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Abstract 
Motivation: Spatial omics is a young and evolving field and as such shows rapid development of novel technologies and 
analysis methods to measure transcripts, proteins, metabolites, and post-translational modifications at high spatial 
resolution. These advances in technology have enabled the simultaneous generation of abundance profiles for multiple 
different omics types and associated microscopy imaging data, as well as their analysis in a spatial context. However, 
most analytical tools are designed for spatial transcriptomics platforms and are challenging to use in other contexts such 
as mass spectrometry-based measurements or metagenomics.

Results: To this end we present spammR (spatial analysis of multi-omics measurements in R), an R package that enables 
end-to-end analysis with a specific focus on mass-spectrometry derived spatial omics datasets with the goal of integration 
across multiple data types (e.g. sequencing, metabolites, proteins) within the same tissue

Availability and implementation: spammR is implemented in R. The package is currently installable from GitHub (https:// 
pnnl-compbio.github.io/spammR/).

1 Introduction
The field of spatial biology (Crosetto et al. 2015, Moses and 
Pachter 2022, Vandereyken et al. 2023) and the growth of 
spatially-resolved technologies (Lundberg and Borner 2019, 
Taylor et al. 2021, Bouwman et al. 2022, Moffitt et al. 2022) has 
emerged from the need to study biological systems within their 
spatial context and native tissue environments (Kiessling and 
Kuppe 2024). Measuring the molecular changes of a sample, e.g. 
slices of tumor tissue, in its spatial context (Lee et al. 2014, 
Nichterwitz et al. 2018, Zhang et al. 2021), has been enabled by 
both novel transcriptomics (Chen et al. 2015, Codeluppi et al. 
2018, Wang et al. 2018, Eng et al. 2019, Rodriques et al. 2019) as 
well as proteomics technologies (Angelo et al. 2014, Lin et al. 
2018, Black et al. 2021, Radtke et al. 2022). Mass spectrometry 
(MS) based technologies to measure proteins (Zhu et al. 2018, 
Piehowski et al. 2020), lipids, metabolites, and other molecules 
(Greer et al. 2011, Buchberger et al. 2018, Veli�ckovi�c et al. 2024, 
2025) have furthered enabled this field to study how molecular 
interactions can vary across a tissue.

While the pace of computational tool development has accel
erated, particularly in the field of spatial transcriptomics 

(Walker et al. 2022), there is a gap in spatial analysis tools tai
lored towards the analysis and interpretation of mass 
spectrometry-based multi-omics data, with most existing tools 
focused on specific analytical frameworks (Nimo et al. 2025) 
that cannot be readily applied to integrative omics analyses–e.g. 
comparing metabolites and proteomics in the same sample. 
This is especially important regarding the distinct differences 
between antibody imaging and mass spectrometry-based mea
surement. For mass spectrometry specifically, those include (1) 
the need for normalization of mass/charge ratios, (2) the poten
tial need to impute data to counteract missingness and, (3) MS 
as a technology not being restricted to proteomics. In addition 
to MS-based spatial proteomics, the rise of spatial glycomics, 
metabolomics, lipidomics and measurements of post transla
tional modifications (PTMs), such as phosphorylation, all neces
sitate a more flexible framework than those that exist for other 
spatial technologies.

To this end, we introduce spammR (SPatial Analysis of 
Multiomics Measurements in R), an R package that is well-suited 
for an end-to-end analysis of mass-spectrometry derived spatial 
omics datasets with (1) smaller sample sizes and spatial sparsity 
of sampling, (2) considerable missingness, and (3) no a-priori 
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knowledge about proteins or genes of interest, relying on a fully 
data-driven approach. Here we describe the overall features of 
spammR, and how it can be used in “traditional” spatial omics 
contexts, using proteomics data from pancreatic cancer, and lip
idomics and proteomics data from rat brain as examples, as well 
as more broadly as a tool to perform comparative omics studies 
in a spatial context using metagenomic data from the 1000 soils 
project (Bowman et al. 2023, Song et al. 2025).

