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Abstract 

Spatial proteomics is a multidimensional technique that studies the spatial distribution and function of proteins 
within cells or tissues across both spatial and temporal dimensions. This field multidimensionally reveals the com-
plex structure of the human proteome, including the characteristics of protein spatial distribution, dynamic protein 
translocation, and protein interaction networks. Recently, as a crucial method for studying protein spatial localization, 
spatial proteomics has been applied in the clinical investigation of various diseases. This review summarizes the fun-
damental concepts and characteristics of tissue-level spatial proteomics, its research progress in common human dis-
eases such as cancer, neurological disorders, cardiovascular diseases, autoimmune diseases, and anticipates its future 
development trends. The aim is to highlight the significant impact of spatial proteomics on understanding disease 
pathogenesis, advancing diagnostic methods, and developing potential therapeutic targets in clinical research.
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Introduction
Proteins are the functional molecules of all cells and the 
effectors of all biological processes. Spatial proteom-
ics is a multidimensional advanced technique focused 
on exploring the spatial distribution and interactions of 

proteins within cells and tissues. This field aims to pro-
vide a profound understanding of the subcellular and 
tissue-level localization, distribution, and interactions of 
proteins, offering unprecedented insights into organelle 
functions and cellular biological processes. This review 
focuses on tissue-level spatial proteomics, which extends 
beyond subcellular structures to analyze protein distribu-
tion and expression patterns on a broader scale.

The fundamental principle involves studying proteins 
through techniques such as ifluorescence labeling, mass 
spectrometry, and imaging. The integrated analysis of 
these diverse techniques reflects the multidimensionality 
of spatial proteomics, providing various layers of infor-
mation such as protein quantification, visual distribution, 
and spatial imaging, thereby offering a comprehensive 
view of protein localization and interactions. Given that 
proteins directly reflect the functional state of cells and 
vary in expression due to cell type, life cycle, disease 
states, and treatment methods [1, 2], spatial proteomics 
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is critically important for the study of disease mecha-
nisms, analysis of molecular mechanisms, and identifica-
tion of biomarkers. In recent years, rapid technological 
advancements have allowed spatial proteomics to achieve 
significant milestones in academic research globally, 
particularly in constructing organ tissue spatial atlases, 
studying microenvironments and diseases, exploring cell 
interactions, and identifying biomarkers and drug targets 
[3–8] (Fig. 1). Despite challenges in sample preparation, 
data acquisition, and analysis [9], the potential and value 
of spatial proteomics are increasingly recognized, mak-
ing it a key tool in driving medical and disease research. 

This review aims to outline the characteristics of spatial 
proteomics and its application in fields such as neurode-
generative diseases, cancer, and cardiovascular diseases, 
elucidating changes in disease-related protein spatial 
expression profiles to foster the discovery of new diag-
nostic markers and the development of new treatment 
methods.

Overview of spatial proteomics
Characteristics of spatial proteomics
Spatial proteomics is an innovative approach that 
combines mass spectrometry with advanced imaging 

Fig. 1 Examples of related findings and troubleshooting in spatial proteomics. From left to right, the figure illustrates: spatial proteome mapping, 
microenvironment and disease, cell–cell interaction, biomarker discovery, drug target development, and tumor heterogeneity research. 
Spatial Proteome Mapping: A high-resolution 3D reference atlas of the human kidney has been constructed, encompassing cellular, pathway, 
and genetic elements. This atlas reveals the cell types, functions, and molecular characteristics of a healthy kidney, facilitating the understanding 
of kidney disease classification and pathogenesis (refer to reference [3]). Microenvironment and Disease: In ovarian cancer (OC), non-enzymatic 
methyltransferase (NNMT) is upregulated in the tumor microenvironment and has been identified as a regulator promoting metastasis. 
Experimental validation shows that NNMT expression correlates with shorter survival periods, and inhibiting its activity can effectively suppress 
cancer metastasis. This research elucidates the relationship between NNMT and OC metastasis, enhancing the understanding of OC metastasis 
mechanisms (reference [4]). Cell–Cell Interaction: In hepatocellular carcinoma (HCC), cancer-associated fibroblasts (CAFs) and their protein 
expression differences were studied. It was found that proteins released by CAFs interact with the TLR2 receptor on HCC cancer cells, influencing 
HCC progression. This study addresses the challenge of isolating proteins from specific cells and reveals cell communication mechanisms in liver 
cancer progression (reference [5]).Biomarker Discovery: In endometrial cancer (EC), five proteins—PRSS3, PTX3, ASS1, ALDH2, and ANXA1—were 
identified in sentinel lymph nodes (SLNs) of EC patients. Their expression is significantly correlated with tumor grading, providing insights for early 
diagnosis and grading of EC (reference [6]). Drug Target Development: In toxic epidermal necrolysis (TEN), research has shown that interferon 
signaling pathways are active and pSTAT1 is activated in immune cells and keratin-forming cells of TEN patients. This supports the safety of using 
JAK inhibitors (JAKi) to treat TEN, highlighting their potential as drug targets (reference [7]).Tumor Heterogeneity: In melanoma heterogeneity 
research, specific proteins such as DMBT1 and MARCKS exhibit varied expression in squamous, papillary, acinar, and solid regions of tumors 
and are associated with recurrence risk. Immunosuppressive cells increase in the core region of solid tumors. This study addresses the challenge 
of understanding melanoma tumor heterogeneity, clarifying its internal molecular characteristics and immune cell distribution.(reference [8])
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techniques, allowing researchers to accurately obtain 
high-resolution localization information of proteins 
within cells. Subcellular spatial proteomics has pre-
viously been summarized. For example, Lundberg 
et  al. extensively covered methods and applications, 
encompassing mass spectrometry-based organelle 
analysis, protein–protein interaction networks, and 
whole-cell imaging of protein localization, highlight-
ing the link between abnormal subcellular localization 
and diseases. Other researchers have reviewed vari-
ous methods for subcellular protein localization, such 
as fluorescence imaging, protein proximity labeling, 
organelle purification, and mass spectrometry, empha-
sizing the importance of protein localization in cellular 
signaling, growth, proliferation, movement, and pro-
grammed cell death (see detailed techniques in refer-
ences [10, 11]). Subcellular-level proteomics research 
has been utilized in cystic fibrosis (CF) studies. For 
instance, John J et al. analyzed the transport pathways 
of CFTR protein in CF, revealing that golgin proteins 
are involved in the aberrant transport of CFTR, which 
contributes to the disease’s molecular pathology [12]. 
Meanwhile, Hirst et  al. focused on the critical role of 
AP-5 in the transport process from late endosomes to 
the Golgi apparatus. Additionally, studies have shown 
that VX-809 (lumacaftor) induces extensive mitochon-
drial remodeling, facilitating CFTR functional restora-
tion [13, 14]. These studies enhance the understanding 
of CF’s molecular pathology and facilitate the develop-
ment of new diagnostic and therapeutic targets. Given 
this, the review will focus on the introduction of spa-
tial proteomics at the tissue level, building on the solid 
foundation provided by subcellular spatial protein 
analysis.

