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ABSTRACT: Spatial proteomics is an interdisciplinary field that investigates the localization and dynamics of proteins, and it has
gained extensive attention in recent years, especially the subcellular proteomics. Numerous evidence indicate that the subcellular
localization of proteins is associated with various cellular processes and disease progression. Mass spectrometry (MS)-based and
imaging-based experimental approaches have been developed to acquire large-scale spatial proteomic data. To allow the reliable
analysis of increasingly complex spatial proteomics data, machine learning (ML) methods have been widely used in both MS-based
and imaging-based spatial proteomic data analysis pipelines. Here, we comprehensively survey the applications of ML in spatial
proteomics from following aspects: (1) data resources for spatial proteome are comprehensively introduced; (2) the roles of different
ML algorithms in data analysis pipelines are elaborated; (3) successful applications of spatial proteomics and several analytical tools
integrating ML methods are presented; (4) challenges existing in modern ML-based spatial proteomics studies are discussed. This
review provides guidelines for researchers seeking to apply ML methods to analyze spatial proteomic data and can facilitate insightful
understanding of cell biology as well as the future research in medical and drug discovery communities.
KEYWORDS: spatial proteomics, machine learning, deep learning, protein subcellular localization, mass spectrometry, imaging,
data resources, analytical tools, cell biology

1. INTRODUCTION
Spatial proteomics is an interdisciplinary field that studies the
localizations of proteins and their dynamics.1 It provides
information on spatial protein distribution in organs and
tissues at the macroscopic level and subcellular protein
mapping at the microscopic level, the latter of which, also
termed organelle proteomics or subcellular proteomics, has
received preferential attention in recent years.2,3 The compart-
ments of eukaryotic cells consist mainly of membrane-bound
organelles (such as endoplasmic reticulum, Golgi apparatus
and mitochondria) and some nonmembranous subcellular
structures (such as centrosome and ribosome).4 The functions
of proteins are largely determined by their localizations,
especially at the subcellular level, since proteins must be
localized to specific compartments and interact with the
corresponding components to fulfill their biological functions
in cellular processes5 (for example, apoptosis,6 signaling7 and
mitosis8). Furthermore, it has been shown that protein mis-
localization is implicated in various cellular dysfunctions and

pathologies, including cancers,9,10 neurological diseases11−14

and metabolic disorders.15,16 The knowledge of spatial
proteome is of paramount importance for in-depth under-
standing of cell biology.

With the rapid growth within this field, a variety of
sophisticated experimental techniques have been developed
to support large-scale investigations of spatial proteome.17

Currently, there are three major and complementary spatial
proteomic approaches: mass spectrometry (MS) analysis of
biochemical fractionated organelles,18 protein proximity label-
ing coupled with MS19 and fluorescent imaging of protein
localization.20 These approaches vary in principle and
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experimental design, which makes them suitable for different
types of applications. Based on these advanced experimental
techniques, a large number of high-quality spatial proteomic
data sets have been established. It is essential to effectively
manage and deposit these valuable data to ensure data
accessibility.21

Rigorous data analysis is as critical as data acquisition. To
make sense of these spatial proteomic data, elaborate
methodologies are needed to analyze the data and get insights
into the underlying biological interpretation.22 Numerous
computational methods have been applied to deal with the
complexity of spatial proteomic data.23 Historically, predictions
of protein subcellular localization used amino acid sequence
and extracted features as inputs to train classifiers.24,25 It has
been reported that the inaccuracy of protein localization
inferred from sequence or similarity had a detrimental effect on
the identification of protein clusters.26 Currently, with the
development of quantitative MS technology, protein local-
ization profiles based on organelle purification or fractionation
have been widely characterized.27 Statistical analysis has been
used to map proteins to specific subcellular compartments,
such as Student’s t-test,28 Chi-square test,29 Mann−Whitney
test30 and partial least-squares discriminant analysis.31,32 With
the significant improvement of organelle resolution and
proteomic coverage, analysis of the complex data generated
by multi-organelle profiling approaches becomes a huge
challenge, leading researchers to focus on machine learning
(ML) methods.1 In particular, ML methods (such as
unsupervised,33,34 semi-supervised35,36 and supervised meth-
ods37,38) have been widely applied in spatial proteomic data
visualization, novelty detection, protein localization prediction
and other tasks.26 Recent substantial advances in microscopy
have enabled imaging-based spatial proteomics approaches to
simultaneously visualize multiple proteins at subcellular
resolution.39 Subsequently, deep learning (DL) methods are
gaining popularity as tools for spatial proteomics image
analysis because they can automatically derive features and
capture the subcellular image patterns.40 Furthermore, several
advanced modern ML strategies have been applied in spatial
proteomic data analysis, such as self-supervised learning,41,42

transfer learning43−45 and ensemble strategy.46,47 Overall, ML
has proved successful in spatial proteomics and is playing an
increasingly important role in data analysis pipeline.

However, compared with the rapid progress of experimental
technologies, the development of ML methods for spatial
proteomic data analysis has encountered bottlenecks and is still
lagging behind.48 The sheer diversity of ML algorithms can be
daunting for researchers, and no consistent and robust
solutions are available to this research community.26,49

Moreover, there are many limitations and challenges in current
application of ML in this fairly young research field, including
but not limited to the absence of overarching data resources,21

limited capability of multimodal data integration2 and lack of
biologically interpretable ML models.22

This review comprehensively surveys the state of ML
application in spatial proteomics. First, the current spatial
proteomic data resources, which lay the foundation for the
utilization of ML, are introduced in detail. Second, the role of
ML in spatial proteomic data analysis pipeline is systematically
described, followed by the concepts of various ML algorithms.
Third, examples of successful studies that have harnessed the
power of spatial proteomics based on ML methods are
presented as well as analytical tools integrating ML methods.

Finally, practical problems and limitations in ML-based spatial
proteomics research are discussed, and several solutions are
proposed. We expect this methodological overview will help
promote the development of novel ML methods for spatial
proteomics, provide guidance for biologists seeking to apply
ML methods and stimulate future research in cell biology.