2 Implementation
spammR is a package implemented in R and will be available via 
Bioconductor. We make use of the ‘SpatialExperiment’ (Righelli 
et al. 2022) object via Bioconductor (Gentleman et al. 2004, 
Huber et al. 2015) to provide the ability to integrate with other 
tools in the Bioconductor environment, and for increased inter
operability with other tools in the spatial omics field (Pardo 
et al. 2022, Feng et al. 2023, Windhager et al. 2023). The package 
consists of five main components (Fig. 1A): (1) Data ingest, (2) 
data processing, (3) feature selection, (4) functional enrichment, 
and (5) integrated visualization.

The data ingest component is comprised of two functions 
designed to capture the diverse data modalities that spammR 
analyzes. The primary function is convert_to_spe() and 
consumes three types of data: a data matrix of counts or values 
representing the samples measured (samples as columns, fea
tures as rows), a metadata table mapping the samples to a coor
dinate system as well as any other phenotypic data, and the 
image itself. spammR assumes that the molecular data are fully 
normalized/batch corrected (V€alikangas et al. 2018), however 
additional corrections can also be applied depending on the 
data modality consumed (e.g. RNASeq vs proteomics). The func
tion then returns a SpatialExperiment object containing 
the information that can be used for additional processing or 
analysis. To account for mass spectrometry imaging data on the 
Metaspace2020 platform (Veli�ckovi�c et al. 2021), we also in
cluded a retrieve_from_metaspace() function that 
selects a specific project and downloads both the coordinate 
metadata as well as the molecular quantifications. This function 
also returns a SpatialExperiment object. Each function only 
retrieves one data modality at a time, with merging happening 
using utility functions described below.

The data processing component currently consists of four 
functions designed to aid in multiomic analysis. To account for 
missingness in data, we included the calc_missingness() 
function to identify missing feature values in the object, and the 
impute_spe() that can run eight basic imputation algorithms. 
Another key feature of the spammR is the ability to measure di
verse data modalities and samples. For this we included the 
spat_reduce() function that merges two SpatialExperiment 
objects on the same coordinate space as well as the split_spe 
() function that separates out a single object into multiple 
smaller objects.

The feature selection component contains functions to 
identify features (e.g. proteins) that either show strong correla
tion between abundances and spatial distance based on regions 
of interest (distance_based_analysis()) or display sig
nificant differential expression profiles based on sample 

categorization (e.g. a categorical distinction between ROIs) with
out incorporation of distance measures (calc_spatial_dif
f_ex()). Both functions take a SpatialExperiment object created 
by convert_to_spe() and return an augmented 
SpatialExperiment with the added significance rankings.

The functional enrichment component contains functions to 
generate over-representation statistics (ORA) for feature selec
tion results. enrich_gradient() can be used to generate 
pathway enrichment based on results from the distance-based 
analysis (distance_based_analysis()). Analogously, 
enrich_ora() does the same for ranking results from cate
gorical differential expression analysis. Both functions rely on 
leapR (Danna et al. 2021) for pathway and gene set enrichment 
analysis (GSEA) (Subramanian et al. 2005). Like the feature selec
tion functions, both functions in the enrichment component will 
return an augmented SpatialExperiment object that can in 
turn be used for visualization of enriched pathways in ROIs.

Finally, the data contained in a SpatialExperiment ob
ject, either directly generated by the raw data ingestion or aug
mented using the feature selection components, can then be 
visualized using the visualization component which contains 
two different visualization functions. (1) spatial_heatmap 
() overlays a grid onto image data representing the different 
regions of interest (ROIs) and shading the individual grid cells by 
the calculated differential (e.g. raw abundance measures or dif
ferential expression calculated by one of the functional enrich
ment components). (2) volcano_plot() can be used to 
visualize the differential expression results generated by 
calc_spatial_diff_ex(). We also enable network-style 
visualizations through the spatial_network() function, 
which identifies pair-wise relationships between molecules 
across space that can then be plotted using the tidygraph 
R package.