In gene expression research, although mRNA levels 
are typically considered direct indicators of gene activ-
ity, the correlation between mRNA and protein abun-
dance is often low, failing to accurately reflect actual 
protein abundance. This lack of correlation arises from 
various mechanisms: mRNA molecules are prone to 
degradation due to regulation by RNA-binding pro-
teins and miRNAs, and translation efficiency can limit 
protein synthesis [15, 16]. Moreover, post-translational 
modifications and protein transport barriers or mis-
localization, as well as protein degradation pathways 
like the ubiquitin–proteasome system, further affect 
protein function and abundance [17, 18]. Thus, meas-
uring mRNA levels alone cannot fully reflect the actual 
distribution and functional state of proteins. Spatial 
proteomics not only allows for the direct monitoring 
and quantification of protein changes and modifica-
tions but also provides new perspectives and methods 
for discovering disease-related protein biomarkers and 

understanding the complex structure of the human 
proteome in disease contexts.

Traditional proteomics primarily focuses on the com-
positional structure and function of proteins, reflecting 
the overall protein expression changes in an organism 
through identification and quantitative analysis. In con-
trast, spatial proteomics offers higher spatial resolution 
and comprehensiveness, allowing direct analysis of pro-
tein localization and interactions [19]. This aids in com-
prehensively understanding disease mechanisms and 
discovering new protein biomarkers and drug targets. 
Spatial proteomics enables high-throughput quantita-
tive and localization analysis of proteins in histological 
samples. Depending on the quantification method, cur-
rent spatial detection techniques for proteins are mainly 
divided into three categories: fluorescence-based anti-
body, mass spectrometry-based, and sequencing-based 
spatial proteomics methods.

Fluorescence‑based antibody spatial proteomics methods
Fluorescence-based antibody spatial proteomics meth-
ods employ specific antibodies or fluorescent probes to 
label target proteins, ensuring precise protein localiza-
tion. Fluorescence microscopy is then used to observe 
and record the spatial distribution of proteins at the tis-
sue and cellular levels, offering high resolution. Immuno-
histochemistry was the earliest method in this category, 
detecting protein expression in tissue sections using 
specific antibodies. Its advantage lies in preserving the 
original tissue structure of proteins. However, a limita-
tion of this traditional approach is that it requires precise 
antibody matching and can only localize one protein per 
experiment. To increase the diversity of protein detection 
and overcome the limitations of immunohistochemistry, 
some research groups have introduced multiplex immu-
nofluorescence techniques. This method extends protein 
detection diversity by using multiple fluorescent probes, 
allowing simultaneous detection of up to 100 protein bio-
markers in a single tissue section, significantly enhancing 
high-throughput analysis capabilities [20]. Nevertheless, 
it encounters challenges of spectral overlap with different 
fluorescence signals, limiting its applicability for quanti-
tative analysis of multiple proteins in complex samples. 
Tyramide Signal Amplification (TSA), a popular mul-
tiplex immunofluorescence technique, uses tyramide 
enzyme to enhance the fluorescent signal of target pro-
teins, improving protein sensitivity [21]. Increasing signal 
intensity facilitates the detection of low-abundance pro-
teins but introduces potential issues of cross-reactivity 
or non-specific binding, requiring longer multiple stain-
ing cycles. This method is suitable for diverse labeling or 
localization of low-abundance proteins. The development 
of sequential immunofluorescence (seqIF) has addressed 
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these challenges. This technique automates the applica-
tion of antibodies and their elution in a continuous pro-
cess, combining integrated microscopy with microfluidic 
chips for in  situ imaging, optimizing sample processing 
workflows and providing a reliable method for detecting 
multiple biomarkers [22]. It features efficient antibody 
incubation and washing capabilities, yet its experimen-
tal procedures are complex, suitable for high-resolution 
localization and interaction studies of proteins in tissue 
or cell culture samples. One of the most representative 
imaging-based spatial proteomics methods is CODEX, 
which primarily uses antibody-conjugated DNA bar-
codes, multiple rounds of staining and elution, and imag-
ing systems to identify barcode sequences, achieving 
high-throughput detection of multiple proteins in sam-
ples. The method allows simultaneous detection of mul-
tiple high-resolution markers, with a detection limit of 50 
proteins [23, 24]. It is applicable to various sample types 
such as fresh and fixed tissues (e.g., paraffin sections), but 
its dependence on antibodies limits its application to a 
broader range of markers (Table  1). It is well-suited for 
highly multiplexed biomarker detection and spatial dis-
tribution analysis at the single-cell level, particularly in 
exploring tumor microenvironments.

Mass spectrometry‑based spatial proteomics methods
As mass spectrometry technology has rapidly evolved, it 
has become a mainstream technique for protein analy-
sis. It identifies proteins based on the sequence of their 
unique peptides. The principle involves extracting pro-
teins from tissue samples and subjecting them to proteo-
lytic digestion with trypsin, followed by separation of the 
protein peptides using a mass spectrometer. The analy-
sis of mass spectrometric signals by the spectrometer 

and image analysis software reveals changes in protein 
expression. Spatial proteomics methods based on mass 
spectrometry are divided into spatially untargeted and 
targeted proteomics.

Non-targeted mass spectrometry methods maximize 
proteome coverage, commonly used for biomarker devel-
opment [31]. Liquid chromatography-mass spectrom-
etry (LC–MS) was one of the earliest spatially untargeted 
methods, combining the advantages of liquid chroma-
tography and mass spectrometry for the separation and 
purification of proteins in mixtures [26]. LC–MS can 
analyze complex biological samples such as blood, urine, 
and cell lysates with high sensitivity in studying protein 
quantification, post-translational modifications, and pro-
tein interactions. It is suitable for research on disease bio-
markers and drug development. However, limitations in 
automation and complex sample preprocessing restrict 
its widespread application in clinical disease research. 
In contrast, Mass Spectrometry Imaging (MSI) is a rela-
tively fast and cost-effective method that, as a key tool 
combining mass spectrometry and imaging technolo-
gies, allows for label-free acquisition of data on metabo-
lites, lipids, peptides, and proteins from tissue slices. MSI 
is suitable for fresh or frozen tissue sections, requiring 
minimal sample preparation and using various ionization 
techniques to measure hundreds of potential analytes’ 
relative spatial abundance in almost any tissue section 
[32, 33]. Sample preparation for MSI is relatively simple, 
with high performance, but limited quantitative capabili-
ties. It is ideal for unbiased spatial distribution analysis 
at the tissue level, such as protein expression patterns 
in cancer tissues or drug distribution in tissues. Second-
ary ion mass spectrometry (SIMS), the first MS imag-
ing technology applied in the 1960s, is suitable for solid 