2. DATA RESOURCES IN SPATIAL PROTEOMICS
2.1. Data Acquisition. Spatial proteomic data acquisition

approaches for detecting the localization and abundance of
proteins within subcellular compartments can be divided into
two categories: quantitative MS-based approaches and
fluorescent imaging-based approaches.21 In general, techniques
employing the former type include organelle fractionation and
proximity labeling, and the latter type of approaches visualize
proteins of interest by using affinity reagents (such as
antibodies) or fluorescent protein fusions.1

MS-based workflows carry out biochemical fractionation to
separate subcellular compartments before MS analysis. The
basic strategy to produce discrete organelle fractions is
differential centrifugation or density centrifugation according
to physical properties of organelles.27 Single-organelle profiling
applies biochemical fractionation methods to produce fractions
enriched for a target organelle.50−52 By contrast, multi-
organelle profiling partially separates all subcellular compart-
ments simultaneously and attempts to avoid the error caused
by incomplete organelle purification.18,26 Protein correlation
profiling (PCP),16,29 localization of organelle proteins by
isotope tagging (LOPIT)53,54 and dynamic organellar
maps55,56 are three multi-organelle profiling methods com-
monly used. Following the fractionation, fractions are
processed by quantitative MS to generate protein distribution
profile. The principle of these methods is that proteins from
the same organelle will share similar distribution profiles across
subcellular fractions.57

Antibody-mediated affinity purification-mass spectrometry
(AP-MS) experiments have been utilized to identify protein−
protein interaction (PPI).58 It is widely recognized that
proteins must be adjacent in the same compartment to
interact. Proximity labeling techniques are useful for AP-MS
experiments.19,59 There are two main proximity labeling
approaches, namely, engineered ascorbate peroxidase and
proximity-dependent biotin identification (BioID).60,61 Fol-
lowing labeling, labeled proteins can be identified by MS
analysis to obtain spatial PPI data.62,63

Imaging-based spatial proteomics approaches visualize
subcellular proteins in situ without the need for cell lysis.
Fluorescent labeling of proteins is required prior to micro-
scopic imaging.39 Immunofluorescence assay based on
fluorescently labeled affinity reagents is a commonly used
fluorescent imaging approach.64 Affinity reagents include
antibodies,65 affimers66 and aptamers.67 Another fluorescent
imaging approach is visualizing proteins by expression of
fluorescent protein fusions in living cells, where proteins of
interest are genetically modified to express fluorescent tags.20,68

Gene-editing techniques are employed to insert genes
encoding fluorescent proteins at endogenous genomic loci,
such as CRISPR-Cas9-based techniques.69,70 Images of
fluorescently labeled proteins are acquired using high-
throughput fluorescence microscopy and processed for
detecting protein subcellular localization.71

2.2. Data Repositories. The above data acquisition
techniques give rise to diverse spatial proteomic data. The
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expected data output from these techniques consists of three
main forms: raw data, processed quantitative data and
qualitative data for protein localization. In MS-based
techniques, the raw output is tandem mass spectral data and
needs to be analyzed by quantification measurement tools. The
quantification result is a list of proteins alongside their
quantitation in multiple fractions, which can be further
analyzed to generate the subcellular localizations of proteins.
Imaging-based spatial proteomic techniques produce raw
images of compartment localization of proteins. These images
can be directly analyzed or used to extract quantitative features
(such as shape and fluorescence intensity) to obtain protein
localization information.21 Here, we provide a comprehensive
overview of spatial proteomic data repositories (as shown in
Table 1).

MS-based spatial proteomic approaches have been applied
to various cell lines from different organisms, yielding large-
scale high-resolution organellar maps of these cells. A robust
MS-based analysis pipeline has been developed to generate
subcellular maps of 12,418 individual proteins across five
human cell lines, and spatial organization of the proteome in
these cells was used to construct the SubCellBarCode
database.72 Some databases contain both the subcellular
localization and abundance information on proteins. Among
them, the PSL-LCCL database quantified proteins in six
membrane-bound organelles in the human liver cancer cell line
SK_HEP1.73 The absolute protein quantification (also known
as protein copy numbers) can be captured by dynamic
organellar maps. Based on dynamic organellar maps, the HeLa
Spatial Proteome database provides localization and absolute
copy number information for over 8700 proteins from HeLa
cells.55 There are also several databases incorporating intra-
cellular localization and cell-line-specific PPI data obtained by
MS-based approaches, such as the Human Cell Map74 and
BioPlex.75 In addition to human, these advanced MS-based
approaches have been applied to investigate the spatial
proteome in other organisms.18,106 For example, researchers
who constructed the obesity-induced non-alcoholic fatty liver
disease (NAFLD) database have used the PCP technique to
monitor levels and subcellular distributions of approximately
6000 mouse liver proteins during development of NAFLD.16

The hyperLOPIT,107 an extension of LOPIT, has been applied
to mouse pluripotent stem cell, resulting in the mapping of
more than 5000 proteins to 14 compartments.76 The Prolocate
database assigns more than 6000 rat liver proteins to eight
subcellular compartments and provides quantitative data of
each protein.77 In some cases, the spatial proteomic data
obtained are only provided in the form of data set without
being submitted to a specific database, and sharing data
through supplementary data files has been common. For
example, 11 subcellular proteomic data sets were processed
and the identified proteins along with normalized MS signal
values were provided in the supporting information of a tool
development study.108 Besides, some MS-based spatial
proteomic data sets have been packaged and used as
benchmarks for related studies. These data sets include the
assignment of 527 proteins to different compartments in
Arabidopsis thaliana31 and 329 proteins in Drosophila
melanogaster based on LOPIT technique.109 Both data sets
are integrated in pRolocdata package, which contains a total of
16 spatial proteomic data sets from LOPIT and PCP.110