All functions are designed to be lightweight, data agnostic, 
and provide interoperability via the SpatialExperiment ob
ject to enable usage beyond the functionality outlined here.

3 Application
We included in the spammR package three examples of applica
tions using multiomics measurements across space.

3.1 Coordinate-based spatial heatmap in 
spammR enables contextual 
interpretation of spatial differences
To demonstrate the capabilities of spammR we conducted an 
analysis on previously published multi-omics data of human 
pancreatic tissue samples (Gosline et al. 2023). Specifically, we 
start by using the available methods in the spammR package to 
generate and visualize abundance differences for insulin across 
ROIs which predominantly contain islets or non-islet cells re
spectively, observing the expected behavior of higher abun
dance of insulin in islet grid cells (Fig. 1B). Next, we performed a 
pathway enrichment analysis using spammR’s feature selection 
and functional enrichment components by pooling images from 
seven distinct pancreas samples. As expected, pathways associ
ated with insulin regulation and secretion are enriched islet cells 
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Figure 1 Overview of spammR functionality. (A) Flow chart describing use of spammR package as well as how the methods of the package relate to 
one another. (B) Expression of the protein insulin in a human pancreas tissue, with labels indicating whether the image region contains islet cells or 
not. (C) Abundance of the sulfur cycle KEGG orthology group across the US Soil study. (D) Expression of a highly variable lipid across a rat brain 
sample, as well (E) the expression of that lipid only within the regions measured by proteomics. (F) Network representing the lipid of interest (pink) 
and highly positively or negatively correlated proteins (turquoise). (G) Expression of proteins in the KEGG Alanine, aspartate, and glutamate pathway, 
which was identified as significantly enriched in proteins negatively correlated with the lipid of interest shown in panel.
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in comparison to pancreatic regions containing predominantly 
non-islet cells. Finally, using the distance-based analysis func
tions in spammR we were able to identify and visualize the fact 
that AP3S2, a subunit of the AP-3 complex that is thought to be 
associated with protein transport (Cowles et al. 1997), expres
sion strength is strongly anti-correlated with the distance from 
islet cells, i.e. decreasing expression with increasing distance. 
The entire analysis is showcased in one of the vignettes 
(spatProt.rmd) included with the spammR package.

3.2 spammR’s agnostic approach to 
multi-omics integration enables the 
investigation of metagenomic data in a 
geospatial context
The implementation of spammR’s spatial component is inher
ently agnostic to whether the distances within the investigated 
sample are on a micrometer, millimeter or even kilometer scale. 
To demonstrate this, we retrieved KEGG (Kanehisa et al. 2025) 
Ortholog (KO) presence data for 108 metagenome samples (54 
sampling sites, samples each at two depths) from the 1000 soils 
project pilot study of MONet (Molecular Observation Network). 
Note that this is different from mass-spectrometry proteomics 
data in so far that in the 1000 soils data the number of predicted 
protein sequences from metagenome-assembled genomes 
(MAGs) that are associated with a given KO is recorded (i.e. pres
ence), whereas traditional MS-proteomics data reports quantita
tive abundance measurements. This leads to significantly lower 
“abundance values” as well as lower variance between the indi
vidual values. In addition to the KO abundance, each sample 
contains further metadata, like soil temperature, water content, 
pH, metal abundances, and most importantly for spatial con
text, latitude, longitude, elevation and whether the sample origi
nates from the top or the bottom of the extracted soil core. 
Using the metadata, we retrieved 575 KOs that show significant 
differential abundances across samples from desert vs. non- 
desert sampling locations (483 “up regulated,” 92 “down regu
lated”). We then utilized leapR’s functionality to retrieve 
enriched KEGG Pathways based on the KO abundance data. The 
pathway enrichment detected several enriched pathways, for 
example “sulfur cycle.” Utilizing map data from the US census 
bureau, the terra R package as well as the latitude and longitude 
annotations we are then able to visualize the pathway enrich
ment using the spatial_heatmap() function (Fig. 1C). A 
complete workflow can be found in the spatMicrobiome vignette 
that is part of spammR.