Table 1 Summary of key characteristics of major spatial proteomics techniques

Legend: FA Fluorescence Antibody, MS Mass Spectrometry, Seq Sequencing, MIF Multiplex immunofluorescence, CODEX co-detection by indexing, MALDI-MSI Matrix-
Assisted Laser Desorption/Ionization Mass Spectrometry Imaging, DESI-MSI Desorption Electrospray Ionization Mass Spectrometry Imaging, LCM-MS Laser Capture 
Microdissection Mass Spectrometry, IMC Imaging Mass Cytometry, MIBI Multiplexed Ion Beam Imaging, DSP Digital Spatial Profiling FFPE Formalin-Fixed Paraffin-
Embedded, FF Frozen Section, TAM Tissue Microarray

Categories Methods Samples Advantages Disadvantages Reference

FA‑based MIF FFPE/FF High specificity Multiplex biomarkers Fluorescence overlap interference  [20]

CODEX FFPE/FF Highly multiplexed detection; fewer fluorescent Antibody dependency  [23, 24]

MS‑based MALDI-MSI FFPE/FF No fluorescence interference
High throughput

susceptible to matrix effects. Difficulties in detect-
ing low abundance proteins.proteins

 [25]

DESI-MSI FFPE/FF Simple sample preparation. fast imaging Low resolution and sensitivity; ionization affected 
by spraying

 [26]

LCM-MS FFPE/FF High precision, biomarker screening Limited resolution  [27]

IMC FFPE/FF No fluorescence interference.higher resolution Complex equipment; high cost  [28]

MIBI FFPE/TMA Ion beam detection; higher resolution Complex equipment; slow throughput, long 
cycles

 [29]

Seq‑based DSP FFP/FF/
TMA

Suitable for diverse samples, high sensitivity antibody dependency  [30]
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samples like tissue sections or material surfaces. SIMS 
achieves extremely high spatial resolution by bombard-
ing the sample surface with an ion beam and analyzing 
the generated mass spectrometry signals. However, its 
ionization capability for proteins limits its application 
in complex protein samples [34]. SIMS is suitable for 
high-resolution imaging analysis of protein expression 
in specific regions or cell types but requires highly pure 
samples and clean surfaces. The most typical imaging 
mass spectrometry technique introduced thereafter was 
Matrix-Assisted Laser Desorption/Ionization Mass Spec-
trometry Imaging (MALDI-MSI). MALDI-MSI typically 
combines with time-of-flight (TOF) mass spectrometry. 
It suits various sample types. requiring uniform matrix 
coating on tissue, followed by laser ablation of the solid 
matrix and analytes from tissue sections, with TOF ana-
lyzers deducing the mass-to-charge ratio of desorbed 
ions to determine ion mass [25]. Although the spatial res-
olution of MALDI-MSI, ranging from 5–50 µm [25, 35], 
is lower compared to SIMS technology, and the choice 
of matrix significantly influences ionization results, pre-
senting challenges in detecting low-abundance proteins, 
it is characterized by high throughput, capable of detect-
ing 50–100 peptides without destroying tissue. There-
fore, this method is suitable for quantifying the spatial 
distribution of multiple molecules and biomarkers in 
tissue sections.It has been widely applied in quantify-
ing and detecting various biomarkers in tissues, serum, 
plasma, cerebrospinal fluid, and urine [36, 37]. Desorp-
tion Electrospray Ionization Mass Spectrometry Imaging 
(DESI-MSI) technology, which developed subsequently, 
uses an electrospray ion source to generate ions on the 
surface of liquid samples [38], allowing direct molecu-
lar information retrieval from tissue surfaces without 
the need for matrix selection, thus avoiding the matrix 
effects observed in MALDI-MSI. DESI-MSI is suitable 
for various sample types with simple preparation. How-
ever, it has lower spatial resolution and is used in stud-
ies that require rapid screening of large-scale samples or 
do not necessitate high-resolution information. Although 
MALDI-MSI and DESI-MSI can unbiasedly analyze the 
spatial distribution of molecules within tissues, they also 
have limitations. The lack of predefined targets increases 
the difficulty of identifying peptides in the vast amount 
of data. High-efficiency chromatographic separation 
techniques can effectively separate complex samples and 
reduce matrix effects, thereby enhancing resolution. The 
absence of chromatographic pre-separation in the afore-
mentioned methods results in complex and overlapping 
signals in mass spectrometry data, where low-abundance 
peptides are often overshadowed by high-abundance sig-
nals, limiting the capacity for in-depth analysis. Addition-
ally, sample heterogeneity and variations in ionization 

efficiency pose challenges for accurate quantitative analy-
sis. To overcome these challenges, laser capture micro-
dissection (LCM) technology has emerged. LCM is an 
advanced tissue separation technology that combines 
laser cutting and image analysis, allowing for the rapid, 
precise selection and localization of regions of inter-
est (ROI) from tissue samples. This one-step collection 
avoids sample contamination from manual handling and 
achieves separation at the single-cell level without los-
ing spatial information [39, 40]. Laser Capture Micro-
dissection-Mass Spectrometry (LCM-MS) is the most 
widely applied method. It involves processing and mass 
spectrometry analysis of fixed, stained tissue sections, 
correlating spatial information with data through image 
analysis software to identify protein expression and inter-
actions within tissues [27] (Fig. 2).

Accurate analysis of protein expression in tissue sam-
ples is a key challenge in proteomics research, where 
LCM-MS has made significant advances, making it suit-
able for studying specific tissue separations. With the 
continuous development and expansion of LCM-MS’s 
analysis capabilities, researchers can now achieve higher 
throughput in protein analysis. For example, a novel 
high-throughput protein mapping method combines 
voxelization techniques with high-throughput LC-FTICR 
mass spectrometry to analyze smaller tissue units in the 
mouse brain, successfully generating expression patterns 
for 1,028 proteins. This technique utilizes stable isotope 
labeling and AMT tag strategies to enhance the reliabil-
ity and reproducibility of the analysis. However, further 
improvements in resolution are needed [41]. Min Ma 
et al. proposed the Micro-scaffold Assisted Spatial Prot-
eomics (MASP) strategy, utilizing 3D-printed micro-scaf-
folds to achieve higher spatial resolution. They mapped 
over 5,000 proteins in the mouse brain, achieving uni-
form micro-compartmentalization and precise spatial 
information retention across the entire tissue. Although 
this requires more complex analysis procedures, the tech-
nique significantly enhances sample processing efficiency 
and proteomics analysis capability for small samples [42]. 
The development of NanoPOTS technology has enabled 
researchers to perform grid-based sampling at a 100 µm 
resolution on mouse uterine tissue sections, achieving 
automated mass spectrometry imaging of 2,000 pro-
teins. This technique significantly improves upon LCM-
MS, particularly through the use of microfluidic sample 
processing and automation, which reduces sample loss 
and enhances sensitivity and throughput [43]. Integrat-
ing LCM, MSI, and spatial perception algorithms, the 
research team revealed the spatial heterogeneity of pro-
tein expression and tumor-associated markers in human 
atypical teratoid/rhabdoid tumors. This approach further 
enhanced the identification of protein spatial expression 



Page 6 of 15Wu et al. Proteome Science            (2024) 22:7 

and provided a more in-depth characterization of tissue 
heterogeneity [44].