High-thought imaging-based spatial proteomic approaches
make large-scale cellular image data sets available for research

community. The LiveCellNet data set, integrated in DeepCell
data set, provides a large number of cellular images obtained by
fluorescence microscopy.111 As a model organism, Saccha-
romyces cerevisiae has been widely used in the study of
eukaryotic biology, and numerous image data sets of yeast
strains have been created in the past decade. For instance, the
localizations for over 200 of green fluorescent protein (GFP)
tagged proteins of Saccharomyces cerevisiae were determined by
colocalizing them with seven known markers of endomem-
brane compartments.112 Several databases have been con-
structed to provide the global organellar mapping of proteins
in Saccharomyces cerevisiae, such as the Yeast GFP Fusion
Localization Database (YeastGFP) classifying 4156 yeast
proteins into 22 distinct subcellular localizations.82 Imaging-
based approaches were used to depict the localizations and
abundance dynamics of proteins under different conditions or
genetic mutations, as these approaches have the advantage of
detecting protein localization in living cells. Owing to these
systematic imaging studies using fluorescent protein fusions,
some databases describing protein quantitation and local-
ization variations under conditions or yeast strains are now
available, including Collection of Yeast Cells Localization
Patterns (CYCLoPs),46 Cellbase,68 Localization and Quanti-
tation Atlas of the yeast proteomE database (LoQAtE)83 and
YeastRGB.84 Furthermore, a variety of databases have collected
microscopic imaging data of protein localization patterns in the
yeast Saccharomyces cerevisiae from separate experiments, such
as the Database of High Throughput Screening Hits
(dHITS),85 Yeast Resource Center Public Image Repository
(YRC PIR)86 and Yeast Protein Localization Plus Database
(YPL+).87 The fluorescent protein fusion approaches have also
been carried out to study the spatial organization of human
proteins. For example, the localization and dynamics following
drug addition of 2180 human proteins fused to yellow
fluorescent protein were obtained using time-lapse fluores-
cence microscopy and displayed in the Dynamic Proteomics
database.88 To compare the reliability of immunofluorescence
and fluorescent protein fusion, a comparative study was
conducted to systematically analyze the localizations of more
than 500 human proteins in Vero or HeLa cells, which were
obtained by these two imaging-based approaches, respec-
tively.65 The results proved both approaches to share high
reliability, and the integration was an effective strategy.
Recently, projects aiming to comprehensively map the
human body at single-cell resolution have been sponsored,
such as the Human Biomolecular Atlas Program (HuBMAP),
which supports technology development and data acquis-
ition.113 A CO-Detection by indEXing (CODEX)114 spatial
proteomic image data set from HuBMAP has been used to test
the usefulness of an analysis tool.115

MS-based and imaging-based approaches give complemen-
tary insights into spatial proteome, and the combination of
both approaches has demonstrated strong synergy.116 As an
integrated part of the Human Protein Atlas (HPA), the Cell
Atlas maps the localization of 12,003 human proteins from a
variety of cell lines into 30 subcellular structures. The Cell
Atlas data were generated by antibody-based immunofluor-
escence microscopy and validated by the MS-based hyper-
LOPIT approach.5 Combining these two approaches enables a
more complete coverage of the organelle proteome, such as the
mitochondrial proteome.60,117 This combination strategy has
also been utilized to characterize the physical interactions of
proteins in different species, such as Chlamydomonas
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reinhardtii.118 To enable the comprehensive mapping of
protein localization and interactions in human embryonic
kidney (HEK) 293T cell, a library of 1310 fluorescently tagged
HEK293T cell lines was constructed, followed by immunopur-
ification-MS and imaging. The generated data were shared at
OpenCell.92 Furthermore, the most significant advantage of
the combination strategy is the ability to provide spatially and
temporally resolved proteomic maps simultaneously. By
integrating MS-based proteomics and living cell microscopy,
spatial and temporal alterations in human primary fibroblasts
proteome during human cytomegalovirus (HCMV) infection
were determined.119 These important data obtained by such
multidisciplinary analysis allow researchers to understand
organelle regulation during various cellular processes.

Raw data from spatial proteomic studies are also valuable
data resources. Various large public repositories have been
created to allow raw data from different experiments to be
shared and reanalyzed. In general, submitting raw data to
suitable data repositories is a prerequisite for publication of
spatial proteomic research. In MS-based research, raw mass
spectra files and associated peak lists can be submitted to some
public repositories,120,121 such as the PRoteomics IDEnti-
fications Database (PRIDE),78 Panorama,79 PeptideAtlas80 and
Mass Spectrometry Interactive Virtual Environment (Mas-
sIVE).81 For imaging-based spatial proteomics, the raw
microscopic image data can be deposited in public repositories

such as the Cell Image Library (CIL),89 Image Data Resource
(IDR)90 and Broad Bioimage Benchmark Collection
(BBBC).91 Before these public repositories became accessible,
researchers shared the raw data through their institutional
servers, making it difficult and impractical for subsequent
researchers to obtain comprehensive data. The establishment
of these large data repositories ensures data accessibility and
reusability for ML-based spatial proteomic studies.
2.3. Data Resources for Organelle Markers. An

organelle marker is a known protein that resides in a specific
subcellular compartment in cells and conditions of interest.26

As the initial step of the spatial proteomic data analysis
workflow, the vigorous selection of markers is essential to
ensure the high accuracy of eventually obtained localizations of
the proteins. In MS-based spatial proteomics, the abundance
distribution of organelle markers can be used to train ML
models to determine the localizations of unknown proteins.55

Non-marker proteins are assigned to organelles according to
the similarity of their gradient distributions to those of
organelle markers. The SubCellBarCode database and the
HeLa Spatial Proteome database were constructed based on
the spatial profiles of various marker proteins in different cell
lines.55,72 In the analysis pipeline of imaging-based approaches,
the selection of markers is also an important step. Cells or
subcellular structures are required to be segmented by
measuring the signal intensities for structure-specific markers,

Figure 1. Roles of different ML methods in MS-based spatial proteomic data analysis pipeline. ER, endoplasmic reticulum.
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such as cell boundary markers, cytosolic markers and nucleolar
markers.122−124

There are many protein mapping data resources that can
provide information on marker proteins for different species,
cell lines or organelles. The Universal Protein Resource
(UniProt)93 and the cellular compartment namespace in
Gene Ontology (GO)94 are essential resources for protein
annotation and marker definition. Both resources are
commonly used to determine reference markers of many
organisms in spatial proteomic studies. There are also some
databases collecting experimentally determined and predicted
subcellular localizations of proteins. Most of these databases
provide the spatial information on proteome in multiple
organisms and help in marker selection for respective species,
including the eukaryotic Subcellular Localization DataBase
(eSLDB),95 COMPARTMENTS96 and LocDB.97 Specifically,
the COMPARTMENTS database integrates manually curated
annotations, experimental data and predictions of protein
localization from biomedical literatures. It maps subcellular
localizations for 22,705 human and 6696 yeast proteins and
also covers other eukaryotes such as mouse, fruit fly and
Caenorhabditis elegans.96 In addition, some databases contain
both protein localization and PPI information manually
curated from numerous experimental literatures, such as the
ComPPI,98 CellWhere99 and SUBcellular location database for
Arabidopsis proteins (SUBA4).100 The ComPPI and Cell-
Where provide the information on subcellular compartment-
specific PPI and protein subcellular localization for many
organisms.

