all cells of two interacting cell 
types. This co-expression score is then compared 
with a background distribution of co-expression 
scores based on spatial permutations. The result-
ing adjusted p-value and log2 fold change are 
used to generate the CCC score [40]. SpaTalk 
spatially constrains the LR interaction analysis 
by using the Euclidean distance between cells to 
build a cell graph network based on their 
K-nearest neighbors. It then computes CCCs of 
connected cells in the graph network [41]. 
Similarly, CellPhoneDB v3 restricts cell-cell 
interactions to cell clusters in the same microen-
vironment defined based on spatial information 
[42]. Recently, optimal transport-based methods 
have been developed to dissect CCCs. For exam-
ple, SpaOTsc first constructs a spatial metric for 
a scRNA-seq dataset by integrating it with paired 
ST data using optimal transport. It then recon-
structs CCC networks and identifies intercellular 
regulatory relationships between genes [43]. 
Another method, COMMOT, introduces an algo-
rithm called collective optimal transport which 
sets spatial distance constraints on CCCs and 
enables the transport of multispecies distribu-
tions (ligands) to multispecies distributions 
(receptors) to account for multispecies interac-
tions [44].

Together, these various methods highlight the 
diverse ways in which spatial information can be 
explicitly accounted for in CCC analyses. 
However, it remains unclear which metric repre-
sents the best way to evaluate the CCCs inferred 
from different methods. Therefore, multiple 

methods may be tested on the same ST data to 
look for consensus CCCs. It is also important to 
note that the strength of LR interactions inferred 
from ST data may be interpreted with caution as 
the transcriptome is not the equivalent of the pro-
teome. Posttranslational modifications such as 
glycosylation have further effects on protein 
interactions, especially in LR binding [45], which 
is not captured in the ST data.

6	� Conclusions and Outlook

This review highlights four topics related to ST 
data analysis for the understanding of mamma-
lian spermatogenesis. Computational approaches 
designed to improve ST data quality are expected 
to eliminate technical noise, bias in sequencing 
depth, and the batch effect. Methods for cell-type 
identification and annotation can then be applied 
to map the spatial distribution of testicular cell 
types. Tissue-wide data exploration approaches 
enable the identification of spatially variable 
genes across seminiferous tubules and the dissec-
tion of cell-cell communication networks 
between various testicular cell types. Furthermore, 
new developments in computational approaches 
will continue to place spatial omics in a position 
to reveal novel insights into mammalian sper-
matogenesis and beyond.

First, algorithms for ST data analysis are start-
ing to model cell fate trajectory. The so-called 
pseudotime analysis, which has been used exten-
sively on scRNA-seq data to understand phenom-
ena such as cell differentiation and cancer 
progression [46], can now incorporate spatial 
structure information of a tissue. For example, in 
stLearn, the (re)construction of spatiotemporal 
trajectories is done by taking a linear combina-
tion of nonspatial diffusion pseudotime and spa-
tial distance [11]. Such a measure of spatial 
pseudotime represents a combined distance in 
physical and gene expression space. It is antici-
pated that more computational approaches will 
be developed to accurately model development 
and disease progression with ST data.

Second, while most current ST studies use 
individual tissue slices, an increased number of 
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efforts have been made to reconstruct tissue 
structure in three dimensions (3D) by performing 
ST analysis on consecutive tissue slices. These 
efforts require algorithms that can spatially align 
each pair of adjacent slices and then construct a 
stacked 3D architecture of the tissue. For exam-
ple, the Scube algorithm from SPACEL builds a 
mutual nearest neighbor (MNN) graph between 
the cells/spots of two adjacent slices based on the 
spatial coordinate information of the cells/spots 
and constructs an alignment objective function 
between them. This function serves as the foun-
dation for a unique global optimization strategy 
for 3D alignment [47]. Following 3D reconstruc-
tion, future methods may also enable cell fate tra-
jectory inference and CCC characterization in the 
3D space.

Finally, multiomics integration, previously 
implemented for single-cell omics data [48, 49], 
may be extended to ST data. Recent research has 
begun to explore this. For example, a recent study 
performed simultaneous single-cell spatial profil-
ing of mRNA and chromatin accessibility, along 
with CNV inference in human melanoma sam-
ples, facilitating the understanding of the role of 
epigenetic regulation in the tumor microenviron-
ment [50]. Future developments in generating 
multiomics, multidimensional, and multitime-
series data may not only provide opportunities 
for novel discoveries but also create a further 
need for developing computational approaches 
for data integration.
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