Spatial targeted mass spectrometry methods play 
crucial roles in current research for verifying pre-deter-
mined proteins. Key techniques include Imaging Mass 
Cytometry (IMC) and Multiplexed Ion Beam Imag-
ing (MIBI). IMC involves staining tissue with metal-
conjugated antibodies, followed by scanning the tissue 
with a laser to excite the metal ions and generate mass-
to-charge signals, which are analyzed to localize and 
quantify proteins. It is suitable for high-dimensional 
spatial resolution studies like tumor microenviron-
ment analysis, offering high multiplexing capability and 
robustness but with complex sample preparation and 
high costs [28]. MIBI, a variant of IMC, is based on sec-
ondary ion mass spectrometry analysis, distinguishing 
different antibody markers through ion beam-excited 
secondary ion signals [29]. It excels in high-resolution 

spatial analysis and can simultaneously analyze up 
to 100 targets, overcoming the resolution limitations 
of MALDI-MSI. It is ideal for highly multiplexed and 
high-resolution analysis of complex biological samples. 
However, the high cost of metal tags and long acquisi-
tion periods limit its widespread application [45, 46].
These methods still require improvements in tissue 
sample preparation and accuracy. Sample preparation 
issues like tissue washing and protease digestion may 
cause protein delocalization, affecting spatial resolution 
and accuracy. Recent research has proposed several 
improvements in sample preparation and data process-
ing, such as Filter-Aided Sample Preparation (FASP), 
Single-Pot, Solid-Phase-enhanced Sample Preparation 
(SP3), and optimized MS data acquisition strategies 
[47–50]. These methods significantly improve sample 
preparation efficiency and data reliability, broadening 
mass spectrometry’s application scope.

Fig. 2 Operational procedure of spatial proteomics mass spectrometry methods. 1. Sample Collection: Different tissue samples are collected. 2. 
Slice Staining: Tissue samples were sectioned and mounted onto glass slides. Following natural air-drying, appropriate staining techniques, such 
as Hematoxylin and Eosin (H&E) staining, immunohistochemical staining, Masson’s trichrome staining, etc., were chosen based on experimental 
design. 3. Laser Fiber cutting: The laser microdissection system is used for precise localization and microdissectionof the regions of interest 
under a microscope. 4. Protein Extraction: were extracted using protease or protein extraction buffer.. 5. Protein Digestion: The extracted proteins 
were subjected to digestion to release peptide fragments. 6. LC–MS/MS: The peptide solution is injected into the liquid chromatography system, 
where separation of different peptide segments is achieved using a chromatographic column. Subsequently, the separated peptide segments 
are introduced into the mass spectrometer, where they are ionized. The mass spectrometer evaluates the protein mass and relative abundance 
by analyzing the mass-to-charge ratio of ions in the peptide segments. 7. Raw Data: The data can be preprocessed through baseline correction, 
peak fitting, and other methods. 8. Statistical Analysis: The utilization of data visualization tools for differential analysis on raw data allows 
for the revelation of information concerning the distribution and abundance of specific proteins across different spatial context
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Sequencing‑based spatial proteomics methods
Digital Spatial Profiling (DSP) is an emerging sequenc-
ing-based spatial proteomics and transcriptomics tech-
nology, providing a means for highly multiplexed analysis 
at the tissue section level. Suitable for tissue sections or 
cultured samples, DSP involves fixation and sectioning 
to ensure sample quality and efficiency. DSP’s principle 
involves in situ binding of probe-tagged antibodies to tis-
sue samples, selecting regions of interest (ROIs) through 
UV light exposure to separate probe tags from bound 
proteins, and collecting tags in a 96-well plate, each 
well corresponding to an ROI. Ncounter system quanti-
fies probe tags in wells to determine protein expression 
abundance. DSP’s advantages include high spatial tar-
geting, allowing for multiple immunofluorescence pre-
treatments of tissue sections, selecting ROIs, and strong 
multiplexing capabilities and high sensitivity, which make 
it adaptable to diverse sample types. Nevertheless, the 
technique’s dependency on antibodies and the risk of 
signal overlap could potentially affect the reliability of 
the results. DSP is widely used in various tissue sample 
studies, particularly in cancer, immune, and neurologi-
cal disease research. For example, Cabrita et al. used DSP 
to study melanoma patient samples, analyzing molecular 
characteristics of tertiary lymphoid structures formed 
by tumor-associated CD8 + T cells and CD20 + B cells, 
identifying TLS-related molecules predictive of survival 
outcomes [51]. Another example involved DSP analysis 
of tumor and stroma regions in pancreatic cancer patient 
tissues, identifying key markers related to treatment, pro-
viding important clues for biomarker screening [30].

Data analysis
Analyzing spatial proteomics data is a complex process 
encompassing multiple steps and involving various spe-
cialized software and platforms for data processing and 
interpretation. While sample preparation is the starting 
point of the workflow, this review focuses on the criti-
cal tools needed from data acquisition to visualization. 
Below is a brief overview of the data analysis steps and 
the tools used.

Data acquisition and preprocessing
Data acquisition is divided into image data acquisition 
and protein data acquisition. For image data acquisi-
tion, the CM1950 high-precision cryostat from Leica 
Microsystems provides uniform, undamaged sections 
[52]. The 3D HISTECH Pannoramic SCAN is a whole-
slide scanner for tissue section digitization, offering 
high-resolution imaging through built-in optical lenses 
and image sensors [53]. Its advantages include compat-
ibility with various tissue stains, automated operation, 
image stitching capabilities, and a user-friendly interface. 

Additionally, the PALM MicroBeam laser microdissec-
tion system and Zeiss Zen software from ZEISS are used, 
with Zeiss Zen offering intelligent automation tools for 
image acquisition. Leica LAS X supports high-speed 
image acquisition and precise positioning and, when 
paired with an automated slide scanner, efficiently and 
automatically extracts data from microscope images, fea-
turing an intuitive interface and powerful image process-
ing capabilities [8].

For protein data acquisition, the timsTOF Pro mass 
spectrometer from Bruker is commonly used [44]. It inte-
grates trapped ion mobility spectrometry (TIMS) with 
quadrupole time-of-flight (QTOF) technology, achieving 
a scanning speed of over 120 Hz without compromising 
resolution, thereby improving acquisition efficiency and 
sensitivity for comprehensive proteome coverage. The 
Orbitrap Astral mass spectrometer is also frequently 
used, known for its ability to integrate with various sam-
ple preparation and imaging techniques for precise pep-
tide measurement, offering multifunctionality and data 
accessibility [54]. The Orbitrap Astral mass spectrometer 
is also frequently used, known for its ability to integrate 
with various sample preparation and imaging techniques 
for precise peptide measurement, offering multifunc-
tionality and data accessibility [55]. These instruments 
require control software such as Xcalibur from Thermo 
Fisher Scientific [4], RawTools [56], and the rawrr R pack-
age [57] to read raw data files generated by the mass 
spectrometers.