It is worth noting that since proteins can reside in multiple
subcellular structures simultaneously and their localizations are
dynamic, the validation of organelle markers under different
conditions is crucial. The Translocatome database is a
dedicated collection of 213 human translocating proteins
with extensive information (experimental validation, trans-
location mechanism, local PPI, etc.), which provides a
reference for the selection of marker under different
conditions.101 Besides, some manually curated databases
collate proteins localized to specific organelles from a variety
of resources, giving new insights into the definition and
extension of organelle markers. For example, the Peroxiso-
meDB (peroxisomal proteome),102 MitoCarta (human and
mouse mitochondrial proteins),103 MitoMiner (mitochondrial
proteins in mammals, zebrafish and yeasts)104 and RareLSD
(human lysosomal enzymes)105 are customized for different
organelles in various organisms. In other studies, the marker
sets were included in supporting information to ensure data
reproducibility and provide marker information for related
studies.26,108,125 These data resources serve as references for
the curation of reliable sets of organelle markers.

3. HOW ML IS INTEGRATED INTO SPATIAL
PROTEOMICS

So far, various ML methods have been integrated into the data
analysis pipeline of spatial proteomics. The appropriate
selection and execution of ML methods can ensure precise
inference of proteome-wide localization from the data. Due to
the differences in data types, the data analysis pipelines of MS-
based and imaging-based spatial proteomics are quite different,
hence the varied applications of ML methods in these
pipelines. Here, we will elaborate these two analysis pipelines
and explain the crucial roles of various ML algorithms in the
process, followed by their concepts.

3.1. MS-Based Spatial Proteomic Data Analysis
Pipeline. The data analysis pipeline of MS-based spatial
proteomics is summarized in Figure 1. After sample
preparation and raw mass spectral data acquisition, some
quantification tools (such as the MaxQuant)126 are required
for statistically robust protein/peptide identification and
quantification. Quantitative measurement generates a corre-
sponding quantitative data matrix for each sample, where each
row represents a protein and each column represents a
gradient fraction. As prior knowledge, some proteins are
organelle markers with known subcellular localization, and the
localization annotation of these markers in the data matrix is
vital for subsequent analysis. Data preprocessing is needed for
the obtained data matrix, mainly including missing value
imputation and data normalization. The significant impact of
missing value imputation on the downstream analysis of spatial
proteomic data has been investigated.26 Several missing value
imputation methods are based on ML algorithm, such as the k-
nearest neighbors (kNN) imputation.127,128 In addition, many
data normalization approaches can be used for adjusting the
distribution of spatial proteomic data to remove unwanted
variations,129 such as the variance stabilization normal-
ization130,131 and EigenMS.132

Following data preprocessing, visualization of the full
preprocessed data set in one figure is a crucial step in the
analysis pipeline.23 Unsupervised dimensionality reduction and
clustering are two commonly used visualization methods.
Based on the data visualization results, the quality of the data
can be further assessed and controlled.26 The use of
dimensionality reduction and clustering methods, such as
principal component analysis (PCA),133 t-distributed stochas-
tic neighbor embedding (t-SNE)73 and hierarchical cluster-
ing,134 prove to be an efficient approach for MS-based spatial
proteomic data quality control and checking organelle
separation. Based on the assumption that proteins sharing
the same subcellular localization should be similarly distributed
across gradient fractions, the data of these colocalized proteins
should form well-defined structures in the visualization
result.135 Therefore, the data quality can be inspected by
observing the data structures. Intuitively, the overall structure
of data can reflect the data quality, that is, the existence of
clusters in the data is the prerequisite for determining the
classification boundaries separating the subcellular compart-
ments. Another assessment for quality control is to overlay
organelle markers in the visualization result (such as the PCA
plot) and observe whether an expected organelle-related
cluster is present and concentrated rather than widespread.
Similarly, the quality of clusters can also be evaluated by
checking whether known organelle markers appear in the
corresponding clusters.26

After data visualization and clustering, the clusters are
annotated with specific subcellular compartments based on
these marker proteins. Enrichment analysis using data
resources such as UniProt and GO provides the identity of
each cluster.72 However, owing to the limited number of
organelle markers provided in these relevant databases, it is
difficult to comprehensively collect marker proteins covering
all the subcellular compartments, making it tough to find all
the organelle-related clusters.125 Thus, for those proteins
localized in organelles without any suitable markers, the
subsequent localization prediction will be completely mistaken
because they will be forcibly assigned to other organelles. To
address this issue, some novelty detection algorithms have
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been developed to identify new subcellular clusters (including
organelles and protein complexes) in addition to clusters
annotated by known markers. The aim of novelty detection is
to find new clusters from unlabeled data according to labeled
markers, which matches the concept and aim of semi-
supervised ML algorithms. Therefore, the semi-supervised
ML algorithms are useful for novelty detection to effectively
detect putative protein groupings in MS-based spatial
proteomics data.136

According to the distribution profiles of marker proteins in
gradient fractions, the subcellular localization prediction of
non-marker proteins can be performed by constructing ML
models based on supervised learning algorithms. The gradient
profiles of markers are used as training and test data to train a
ML model for the prediction of subcellular localization. The
trained model is then applied to assign non-marker proteins to
subcellular localizations by mapping their gradient profiles to
organelles. Various supervised ML algorithms have been used
for this classification task, such as the support vector machine
(SVM),137 random forest (RF),37 naive Bayesian (NB)
classifier,138 kNN43 and neural networks.119 While the
reliability of prediction results largely depends on the quality
of spatial proteomic data, it is advisable to compare different
ML classification algorithms and guarantee optimal application
of the algorithm, since the diverse principles of these

supervised ML algorithms may lead to inconsistent
results.38,110 When the number of subcellular compartments
is more than two, the spatial assignment of proteins is
essentially a multi-class classification task. It should be noted
that some proteins are not localized in a single compartment,
instead, around 50% of proteins are found to reside in multiple
subcellular compartments.5 In this case, it is necessary to
construct a multi-label classifier to achieve multi-localization
prediction with classification probability scores. The quality of
predictions can be further assessed by comparison with
previously published data sets of protein localization. Down-
stream analysis of the predicted qualitative protein localization
data can yield biological or medical knowledge of interest.
3.2. Imaging-Based Spatial Proteomic Data Analysis