3.3 Integration of proteomic and 
lipidomic measurements in brain tissue
To show how spammR can be used to integrate multiple omics 
from the same sample, we leveraged data from Vandergrift et al. 
(2025) that measured lipidomics and proteomics from a tissue 
sample from rat brain. We used the retrieve_metaspace_
data() to fetch the experimental data from the Metaspace por
tal (Palmer et al. 2017) and coordinates from the lipids, then 
downloaded the proteomics data from the original publication. 
The original lipid data, shown in Fig. 1D, spans the entire image, 

while the protein data (carved out as squares in the image) only 
represented a subset of the image. We therefore used the spa
t_reduce() function to align the two coordinate systems to 
map the average lipid expression to the regions that correspond 
to protein measurements, shown in Fig. 1E. Using this combined 
object, we could then build a correlation graph, shown in 
Fig. 1F, that identifies specific proteins correlated with a particu
lar lipid of interest, in this case a phosphatidylserine identified 
as highly variable across the image (PS(28:6(10Z, 13Z, 16Z, 19Z, 
22Z, 25Z)/12:0)). We then ran leapR analysis on the correlation 
results to identify a KEGG pathway significantly enriched (nega
tively correlated in this case) with the lipid, depicted in Fig. 1G.

4 Conclusion
Through spammR, we address multiple limitations in the current 
state-of-the-art tools for computational analysis of diverse spa
tial omics measurements with a suite of lightweight methods 
that can be broadly applied across mass spectrometry and 
sequence-derived measurements. spammR is built upon the 
existing Bioconductor framework for spatial omics measure
ments and can therefor interoperate with the ever-growing set 
of tool for spatial transcriptomics, but adds specific expansions 
to explicitly (a) account for issues that generally arise with mass 
spectrometry such as missingness and (b) align omics from di
verse modalities in the same image.

We worked to include a diverse set of features that could be 
used in the spatial omics community, but made distinct choices 
about when to include functionality vs. provide an interface to 
others. For example, in the design of our impute_spe() we 
tried to address the importance of missing data (e.g. in data- 
dependent acquisition (DDA) (Wu and MacCoss 2002) proteomics 
data). In general, missing abundance for individual features 
does not necessarily equate to proteins not being expressed and 
can broadly be categorized into values missing (completely) at 
random (MCAR & MAR) and values missing not at random 
(MNAR). MCAR features can mostly be attributed to instrument 
errors and are truly random, whereas missingness of MAR fea
tures is dependent on the experimental setup and can often be 
traced back toknown instrument detection inaccuracies or dif
ferences between sample batches. However, both MAR and 
MCAR features tend to behave similarly, in that features are 
missing across the whole spectrum of intensities, making them 
more difficult to impute. On the other hand, MNAR values can of
ten be traced back to technical limitations of the instrument, 
e.g. proteins of low expression not being detected due to inten
sities below the detection capabilities of the instrument result
ing in left-censored missing data. Given the different nature of M 
(C)AR and MNAR values where missing values are likely to follow 
different intensity distributions, existing imputation strategies 
do not universally perform well for both types of missing values 
(Webb-Robertson et al. 2015, Lazar et al. 2016, Wei et al. 2018). 
No consensus for universal imputation strategies seems to be 
present in the scientific community. For example, assuming 
MNAR for observed missing values, Lui and Dongre propose that 
naïve single value imputation methods like SampMin (minimal 
value of the sample) can show good performance especially in 
downstream analyses like differential expression analysis 
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whereas Harris et al. suggest the opposite(Harris et al. 2023, 
Kong et al. 2022, Liu and Dongre 2021). More recently, novel 
deep learning based approaches to imputation have demon
strated promising performance for both MAR and MNAR features 
in simulated mixed datasets (Webel et al. 2024, Segers et al. 
2025), however with lower performance for datasets with in
creased MNAR fractions. Finally, more recent studies are sug
gesting to skip imputation all together (Harris et al. 2025). This 
highlights the fact there is no one universal solution to account 
for missing values and successful imputation strategies heavily 
depend on the dataset to be imputed. This is further compli
cated in spatial omics experiments, where cell-type specific pro
teins may only be expressed in one region of the tissue. To 
account for diverse use cases, impute_spe() currently 
includes eight imputation methods including spatially-aware 
imputation method that adapts k-nearest neighbor imputation 
to assign values to missing abundance data points based on mo
lecular abundances only from samples that are spatially close to 
each other (rather than close to each other in expression value) 
with the hope that it can be used to benchmark and compare 
imputation algorithms in an experiment-specific context. 
Finally, considering that spammR is built on widely used data 
structures with a focus on interoperability with other R 
packages, users also have the ability to integrate other available 
imputation strategies from libraries like imputeLCMD (Lazar 
et al. 2022) or MsCoreUtils (Rainer et al. 2022) into their 
workflow.