Initial data processing is fundamental to data analy-
sis, involving preliminary processing of image and mass 
spectrometry data to ensure data quality and format 
consistency. Data preprocessing includes noise reduc-
tion, background correction, and normalization. Image 
data preprocessing focuses on image segmentation, while 
mass spectrometry data focuses on peak extraction. Post-
acquisition, image data is denoised and background cor-
rected using tools like ImageJ, CellProfiler, and Fiji to 
eliminate non-specific fluorescence. Threshold or region 
segmentation algorithms are then used to identify differ-
ent tissue regions, followed by multi-channel alignment 
and data standardization to mitigate technical variability. 
For mass spectrometry data, software such as MaxQuant 
[58] and Proteome Discoverer is used for peak extraction.

Database engines
Database search and parsing are central stages in mass 
spectrometry data analysis. This process involves 
constructing a theoretical spectral library based on 
protein sequences from the database and matching 
it with the preprocessed spectra to identify peptide 
sequences and protein information. Database search-
ing is complex, with search engines playing a critical 
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role. During this process, steps such as aligning mass 
spectrometry data and correcting for shifts are com-
pleted to ensure data reliability, providing high-quality 
input for the search engines. Different mass spectrom-
etry data acquisition methods correspond to different 
search engines, making it crucial to choose the appro-
priate database engine for data parsing. For instance, 
Sequest, developed by Thermo Fisher Scientific, is a 
classic search engine used for DDA data acquisition 
analysis, identifying peptides and proteins from tan-
dem mass spectrometry (MS/MS) data. MaxQuant is 
a widely used database search engine for DDA acqui-
sition, incorporating the Andromeda search engine, 
a probability-based engine using a target-decoy strat-
egy to identify peptides and proteins and control the 
false discovery rate (FDR) [59]. Proteome Discoverer 
is another search engine offering extensive plugins and 
work support [60]. Initially designed for DDA data, 
its integrated features also support DIA acquisition 
data through extensions and integration with other 
software. The MSFragger search engine developed by 
the Nesvizhskii lab employs a unique fragment ion 
indexing algorithm to speed up searches, supporting 
various MS data formats for DDA acquisition pep-
tide identification. When integrated with FragPipe, it 
also supports DIA acquisition database searches [61], 
providing a comprehensive pipeline combining mul-
tiple tools and algorithms for large-scale proteomic 
data processing and accurate peptide identification. 
X!Tandem is another search engine for identifying 
proteins in tandem mass spectrometry data, offering 
flexibility and scalability for different experimental 
conditions [62].

The ordered data acquisition characteristics of DDA 
(Data-Dependent Acquisition) make it suitable for 
direct use with database search engines. However, 
DIA (Data-Independent Acquisition) data collection 
is unordered, and its multiplexing capability allows for 
the simultaneous collection of MS2 data from multiple 
peptides, increasing data richness but also complexity. 
Therefore, DIA data cannot be directly used with tradi-
tional database search engines and requires specialized 
tools for processing.

DIA-NN [63] is a common tool for handling DIA 
data, utilizing deep neural networks to identify and 
quantify mass spectrometry signals, capturing a more 
comprehensive range of proteins and facilitating pro-
teome coverage and in-depth analysis. MSPLIT-DIA’s 
advantage lies in its unbiased data collection of all ions, 
enhancing protein identification capabilities [64]. These 
tools significantly improve the depth and accuracy of 
DIA data analysis, enriching the methodologies avail-
able for mass spectrometry data analysis.

Statistical analysis and visualization
GO analysis, KEGG analysis, and PPI analysis are com-
monly used functional annotation tools. EggNOG-map-
per is recommended for GO annotation [65]. For KEGG 
analysis, tools like KEGG Mapper and KAAS are often 
used. KEGG Mapper is an online tool that allows users to 
map proteins to KEGG pathways [66]. STRING, a com-
prehensive PPI database, plays a crucial role in construct-
ing and visualizing PPI networks. Diamond is another 
frequently used software, known for its fast matching 
of protein sequences to reference genomes, suitable for 
large-scale data comparisons. These analyses provide 
a foundation for statistical inference and visualization. 
Perseus is a multifunctional software tool widely used 
for the statistical analysis and visualization of proteom-
ics data, supporting various experimental data process-
ing and multi-language programming extensions [67]. 
Excel and R (such as LIMMA [68], clusterProfiler [69] 
and SPOT [70] are also options, though Excel is limited 
in handling large-scale datasets. SPOT provides a more 
advanced, flexible, and precise statistical method by 
evaluating the spatial distribution of cells across multiple 
candidate radii.Various visualization tools vividly display 
patterns and structures in the data. ggplot2 (R) and Plotly 
(Python) are two primary choices. ggplot2 offers highly 
customizable data visualization options, such as heat-
maps and scatter plots, suitable for showcasing spatial 
protein distribution in tissues. Plotly is an open-source 
visualization tool supporting the creation of interac-
tive charts and data analysis visualizations.Additionally, 
Cytoscape, InteractiVenn software [69], are used for vis-
ual data analysis, with InteractiVenn being particularly 
useful for Venn diagram analysis.

Multivariate statistical analysis, dimensionality reduc-
tion, and clustering analysis play crucial roles in visual-
izing and mining information from spatial proteomics 
data. Multivariate statistical analysis is used to uncover 
relationships among multiple variables in a dataset. 
Commonly used software packages include R, Python, 
and SAS [71]. Dimensionality reduction aims to reduce 
the spatial dimensions of data while retaining complex 
dataset features for visualization and analysis. Principal 
Component Analysis (PCA) is an unsupervised method 
for dimensionality reduction, transforming high-dimen-
sional data into a lower-dimensional space to iden-
tify sources of data variance. Recommended software 
packages include R (e.g., prcomp, PCAtools packages) 
and Python.Partial Least Squares Discriminant Analy-
sis (PLS-DA) is a supervised dimensionality reduction 
method that identifies significant patterns between inde-
pendent and dependent variables, suitable for analyz-
ing high-dimensional data like protein expression and 
metabolomics data. Recommended software packages 
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include R (using mixOmics package) [72] and Python. 
In addition to PCA and PLS-DA, t-SNE and UMAP are 
popular dimensionality reduction techniques for visual-
izing proteins [73], t-SNE is a nonlinear dimensional-
ity reduction technique using Student’s t-distribution 
to define similarity between data points, optimizing the 
distribution of high-dimensional data points in a lower-
dimensional space. However, it has limitations such as 
stochasticity and potential loss of original data struc-
ture. UMAP, based on manifold learning, preserves 
global structure better.Clustering analysis categorizes 
similar samples or variables into groups to reveal data 
structure. Hierarchical Cluster Analysis (HCA) is a com-
mon method that builds a dendrogram to organize data 
points, suitable for classification and identification with-
out predetermined cluster numbers, with software pack-
ages including R (e.g., ComplexHeatmap package) and 
Python (e.g., seaborn package) [74]. Traditional clus-
tering method like K-means divides data points into K 
clusters iteratively, ensuring each data point is closest 
to the center of its cluster, making it simple and suitable 
for large-scale datasets. Research integrates PCA and 
K-means to group PCA-reduced data rapidly, identify-
ing differential spatial protein profiles in Staphylococcus 
aureus infection in mouse kidneys [75]. These tools pro-
vide robust visual support for in-depth analysis of com-
plex data.