Pipeline. The general workflow of imaging-based spatial
proteomic data analysis is illustrated in Figure 2. The raw data
obtained by imaging-based spatial proteomic approaches are
microscopic images with a wide field of view, and each image
contains hundreds of individual cells. Typically, each cell in
these images needs to be identified and analyzed individually,
and this process is known as cell segmentation.139 Cell
segmentation is a crucial step and aims to distinguish each
single cell from other cells and the background. It can be
realized by building a dedicated ML model. Specifically, all
pixels in an image can be grouped into three classes: cell

Figure 2. Roles of different ML methods in imaging-based spatial proteomic data analysis pipeline. CNN, convolutional neural network.
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boundary, cell interior and background pixel.49 In this way, cell
segmentation is effectively converted into an image classi-
fication task. Once the manually annotated images are
collected, a pixel classifier can be trained to find optimal
segmentation boundaries and ultimately achieve cell segmen-
tation by distinguishing between three classes of pixels.140

Currently, various methods have been developed for cell
segmentation, and they generally fall into two categories:
nuclear segmentation and whole-cell segmentation. Supervised
ML algorithms are often used to construct such pixel classifiers,
for instance, the Ilastik tool applied a RF classifier to identify
boundaries between neighboring cells.141

Like MS-based spatial proteomic data, image data from
imaging-based approaches can also be transformed to a data
matrix with quantitative values. This step conducts feature
measurements for each segmented cell image. As a result, each
cell is represented as a vector. These features capture the
protein distribution patterns related to cellular morphology
and describe the quantitative information on each cell,
including shape, intensity, texture and context of cell images.49

Several image processing tools are capable of extracting
features for cell images, such as the ImageJ software.142

These image features also need to be preprocessed. The
preprocessing of extracted cell features is a necessary step to
enhance the recognition of underlying localization patterns.
Missing value imputation and data normalization are two main
steps in data preprocessing, and the kNN imputation has also
been used to reconstruct missing values in image features.30

Due to possible errors in sample preparation and image
processing, some cell images may be of poor quality. These
outliers include out-of-focus cells, partly visible cells and
inappropriately segmented cells, and image quality control is
an important step to detect and remove these outlier cells.143

The application of supervised ML algorithms is an effective
way to identify problematic images. This strategy aims to build
a ML model which can discriminate between normal and
outlier cells.144 By providing examples of outliers and their
extracted features, a supervised ML classifier can be trained to
accurately detect outliers.49 Various supervised ML algorithms
have been used for cell image quality control, for example, the
CellClassifier tool can detect outlier cells based on the SVM
model,145 and a RF model has been trained to remove non-cell
images.146

Some of the measured features used for analysis are less
informative or redundant and should be filtered or merged.
Thus, the original feature set can be optimized by
dimensionality reduction methods. Feature selection is a
method to reduce the feature dimensionality by selecting the
best feature subset, and there are many kinds of feature
selection algorithms.147−149 Among them, the support-vector-
machine-based recursive-feature elimination (SVM-RFE)
method has been applied in imaging-based spatial proteomic
data analysis.150 The SVM-RFE algorithm iteratively removes
features according to the feature weights from a SVM classifier
until the model achieves the highest performance. In addition,
unsupervised dimensionality reduction methods used in MS-
based spatial proteomics are also useful to reduce the
dimensionality of image features, such as PCA. PCA can be
used to visualize image features by mapping them into two or
three dimensions.30 Similarly, unsupervised clustering methods
(such as the K-means clustering151 and hierarchical cluster-
ing152) can also be used for identification of cell subpopulation
and pattern recognition of protein localization based on image

features. These informative features are further used as inputs
to train supervised ML models (such as SVM153 and RF146)
for the prediction of proteins subcellular localizations in cell
images or identification of cell phenotypes.

With the recent dominance of DL in computer vision tasks,
a revolution of imaging-based spatial proteomic data analysis is
underway.154 The main advantage of DL methods in analyzing
cell images is that they can directly learn image patterns
without any feature engineering. At present, the most
commonly used DL model for image analysis is the
convolutional neural network (CNN), which has proved to
be powerful in biomedical image segmentation and classi-
fication.155 The CNN is suitable for cellular morphological
profiling and can be applied for cell segmentation in spatial
proteomic images.156 For example, the CellProfiler tool can be
configured to make use of CNN to segment cells.157 Moreover,
these DL models can learn and extract useful features
automatically from microscopic images using nonlinear
transformations, hence their superior performance on protein
localization prediction compared with classical feature
measurements.155

In addition, DL-based self-supervised learning models can
automatically learn image features without any image labels
and have been used in cell segmentation and automatic
representation of cell images. Deep autoencoder (AE) is a
typical self-supervised technique which learn the latent image
features based on the image itself. As a typical AE, the U-Net
performs single-cell segmentation end to end and functions as
a plugin in the ImageJ software.158 In order to analyze the
image features obtained by DL models or self-supervised
learning models, dimensionality reduction methods such as t-
SNE and uniform manifold approximation and projection
(UMAP) have been used for feature visualization.155,159 It has
been reported that features generated by AE may have better
performance than classical features in downstream analysis.146

Self-supervised learning has become an effective and popular
strategy for spatial proteomic image analysis.
3.3. ML Algorithms Adopted in Spatial Proteomics.

As mentioned above, different types of ML algorithms play
different roles in spatial proteomic analysis pipeline. Under-
standing the concepts of various types of ML strategies is the
key to the success application of ML in spatial proteomics.