We demonstrated the power of spammR for the analysis of a 
traditional spatial proteomics datasets using a spatial proteo
mics analysis of healthy human pancreatic tissue. Additionally, 
we showed that spammR is scale agnostic and can also be uti
lized on geospatial distance scale data by using a metagenome 
dataset highlighting the agnostic capabilities of spammR 
extending beyond the analysis of traditional multi-omic data. 
Lastly, we showed the power of integration using a small data
set that collects both lipidomics and proteomics from the 
same tissue.

In the future, we plan to continue expanding the functionality 
provided by spammR through the collection of larger, more 
complex datasets across tissues of interest. We aim to improve 
data processing through the incorporation of other spatial 
analysis such as the SpatialFeatureExperiment (Moses et al. 
2023) and the direct incorporation of geoJSON format to link to 
tools such as quPath (Bankhead et al. 2017) or microscope ven
dor software. As multiomics datasets become more comprehen
sive, we also plan to improve our statistical methods for 
identification of functional pathways that account for measure
ments across omics and properly benchmark and assess impu
tation across omics data types.

Acknowledgements
Soil data were provided by the Molecular Observation Network 
(MONet) at the Environmental Molecular Sciences Laboratory 
(https://ror.org/04rc0xn13), a DOE Office of Science user facility 
sponsored by the Biological and Environmental Research 
program under Contract No. DE-AC05-76RL01830. The work 
(proposal: 10.46936/10.25585/60008970) conducted by the 

U.S. Department of Energy, Joint Genome Institute (https://ror. 
org/04xm1d337), a DOE Office of Science user facility, is sup
ported by the Office of Science of the U.S. Department of Energy 
operated under Contract No. DE-AC02-05CH11231. A subset of 
soil cores was obtained by the National Ecological Observatory 
Network’s Research Support Services which is a program spon
sored by the U.S. National Science Foundation and operated 
under cooperative agreement by Battelle. The Molecular 
Observation Network (MONet) database is an open, FAIR, and 
publicly available compilation of the molecular and microstruc
tural properties of soil. Data in the MONet open science data
base can be found at https://sc-data.emsl.pnnl.gov/.

Author contributions
Yannick Mahlich: Analysis, Writing–original draft, Harkirat Sohi: 
Methodology, Software, Jason McDermott: Conceptualization, 
Supervision, Writing–editing, Sara Gosline: Conceptualization, 
Methodology, Supervision, Software, Writing–original draft.

Conflicts of interest
None declared.

Funding
This work was supported by DoD CDMRP Program W81XWH- 
22–1-0324, NF210042; NIH grant U01-CA271412; and USDA NF- 
SPP 81327.

Data availability
The data used by the examples presented here can be down
loaded from either Figshare or Metaspace via the tutori
als provided.

References
Angelo M, Bendall SC, Finck R et al. Multiplexed ion beam imag

ing of human breast tumors. Nat Med 2014;20:436–42. https:// 
doi.org/10.1038/nm.3488.