Progress in disease research through spatial 
proteomics
Cancer disease
Cancer remains one of the most challenging and serious 
health issues globally, with continually rising incidence 

and mortality rates imposing significant burdens on 
healthcare systems worldwide. Consequently, explor-
ing the molecular mechanisms of cancer and identify-
ing effective treatment and prevention strategies have 
become critical areas of medical research. Spatial pro-
teomics, as a cutting-edge tool, provides a more com-
prehensive and precise perspective for unveiling disease 
molecular mechanisms. It also paves new pathways for 
personalized and precise cancer treatment strategies 
(Table 2). For instance, Witzke et al. used Fourier-trans-
form infrared imaging for label-free tissue annotation 
and collection in bladder cancer samples. They per-
formed LC–MS/MS proteomic analysis on cancer, 
inflammation, and connective tissue regions, identify-
ing three candidate biomarkers: AHNAK2, KRT6A, and 
ASPN, which were validated through immunohistochem-
istry. AHNAK2 showed minimal expression in low-grade 
bladder cancer but was significantly upregulated in high-
grade invasive bladder cancer, indicating its potential as 
a biomarker for distinguishing between bladder inflam-
mation and cancer [55]. In 2019, a research team used 
laser microdissection to isolate specific cell types from 
the tumor and stroma of ovarian cancer patients. Mass 
spectrometry analysis identified upregulated expression 
of nicotinamide N-methyltransferase (NNMT) in the 
stroma. Subsequent in vivo and in vitro experiments con-
firmed NNMT’s role in the differentiation of cancer-asso-
ciated fibroblasts (CAFs). Inhibiting NNMT activity was 
found to reverse the CAF phenotype, suggesting a signifi-
cant role for NNMT in the development and treatment of 
ovarian cancer [4].

In the field of non-small cell lung cancer (NSCLC) 
research. Zugazagoitia et  al. collected and constructed 

Table 2 Advancements in the Application of Spatial Proteomics in Cancer Research

Disease Type Protein Name and location References

Bladder cancer AHNAK2 (high-grade bladder cancer zone)  [56]

Ovarian cancer NNMT (fibroblast area of ovarian cancer stroma)  [4]

Non-small cell lungcancer VISTA(tumor area), SFPQ (nuclear area of tumor patient’s mesenchymal stem cells), 
B7-H3、GITR、PTEN、PD- (tumor area)

 [76–79]

Breast cancer α-SMA (in vitro breast cancer stroma)
PD-L1、B7H3、LAG3 (primary tumor region)

 [80, 81]

Glioblastoma ALCAM, ANXA11, AltProt, IP_652563RPS14 (tumor region B)
PPP1R12A、RPS14 (tumor region A)
SERPINA6 (peripheral blood)

 [72, 82]

Hepatocellular carcinoma PD-L1 (tumor margin)  [83]

Head and neck squamous cell carci-
noma

B2M (tumor area)  [84]

Gastric cancer PD-L1 (tumor area)  [85]

Esophageal cell carcinoma IDO1 (tumor microenvironment zone)  [86]

Endometrial cancer RSS3 (stage 3 zone of endometrial cance), ASS1 (stage2zone of endometrial cance), ALDH2, 
ANXA1 (stage 1.zone of endometrial cance)

 [6]
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tumor tissue microarrays (TMAs) from 81 NSCLC 
patients. Using digital spatial profiling (DSP) technology 
to analyze cellular and molecular characteristics within 
the tumor microenvironment, they found that VISTA 
and CD127 were associated with PD-1 checkpoint block-
ade therapy. High expression levels of CD56 and CD4 
in immune cell compartments were significantly cor-
related with patients’ progression-free survival (PFS) 
and overall survival (OS). Further validation using mul-
tiplex immunofluorescence confirmed the distribution 
of CD56 + immune cells in the tumor stroma, support-
ing the DSP findings [75]. Moutafi et  al., using high-
throughput DSP technology, to detect proteins in tumor, 
leukocyte, macrophage, and immune stroma regions. 
They identified 71 candidate proteins, with high CD66b 
expression in the immune stroma region correlating with 
shorter overall survival (OS). Quantitative immunofluo-
rescence validated these findings, providing evidence for 
CD66b as a biomarker for ICI resistance in NSCLC [84]. 
Another study by Yang et al., combining spatial proteom-
ics with mesenchymal stem cell (MSC) pathway analy-
sis, studied nuclear proteins in mesenchymal stem cells 
(MSCs) from NSCLC patients, discovering that SFPQ 
overexpression in lung cancer MSCs promotes prolifera-
tion, chemoresistance, and invasiveness. SFPQ knock-
down reduced CD44v6 expression, with further in vitro 
and animal model experiments confirming SFPQ’s role in 
MSC characteristics and invasiveness through CD44v6 
regulation. It suggesting SFPQ as potential lung cancer 
therapeutic targets [87]. Subsequently, advanced NSCLC 
patients treated with the bispecific antibody KN046 were 
included in the study. Spatial analysis of proteins and 
RNA in tumor and stromal regions was conducted using 
DSP technology. Survival analysis and predictive model 
construction based on the results confirmed that differ-
ential expression of proteins such as B7-H3, CD45RO, 
GITR, CD34, PTEN, and PD-L1 in tumor and stromal 
regions was significantly associated with the efficacy of 
KN046 treatment. These findings reveal the impact of 
tumor heterogeneity on immune therapy response, offer-
ing new perspectives for improving treatment outcomes 
in advanced NSCLC patients [76].

Additionally, Vathiotis et  al. using digital spatial pro-
filing and immunofluorescence, revealed α-SMA as a 
novel biomarker for resistance to trastuzumab treat-
ment in breast cancer, which is crucial for predicting 
patient responses to trastuzumab therapy [77]. Vathio-
tis et  al. utilized DSP to analyze the expression of mul-
tiple proteins in tumor, leukocyte, and stromal regions 
of early-stage HER2-positive breast cancer tissues. The 
study noted that high expression of α-smooth muscle 
actin (α-SMA) in leukocyte and stromal regions was 
associated with shorter disease-free survival (DFS). QIF 