Supervised learning is a mode of ML that projects input
features to annotated data labels. It has been used in several
early studies to predict localization based on protein
sequence.24 In MS-based and imaging-based spatial proteomic
data preprocessing, the kNN is often used to impute missing
values.23 In MS-based spatial proteomics, supervised ML
algorithms are commonly employed to build classifiers that
associate unannotated proteins to specific subcellular compart-
ments, such as the SVM,160 kNN,43 RF37 and NB.138 In
imaging-based spatial proteomics, these supervised ML
algorithms are used in multiple data analysis steps, including
cell segmentation, image quality control and identification of
protein localization based on image features.141,145,151,153 The
principles of these popular algorithms are quite different and
have been introduced elsewhere.161−164

DL methods use interconnected layers of nonlinear
transformation units to learn from data without labor-intensive
feature engineering.154,165 DL models such as deep neural
network (DNN) and CNN have been employed to perform
cell segmentation, image representation and protein local-
ization prediction, and their principles were described
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elsewhere.140,154,155,166−169 Different from supervised learning,
self-supervised learning is a mode that generates labels from
data itself for training. AE is a type of semi-supervised learning
method which embeds high-dimensional data into a low-
dimensional latent space while preserving the original
information on inputs.170 An AE is composed of two modules:
an encoder and a decoder. The encoder maps the input to a
hidden representation, and the decoder then decodes the
hidden representation to reconstruct the input. It can reduce
cell images to feature vectors in a mirror-symmetric
paradigm.171 CNN-based AEs have been widely applied in
cell segmentation and protein localization profiling.171,172 The
U-Net is a typical convolutional AE originally developed for
cell detection and shape measurement.158

Unsupervised learning does not require additional label
annotation.33,173 Unsupervised ML methods play significant
roles in data visualization, quality control, feature dimension-
ality reduction and subpopulation identification.30,138,155,174

Dimensionality reduction methods enable compression of
high-dimensional data into a set of two or three dimensions
with maximum retention of initial information.175 Popular
dimensionality reduction methods are implemented by linear
or nonlinear transformation, the former including PCA133 and
non-negative matrix factorization (NMF),176 the latter
including t-SNE177 and UMAP.178 Clustering is also an
unsupervised ML technique which can group data according
to the similarity of features.179 Particularly, subcellular
resolution can be assessed by clustering algorithms since
proteins with the same subcellular localizations should cluster

together. K-means clustering and hierarchical clustering are
two commonly employed algorithms and have been reviewed
elsewhere.134,180,181 The most notable characteristic of semi-
supervised learning is its ability to utilize both labeled and
unlabeled data.44 Semi-supervised ML methods can be applied
for novelty detection in MS-based spatial proteomics. The
phenoDisco algorithm is semi-supervised and performs iterative
cluster merging based on the Gaussian mixture model (GMM)
and outlier detection.110,125 Other semi-supervised ML
methods are also available for novelty detection, such as the
semi-supervised Bayesian algorithm.136

Transfer learning is a paradigm that extracts complementary
information from auxiliary data to help solve the primary
task.160 In MS-based spatial proteomics, the transfer learning
strategy has been used to integrate heterogeneous data sources
to help with the assignment of proteins to subcellular
compartments.43 In imaging-based spatial proteomic studies,
transfer learning can be performed by pretraining a DL model
and transferring it to the primary task.40,146 The combination
of multiple classifiers can significantly improve the accuracy of
cell image classification, which demonstrates the effectiveness
of ensemble learning in spatial proteomics.46,150,182 In addition,
multiple instance learning is also a helpful strategy to boost the
classification accuracy of microscopic images with whole image
level labels.183,184 These state-of-the-art ML strategies promote
the in-depth analysis of spatial proteomic data.

Figure 3. Summary of ML-aided spatial proteomics applications.
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4. RECENT STATE-OF-THE-ART APPLICATIONS OF
ML TO SPATIAL PROTEOMICS

Spatial proteomics have harnessed the power of ML to
broaden the range of its applications. As shown in Figure 3, the
recent state-of-the-art applications of spatial proteomics fall
into the following three categories: (1) cell biology:122,185

investigation of subcellular protein mapping and spatial PPI,
identification of protein translocation under environmental or
genetic perturbations, and discrimination of cell phenotypes
such as different cell-cycle states; (2) disease mechanism:119,186

detection of dynamics of spatial proteome in various diseases
and analysis of tumor microenvironment based on cell
interactions; and (3) drug discovery:56,187 identification of
putative drug target and investigation of drug mechanism
according to drug response. In this section, we will present
some successful applications of spatial proteomics based on
ML methods and introduce several popular analytical tools for
spatial proteomic data that integrate ML methods. The
descriptions of some recommended analytical tools integrating
ML methods are summarized in Table 2.
4.1. MS-Based Spatial Proteomic Applications. In

order to comprehensively capture the cell biological character-
istics in different species or cell types, various ML methods
have been used to predict protein localization from MS-based
spatial proteomic data. For example, RF has been applied to
comprehensively identify the proteins localized in mitotic
chromosomes of chicken DT40 cells,37 and SVM has been
used to assign 8000 proteins to subcellular localizations in
mouse primary neurons and human liver cancer cell line
SK_HEP1.18,73 ML methods are also useful to analyze spatial
PPI data. NMF has been employed to analyze the BioID data
and define the subcellular localizations of 4145 proteins and
their interactions in HEK293 cells.74 Some comparative studies
have investigated the drug response based on changes in
proteomic subcellular profiles of control and drug-treated cells.
For instance, dynamic changes in organelle profiles between
control and drug-treated mouse macrophage cells have been
detected by comparison PCA.193 Another study used SVM to
predict protein-organelle associations in dendritic cells and
identified protein translocations after treatment with approved
drugs such as tamoxifen and prazosin.56 These comparative
studies help reveal drug mechanisms. MS-based spatial
proteomics can also reveal disease mechanisms and facilitate
drug discovery. To determine spatial and temporal changes in
subcellular proteome in human primary fibroblasts during
HCMV infection, various supervised ML algorithms (including
SVM, RF and neural networks) have been used to predict
protein localization.119 The results demonstrated that the
translocation of unconventional myosin MYO18A was
necessary in HCMV replication, and it was identified as a
potential anti-HCMV target.