Bankhead P, Loughrey MB, Fern�andez JA et al. QuPath: open 
source software for digital pathology image analysis. Sci Rep 
2017;7:16878. https://doi.org/10.1038/s41598-017-17204-5.

Black S, Phillips D, Hickey JW et al. CODEX multiplexed tissue im
aging with DNA-conjugated antibodies. Nat Protoc 2021;16: 
3802–35. https://doi.org/10.1038/s41596-021-00556-8.

Bouwman BAM, Crosetto N, Bienko M. The era of 3D and spatial 
genomics. Trends Genet 2022;38:1062–75. https://doi.org/10. 
1016/j.tig.2022.05.010.

Bowman MM, Heath AE, Varga T et al. One thousand soils for mo
lecular understanding of belowground carbon cycling. Front 
Soil Sci 2023;3:1120425. https://doi.org/10.3389/fsoil. 
2023.1120425.

Buchberger AR, DeLaney K, Johnson J et al. Mass spectrometry 
imaging: a review of emerging advancements and future 

Bioinformatics Advances, 2026, Vol, 6, Issue 1                                                                                                                                                                                                                                         5 

https://ror.org/04rc0xn13
https://ror.org/04xm1d337
https://ror.org/04xm1d337
https://sc-data.emsl.pnnl.gov/
https://doi.org/10.1038/nm.3488
https://doi.org/10.1038/nm.3488
https://doi.org/10.1038/s41598-017-17204-5
https://doi.org/10.1038/s41596-021-00556-8
https://doi.org/10.1016/j.tig.2022.05.010
https://doi.org/10.1016/j.tig.2022.05.010
https://doi.org/10.3389/fsoil.2023.1120425
https://doi.org/10.3389/fsoil.2023.1120425


insights. Anal Chem 2018;90:240–65. https://doi.org/10.1021/ 
acs.analchem.7b04733.

Chen KH, Boettiger AN, Moffitt JR et al. Spatially resolved, highly 
multiplexed RNA profiling in single cells. Science 2015;348: 
aaa6090. https://doi.org/10.1126/science.aaa6090.

Codeluppi S, Borm LE, Zeisel A et al. Spatial organization of the 
somatosensory cortex revealed by osmFISH. Nat Methods 
2018;15:932–5. https://doi.org/10.1038/s41592-018-0175-z.

Cowles CR, Odorizzi G, Payne GS et al. The AP-3 adaptor complex 
is essential for Cargo-Selective transport to the yeast vacuole. 
Cell 1997;91:109–18. https://doi.org/10.1016/S0092-8674(01) 
80013-1.

Crosetto N, Bienko M, van Oudenaarden A. Spatially resolved 
transcriptomics and Beyond. Nat Rev Genet 2015;16:57–66. 
https://doi.org/10.1038/nrg3832.

Danna V, Mitchell H, Anderson L et al. leapR: an R package for 
multiomic pathway analysis. J Proteome Res 2021;20: 
2116–21. https://doi.org/10.1021/acs.jproteome.0c00963.

Eng C-HL, Lawson M, Zhu Q et al. Transcriptome-scale super- 
resolved imaging in tissues by RNA seqFISH+. Nature 2019; 
568:235–9. https://doi.org/10.1038/s41586-019-1049-y.

Feng Y, Yang T, Zhu J et al. Spatial analysis with SPIAT and 
spaSim to characterize and simulate tissue microenviron
ments. Nat Commun 2023;14:2697. https://doi.org/10.1038/ 
s41467-023-37822-0.

Gentleman RC, Carey VJ, Bates DM et al. Bioconductor: open 
software development for computational biology and bioin
formatics. Genome Biol 2004;5:R80. https://doi.org/10.1186/ 
gb-2004-5-10-r80.

Gosline SJC, Veli�ckovi�c M, Pino JC et al. Proteome mapping of 
the human pancreatic islet microenvironment reveals endo
crine–exocrine signaling sphere of influence. Mol Cell 
Proteomics 2023;22:100592. https://doi.org/10.1016/j.mcpro. 
2023.100592.