validation confirmed that high stromal α-SMA expres-
sion was linked to recurrence during trastuzumab treat-
ment. Independent cohort validation using NeoALTTO 
cohort identified α-SMA as a novel biomarker for tras-
tuzumab resistance in breast cancer [78]. A study also 
comprehensively characterized the tumor microenviron-
ment (TME) of primary and metastatic lesions in HER2-
positive breast cancer patients, finding high expression of 
various immune cells and markers (such as B cells, CD3, 
CD4) in primary tumors and exploring the potential roles 
of PD-L1, B7H3, LAG3, and other markers in immune 
checkpoint inhibitor (ICI) therapy [79]. Recently, 
Duhamel et  al. applied MALDI-MSI combined with 
nanoLC-MS/MS to conduct an in-depth molecular char-
acterization of glioblastoma multiforme (GBM) patients, 
classifying tumors into ABC regions. High expressions of 
ALCAM, ANXA11, and AltProt IP_652563 were corre-
lated with poor prognosis, while RPS14 and PPP1R12A 
were associated with better outcomes. These markers 
were validated in an additional cohort of 50 patients, pro-
viding valuable insights into the molecular features of the 
disease [71]. Another study comparing local and periph-
eral blood proteins in glioblastoma patients found a sig-
nificant decrease in SERPINA6 in the plasma. AUROC 
analysis confirmed SERPINA6 as a potential biomarker 
for glioblastoma progenitor cells [80]. Utilizing single-
cell proteomics and multiplex immunofluorescence co-
expression analysis in untreated and IL-2 injected regions 
of metastatic melanoma. The study found that the loss 
of membrane MHC class I expression is associated with 
treatment resistance. This discovery offers new insights 
into melanoma’s response to IL-2 therapy [81]. In hepa-
tocellular carcinoma (HCC) research, a team utilized 
CODEX and multiple techniques to observe interactions 
between tumor-associated macrophages (TAMs) and 
mucosal-associated invariant T (MAIT) cells. They found 
that MAIT cells exhibited dysfunction in the tumor 
microenvironment, characterized by high PD-1 expres-
sion. Subsequently, the S3-CIMA machine learning 
algorithm identified interactions between these two cell 
types. In vitro co-culture experiments and in vivo mouse 
model experiments confirmed that TAMs affect MAIT 
cell function via the PD-1/PD-L1 pathway, providing 
new targets for cancer immunotherapy [82]. In pre-PD-1 
antibody treatment assessment of biopsy samples from 
head and neck squamous cell carcinoma (HNSCC), high 
expression of β-2 microglobulin (B2M) was observed in 
the tumor region. Quantitative immunofluorescence and 
survival analysis validated B2M as a biomarker for assess-
ing immune therapy response and its correlation with 
survival rates [88]. Koh V et al. analyze tumor and stro-
mal areas in gastric cancer patients, identifying differ-
ential proteins related to cancer expression. They found 
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that high expression of PD-L1 in tumor areas contributed 
to understanding immune escape mechanisms, inform-
ing future gastric cancer treatments [83]. Another study 
collected samples from esophageal squamous cell car-
cinoma (ESCC) patients. They established microarrays 
to analyze protein differences in tumor regions and the 
tumor microenvironment (TME). A scoring model was 
constructed to predict the risk of recurrence and distant 
metastasis, validating the role of IDO1 in assessing the 
risk of recurrence or metastasis in ESCC [85]. Aboul-
ouard et al. studied endometrial cancer (EC) of different 
grades (I, II, III) and corresponding sentinel lymph nodes 
(SLNs). They identified numerous differentially expressed 
proteins and those overexpressed in specific tumor 
grades using mass spectrometry. Immunohistochemistry 
further validated five key proteins (PRSS3, PTX3, ASS1, 
ALDH2, and ANXA1) as potential biomarkers for EC 
and SLN grading. This research offers improved methods 
for individual stratification and diagnosis of EC [6].

Neurological diseases
In the field of neurological disease research, spatial pro-
teomics has shown unique value in revealing the spa-
tial distribution of pathogenic proteins, offering crucial 
insights into the molecular mechanisms of complex dis-
eases. A study utilizing mass spectrometry-based spatial 
proteomics analyzed protein expression in six differ-
ent brain regions of Alzheimer’s disease (AD) patients, 
identifying candidate genes such as STXBP1, CRMP1, 
ACTR10, and AMPH closely associated with AD patho-
genesis. These genes are involved in critical processes like 
neurotransmitter metabolism, neural circuit formation, 
viral susceptibility, and APP metabolism [86]. Further, 
Huang Z performed a proteomic analysis on AD patients 
(including the hippocampus, white matter cortex, supe-
rior temporal gyrus, middle temporal gyrus, and caudate 
nucleus). By comparing healthy controls, AD-resistant 
individuals, AD dementia groups and using external 
datasets. They identified five differential proteins (PA1B3, 
TICN3, ICAM1, IRGQ, and ALIL1) related to the patho-
genesis of AD, providing new insights into the patho-
logical mechanisms of AD [89]. Walker et  al. utilized 
hippocampal samples from pathologically confirmed 
Alzheimer’s disease (AD) patients. Including those with 
dementia symptoms (DEM) and cognitively normal but 
AD pathology-resistant individuals (RES), defined by 
Mini-Mental State Examination (MMSE) scores. Using 
DSP to study tissue neurofibrillary tangle (NFT) regions. 
They observed reduced levels of soluble Aβ and lower 
expression of tau protein and oxidative stress-related 
proteins IDH1 and PINK1 in RES individuals. This sug-
gests that RES individuals maintain health by reducing 
oxidative and energy stress, offering new strategies for 

disease intervention [90]. Another experiment compared 
Alzheimer’s disease neuropathologic changes (ADNC) 
and primary age-related tauopathy (PART) by quanti-
fying hippocampal subregion p-tau burden using soft-
ware, followed by DSP for neuronal protein analysis. In 
both AD and PART, synaptic health was negatively cor-
related with local p-tau burden. This study provides fur-
ther insights into the pathological mechanisms of these 
two conditions [68]. In research on multiple sclerosis 
(MS). Spatial transcriptomics was used to analyze gene 
expression in the gray matter regions of fresh-frozen cor-
tical tissue samples from multiple MS patients. Spatial 
proteomics further validated the transcriptomic results. 
Identifed proteins related to neurodegeneration such as 
GPR37L1, TYRO3, SIRPA, and FGFR3. Single-cell RNA 
sequencing data and in vivo disease models revealed the 
multicellular mechanisms of neurodegenerative pathways 
in progressive MS (PMS), providing insights for MS diag-
nosis and potential treatments [91].

Cardiovascular diseases
Cardiovascular diseases, encompassing heart diseases, 
strokes, and hypertension, are major global health 
issues. The study of their mechanisms and potential bio-
markers has been a hot topic. The application of spatial 
proteomics methods has opened new pathways for car-
diovascular disease research. These methods allow for 
high-resolution and comprehensive analysis of the pro-
teome in cardiovascular tissues and blood, deepening our 
understanding of protein expressions in cardiovascular 
tissues and the mechanisms of cardiovascular diseases. 
Leng L et  al. applied quantitative spatial proteomics to 
analyze heart tissue samples from COVID-19 patients 
in four regions (left atrium, left ventricle, right atrium, 
and right ventricle). Using laser capture microdissection, 
they separated myocardium and microvasculature, fol-
lowed by mass spectrometry to quantify protein expres-
sion. Bioinformatics analysis revealed ECM proteins 
such as collagen types COL1A1, COL1A2, COL5A1, gly-
coproteins, and the ECM-regulating factor SERPINA1 
as potential markers of cardiac injury [92]. Bhatia HS 
developed the DISCO-MS method for use in human 
cardiac tissue research, followed by regional segmenta-
tion and mass spectrometry via the DISCO-bot system. 
Their analysis indicated elevated levels of carbonic anhy-
drase 6 (CA6) and glyoxalase 1 (GLO1) in atherosclerotic 
plaque regions. These proteins, confirmed as biomarkers 
through immunohistochemistry, facilitate early detec-
tion of coronary artery diseases [93]. Recently, Mai H’s 
team employed a laser microdissection strategy to study 
hard and soft tissue in arterial thrombi from patients 
with myocardial and cerebral infarction, confirming the 
role of TGF-β1 in promoting thrombosis formation. 
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Validation studies in human and mouse carotid thrombi 
demonstrated that inhibiting TGF-β1 delayed thrombus 
formation and enhanced blood flow recovery in a mouse 
model. They confirmed the role of TGF-β1 in promoting 
thrombosis formation and providing a potential target 
for thrombolytic therapy [94].