To obtain robust predictions of protein localizations, some
efforts have been made to develop specialized MS-based spatial
proteomic analysis strategies. A robust MS-based analysis
pipeline has been developed to generate the delineation of
subcellular localizations of proteins in five cell lines.72

Specifically, this pipeline performed quality control by PCA
to examine the resolution of subcellular compartments based
on fractionation profiles. Then, the t-SNE method was used to
visualize and identify marker proteins clusters, and these
clusters were annotated with specific subcellular compartments
using GO and UniProt annotations. Finally, marker proteins

were divided into a training dataset and a test dataset to
construct a SVM classifier. Based on this pipeline, multiple
condition-dependent protein localization analyses were con-
ducted, including the cell-type-specific protein localization,
effects of splicing and protein domains on localization and
protein relocalization after EGFR inhibition.72 Novelty
detection is an effective step to improve the accuracy of
protein localization prediction. The ability of the phenoDisco
algorithm and the semi-supervised Bayesian approach in
discovering potential protein groupings have been demon-
strated across multiple types of MS-based spatial proteomic
data sets.125,136

Although a variety of supervised ML algorithms have been
successfully employed to build classifiers that associate proteins
to specific subcellular compartments, these methods cannot
quantify the uncertainty in the assignment of proteins to
multiple subcellular localizations. To quantify this uncertainty,
a Bayesian generative classifier based on GMM has been
created to generate probability distributions for the subcellular
localizations of proteins.194 Compared with various ML
methods, this uncertainty quantification approach performs
competitively on 19 MS-based spatial proteomic data sets and
draws meaningful biological results in several cases. Moreover,
in order to improve the quality and quantity of protein
assignments, some studies combine multiple data sets from
experiments resolving different subcellular compartments. This
data combination strategy has been applied in a spatial
proteomic study which analyzed a hyperLOPIT data set from
pluripotent mouse embryonic stem cells and predicted protein
subcellular localization based on SVM.160 As a result, the
combination of multiple experimental data sets significantly
improved the accuracy of protein subcellular assignment.
Besides, several studies have combined Arabidopsis data sets
from LOPIT experiments performed on different separation
gradients to improve the organelle resolution and increase the
coverage of the proteome.137,138 Furthermore, transfer learning
with auxiliary data can also improve the generalization accuracy
of protein localization prediction. A transfer learning frame-
work integrating heterogeneous data sources has been
developed based on kNN and SVM, and its effectiveness has
been validated in five LOPIT data sets from four different
species.43

A variety of analytical tools have been developed to
systematically analyze MS-based spatial proteomic data and
achieve the above application purposes. The MSnbase is an R
package for MS data processing (such as kNN missing data
imputation), quality control and visualization.188 The pRoloc
package provides a complete data analysis framework for
quantitative MS-based spatial proteomic data. It integrates
various unsupervised (such as PCA) and supervised (such as
RF, SVM, NB and neural networks) ML methods for data
exploration, including data visualization, quality control and
classification. The semi-supervised phenoDisco algorithm for
novelty detection has also been integrated in the pRoloc
package.110 The pRolocGUI package is developed based on
pRoloc, and it can be applied to visualize spatial proteomic
data by PCA and display the prediction results from supervised
ML such as SVM.107 These packages are all available in the
open-source Bioconductor project.195 Other tools are also
available to predict protein subcellular localization, such as
MetaMass. MetaMass tool uses K-means clustering to identify
protein clusters based on the marker set and then automatically
maps the subcellular localization of unannotated proteins.108
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The robustness of MetaMass has been validated in 11
subcellular proteomic data sets with expected results. There
are also several tools for predicting changes in protein
localization. TRANSPIRE tool is a dedicated analytical
framework for the prediction of protein translocation. It
performs predictions by training a stochastic variational
Gaussian process classifier. The training data are synthesized
by concatenation the spatial profiles of markers from two
different organelles. TRANSPIRE has been applied to reveal
protein movements during virus infections.189

4.2. Imaging-Based Spatial Proteomic Applications.
The main purpose of imaging-based spatial proteomic data
analysis is to identify the major subcellular patterns in cell
images based on image features. Various supervised ML
methods have been utilized to make this prediction, such as
logistic regression, SVM and RF.153,196 To determine the
subcellular localization of new proteins in the test dataset, a
prediction pipeline integrating K-means clustering and SVM
classifier was developed to generalize across different proteins
based on local features.151 Ensemble learning is also a useful
strategy to improve the predictive accuracy of image
classification. The ensLOC is a typical ensemble model of
SVM classifiers, which can assign each yeast cell image to
subcellular localization classes on the basis of morphological
image features.46 The final result for each protein is 16
quantitative localization scores that define the proportion of
protein-associated cell images assigned to each of 16
compartments. The ensLOC model has been applied to detect
changes in yeast protein abundance and localization under
environmental and genetic perturbations.122 In addition, the
subcellular distribution pattern of proteins can be used to train
a ML to automatically distinguish between ferroptosis and
apoptosis cells.197 The investigation of organelle proteome
heterogeneity in neighboring cells can reveal cell interactions
and disease-related microenvironment features in diseases,
such as systemic autoimmune disease114 and breast can-
cer.198,199

Cell segmentation is an important step in imaging-based
spatial proteomic data analysis and application, and various
advanced CNN-based cell segmentation methods have been
developed. RAMCES method uses a pretrained CNN to rank
the cell boundary markers and combines top markers to
construct weighted images for subsequent membrane-based
cell segmentation methods.139 The weighted images have
proved successful in improving the accuracy of cell
segmentation. FeatureNet is also a CNN model which can
perform nuclear and cytoplasmic segmentation, and it has been
used to demonstrate the spatial arrangement of immune-
related proteins at subcellular resolution and reveal the tumor-
immune microenvironment in triple negative breast can-
cer.140,186 To ensure both accuracy and speed of cell
segmentation, Mesmer, a CNN-based approach, has been
created by integrating nuclear and whole-cell segmentation.
The input of Mesmer consists of a nuclear image and a
cytoplasmic image. It can automatically extract the character-
istics of protein subcellular localization and has been used to
detect the changes in cell morphology during human
gestation.156 Besides, semi-supervised AE is also effective in
learning cell shapes. For example, MIRIAM is a robust pipeline
for cell segmentation and shape characterization, which uses a
convolutional AE to characterize cell shape.174 The t-SNE
analysis of latent representation obtained by MIRIAM showed

that cells with similar shape clustered together, which indicated
the power of AE in cell shape learning.