Autoimmune diseases
As understanding of autoimmune disease pathogenesis 
deepens, spatial proteomics offers new perspectives for 
comprehending the complexity of these diseases at the 
microscopic level. For instance, the study collected skin 
biopsy samples from systemic sclerosis (SSc) patients 
and used Imaging Mass Cytometry (IMC) to differenti-
ate cells into two lymphatic endothelial cell (LEC) types 
and various pericyte subgroups. Using CODEX and 
Tyramide Signal Amplification (TSA), the identified cell 
types were further characterized and subjected to clinical 
correlation analysis. The presence of CD34 + ; αSMA + ; 
CD31 + cells co-existing with immune cells and myofi-
broblasts was found to be positively associated with 
fibrotic clinical progression, underscoring their critical 
roles in the vascular pathology and fibrotic remodeling 
in SSc [95]. Zheng F and their team conducted study on 
the functional regions of the kidney in lupus nephritis 
(LN). They finding significant immune cell infiltration in 
glomeruli and interstitial regions, particularly NK cells, 
immature B cells, and neutrophils. PPI network analysis 
identified proteins related to immune cell infiltration. 
Notably, LCN2 expression increased significantly and 
correlated positively with NK cell immune scores. They 
indicated that LCN2 plays a crucial role in LN develop-
ment and has potential as a diagnostic and prognostic 
biomarker [96]. Subsequently, Dong J analyzed the pro-
teomic features of four types of autoimmune glomeru-
lonephritis, including IgA nephropathy, lupus nephritis, 
membranous nephropathy, and minimal change disease. 
Bioinformatics analysis revealed significant downregula-
tion of FLIIs in two types of glomerulonephritis, while 
A2M was upregulated in MN, IgAN, and LN. Abnormal 
activation of the complement and coagulation cascades 
showed differential expression across these diseases. 
These findings provide new directions for the diagnosis 
and treatment of autoimmune glomerulonephritis [97]. 
Additionally, a recent study using DSP technology com-
pared protein and transcript abundance changes about 
ANCA-associated glomerulonephritis (ANCA-GN) 
patients. Researchers first used immunofluorescence 
staining to identify glomerular regions with varying 
degrees of Bowman’s capsule (BC) rupture, then analyzed 
the regions of interest using DSP. They found that upreg-
ulation of phosphoprotein-1 and CD44 in glomeruli with 
more severe Bowman’s capsule rupture and positively 

correlated with fibrosis markers, emphasizing the SPP1-
CD44 axis’s role in ANCA-GN progression.This finding 
offers new insights into the study of ANCA-GN [98].

Other diseases
Spatial proteomics has demonstrated significant 
research potential in a variety of other diseases, provid-
ing a unique and profound perspective for uncovering 
molecular mechanisms in disease progression. In respira-
tory diseases, FFPE lung tissue samples from deceased 
COVID-19 patients were stained and sectioned, focusing 
on key regions such as alveolar epithelial tissue (AES), 
bronchial epithelial tissue (BES), and vascular tissue 
(VES). Differential protein analysis was conducted using 
LC–MS. The results revealed an upregulation of proteins 
closely related to the virus, host restriction, and inflam-
matory response, offering potential avenues for the devel-
opment of diagnostic markers and therapeutic targets for 
COVID-19 [69]. Similarly, in skin diseases, Li used spa-
tial proteomics to successfully create a protein map of 
human skin stratification. They analyzed six distinct lay-
ers (stratum corneum, granular-spinous layer, basal layer, 
basement membrane, superficial dermis, and deep der-
mis). Further cellular experiments examined the impact 
of the extracellular matrix (ECM) on the functionality of 
epidermal stem cells (EpSCs). They found that downreg-
ulation of the ECM protein TGFBI in the basement mem-
brane could affect EpSC function via the Wnt/β-catenin 
signaling pathway. This suggests that TGFBI could serve 
as a crucial marker for regulating EpSC proliferation and 
potentially provide a target for the clinical treatment of 
skin ulcers or chronic skin diseases [99].

Conclusion and future prospects
Spatial proteomics, as a multidimensional technology, 
encompasses technical, spatial, and temporal dimen-
sions. The technical dimension emphasizes the inte-
gration of various technologies, the spatial dimension 
provides protein information at both cellular and tis-
sue levels, and the temporal dimension focuses on the 
dynamic changes of proteins. Together, these dimen-
sions enhance our understanding of protein complexity 
and offer new tools for comprehensively understanding 
disease mechanisms and developing therapeutic strat-
egies. This review thoroughly analyzes the progress of 
spatial proteomics in human disease research. Although 
spatial proteomics holds great potential for future 
research, it still faces certain challenges: (1) The sam-
ple preparation process is crucial, especially the issue 
of low protein extraction rates. (2) The standardization 
of techniques is vital as differences in sample process-
ing methods increase experimental complexity and may 
lead to comparability and reproducibility issues. (3) 
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Effective and accurate extraction and interpretation of 
large-scale complex data remain key research priori-
ties. To address these challenges, new sample prepara-
tion methods, such as hanging drop techniques, have 
been proposed [100]. Advanced computational tools 
and platforms, for example SPIAT, spaSim [101] and 
the Aquila data platform [102], have been developed. 
SPIAT, a multifunctional spatial image analysis toolkit, 
can process and quantify data generated by various 
techniques, while spaSim provides benchmarking and 
method validation to enhance the accuracy of data 
interpretation.

Future developments will focus on addressing these 
challenges through the integration and innovation of 
technologies, emphasizing the comprehensive applica-
tion of spatial multi-omics. Extensive research has been 
conducted to combine spatial proteomics with other 
spatial omics data for studying various diseases. There 
is also increasing emphasis on developing advanced 
algorithms to enhance progress in data analysis, pro-
cessing, and visualization. For example, the supervised 
machine learning algorithm MAPS has been introduced 
for cell type annotation in data, demonstrating supe-
rior speed and accuracy over unsupervised techniques 
[103]. The development of automation technologies can 
significantly enhance experimental efficiency and preci-
sion. These advancements not only accelerate research 
in the field but also deepen our understanding of disease 
mechanisms and facilitate the development of effec-
tive therapeutic methods. Overall, spatial proteomics is 
increasingly becoming an indispensable tool in modern 
biomedical disease research, poised to push the bounda-
ries of disease study and treatment further, paving new 
paths for precision medicine and personalized therapies.
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