To fully leverage the strength of DL in imaging-based spatial
proteomic data analysis, several strategies have been developed
to accurately identify the protein localizations in images.
Transfer learning also works in this process. An image features
based multi-label DNN model, named as Loc-CAT, was built
using image data from HPA Cell Atlas and showed high level
of accuracy in multi-label prediction.166 When using transfer
learning to combine both manually annotated features and
computational features, the accuracy of Loc-CAT in predicting
protein subcellular localization was further enhanced. In
addition, using pretrained DL models is also a robust transfer
learning approach. For example, after pretraining the CNN-
based DeepYeast on training dataset, the pretrained DeepYeast
was used to extract features for images from another dataset
containing new classes. The RF classifier using features learned
by pretrained DeepYeast outperformed those using image
features calculated by CellProfiler, indicating the generality of
pretrained DeepYeast in extracting spatial patterns from yeast
images.146 Ensemble learning, multiple instance learning and
self-supervised learning have also proved successful in
identification of protein subcellular localization pat-
terns.155,159,183 Cytoself is an advanced self-supervised
approach based on the vector quantized variational AE, and
it can reduce images to latent representations to capture
protein localization features.171 It has been applied to analyze
images from OpenCell. The representation of a specific protein
was obtained by averaging latent representations from all the
protein-associated images. UMAP was then used to visualize
these protein encodings, and this analysis revealed the unique
property of RNA binding proteins.92

Many imaging-based spatial proteomic data analysis tools
provide ML-based analytical modules. ImageJ and Ilastik are
two popular open-source software for image analysis, and they
can be used for cell segmentation and image classification
based on ML methods.141,142 Some dedicated tools for cell
segmentation are available. For instance, Cellpose is a tool for
whole-cell segmentation which does not require any model
retraining. It was developed on the basis of the U-Net
architecture and was suitable for various types of cell
images.172 Squidpy provides numerous analysis methods that
allow scalable analysis of spatial proteomic data. It integrates
cell segmentation methods (such as Cellpose) and DL-based
features extraction methods.190 Cytokit and CellProfiler can
also be used for image feature extraction and cell segmentation,
and both tools provide advanced DL methods for cell image
analysis.157,191 As a part of CellProfiler, CellProfiler Analyst is a
user-friendly tool that provides multiple ML algorithms for the
construction of classifiers identifying various cell pheno-
types.200 To analyze large data set, the DeepCell Kiosk, as a
cloud-native software, provides pretrained DL models for
spatial proteomic image analysis, such as Mesmer.111 There are
also some tools which provide data visualization methods for
spatial proteomic images. Giotto is a comprehensive toolbox
which integrates various unsupervised dimensionality reduc-
tion methods (such as PCA, UMAP and t-SNE) and clustering
methods (such as K-means and hierarchical clustering). It can
be applied to detect subcellular protein localization patterns.192

Cellar is an open-source tool which also supports these
unsupervised ML methods for image data visualization, and it
has been used to analyze a lymph node CODEX spatial
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proteomic data set.115 These analytical tools lay a solid
foundation for imaging-based spatial proteomics.

5. CHALLENGES AND FUTURE DIRECTIONS
Recent advances in ML technology have facilitated the
development of spatial proteomics. However, there are still
several computational challenges in ML-aided spatial proteo-
mic applications. The lack of systematic data resources is a
fundamental problem. Although many data resources are
currently available, they only provide spatial proteomic data in
specific species, cell types or conditions.3 To ensure the
accessibility and reusability of these valuable data, it is of great
importance to construct an overarching and dedicated spatial
proteomic data repository that provides raw data, processed
quantitative data and qualitative data genrated by different
methodologies (both MS-based and imaging-based appro-
ches).1,21 In addition, the reliability of organelle markers can
significantly affect the accuracy of protein localization
prediction. In addition, the reliability of organelle markers
can significantly affect the accuracy of protein localization
prediction. Most of the currently available markers are
annotated in a default state, rather than in specific research
systems or under specific conditions.26 Due to the absence of
such detailed annotations, some studies did not use strictly
defined markers. In order to provide reliable markers under
specific conditions, some preliminary attempts have been
made. For example, the Translocatome database provides
protein subcellular localization information under different
conditions, but it is limited to a few human proteins.101 More
efforts should be made to identify reliable organelle markers
and complete their annotations.

Multimodal data integration is also a challenge in spatial
proteomics, including the combination of spatially resolved
and temporally resolved proteomic data and the integrative
analysis of multiomics data. The major obstacles in integrating
data from multiple modalities are the existence of batch effects
and the distinct feature spaces of different omics data.22,201

Integrating MS-based and imaging-based spatial proteomics
approaches allows simultaneous analyses of multiple organelles
at different time points, which can help understand disease
processes. Advanced data analysis pipelines for such
spatiotemporal analyses are desired to better integrate spatial
and temporal maps of proteome changes during disease
progression.21,23 Since the occurrence of disease changes
multiple interacting components of biological systems (such as
RNA, proteins, lipids, and metabolites), multiomics integration
incorporating spatial proteomics can give unprecedented
insights into cell functionality.2,23 Combining spatial proteo-
mics and other omics data enables comprehensive studies of
the heterogeneity in various diseases, and numerous related
investigations have been conducted.8,202−204 The development
of analytical tools that provide workflows for multimodal data
integration is currently a big challenge.202 Moreover, the lack
of unified and systematic data analysis tools hampers the
comparative analyses of changes in protein spatial patterns
under different conditions.22 The development and application
of ML models which are designed to take multiple conditions
into consideration can facilitate the exploration of the
subcellular proteomic dynamics.21

The interpretability of ML models is one of the biggest
challenges in ML-aided spatial proteomic applications. Most
ML methods applied in current spatial proteomics lack
meaningful biological assumptions.22 The development of

interpretable ML models provides an opportunity to analyze
the identified spatial patterns from a biological perspective.1

6. CONCLUSION
The remarkable advances of spatial proteomics provide
powerful tools for in-depth exploration of cell biology. A
large number of spatial proteomic data repositories are
currently available and lay a solid foundation for the
application of ML methods in spatial proteomic data analysis.
Various ML methods have been successfully applied, and
different types of ML algorithms play different roles in the
analytical workflows. Although a variety of analytical tools
integrating state-of-the-art ML methods have been developed
for diverse spatial proteomic applications, it is certain that
more efforts should be made to develop overarching,
systematic and interpretable methods to facilitate the reliable
practice of biomedical research. In summary, the computa-
tional advances discussed in this review provide valuable
guidelines for cell biologists who will engage in the spatial
proteomic research. ML-aided spatial proteomic data analysis
paves the way to unravel cell biology and inspire the medical
and drug discovery communities.
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