Greer T, Sturm R, Li L. Mass spectrometry imaging for drugs and 
metabolites. J Proteomics 2011;74:2617–31. https://doi.org/ 
10.1016/j.jprot.2011.03.032.

Harris L, Fondrie WE, Oh S et al. Evaluating proteomics imputa
tion methods with improved criteria. J Proteome Res 2023;22: 
3427–38. https://doi.org/10.1021/acs.jproteome.3c00205.

Harris LJ, Riffle M, Noble WS et al. Improved quantitative accu
racy in Data-Independent acquisition proteomics via reten
tion time boundary imputation. bioRxiv, https://doi.org/10. 
1101/2025.05.27.656394, 31 May 2025, preprint: not 
peer reviewed.

Huber W, Carey VJ, Gentleman R et al. Orchestrating high- 
throughput genomic analysis with bioconductor. Nat Methods 
2015;12:115–21. https://doi.org/10.1038/nmeth.3252.

Kanehisa M, Furumichi M, Sato Y et al. KEGG: biological systems 
database as a model of the real world. Nucleic Acids Res 2025; 
53:D672–77. https://doi.org/10.1093/nar/gkae909.

Kiessling P, Kuppe C. Spatial Multi-Omics: novel tools to study 
the complexity of cardiovascular diseases. Genome Med 2024; 
16:14. https://doi.org/10.1186/s13073-024-01282-y.

Kong W, Hui HWH, Peng H et al. Dealing with missing values in 
proteomics data. Proteomics 2022;22:e2200092. https://doi. 
org/10.1002/pmic.202200092.

Lazar C, Burger T, Wieczorek S. imputeLCMD: A Collection of 
Methods for Left-Censored Missing Data Imputation. V. 2.1. 

Released June 10. 2022. https://cran.r-project.org/web/pack 
ages/imputeLCMD/index.html.

Lazar C, Gatto L, Ferro M et al. Accounting for the multiple natures 
of missing values in label-free quantitative proteomics data 
sets to compare imputation strategies. J Proteome Res 2016; 
15:1116–25. https://doi.org/10.1021/acs.jproteome.5b00981.

Lee JH, Daugharthy ER, Scheiman J et al. Highly multiplexed 
subcellular RNA sequencing in situ. Science 2014;343:1360–3. 
https://doi.org/10.1126/science.1250212.

Lin J-R, Izar B, Wang S et al. Highly multiplexed immunofluores
cence imaging of human tissues and tumors using T-CyCIF 
and conventional optical microscopes. Elife 2018;7:e31657. 
https://doi.org/10.7554/eLife.31657.

Liu M, Dongre A. Proper imputation of missing values in proteomics 
datasets for differential expression analysis. Brief Bioinform 
2021;22:bbaa112. https://doi.org/10.1093/bib/bbaa112.

Lundberg E, Borner GHH. Spatial proteomics: a powerful discov
ery tool for cell biology. Nat Rev Mol Cell Biol 2019;20: 
285–302. https://doi.org/10.1038/s41580-018-0094-y.

Moffitt JR, Lundberg E, Heyn H. The emerging landscape of spa
tial profiling technologies. Nat Rev Genet 2022;23:741–59. 
https://doi.org/10.1038/s41576-022-00515-3.

Moses L, Helgi Einarsson P, Jackson K et al. Voyager: exploratory 
Single-Cell genomics data analysis with geospatial statistics. 
bioRxiv, https://doi.org/10.1101/2023.07.20.549945, 20 August 
2023, preprint: not peer reviewed.

Moses L, Pachter L. Museum of spatial transcriptomics. Nat 
Methods 2022;19:534–46. https://doi.org/10.1038/s41592-022- 
01409-2.

Nichterwitz S, Benitez JA, Hoogstraaten R et al. LCM-seq: A 
method for spatial transcriptomic profiling using laser cap
ture microdissection coupled with polya-based RNA sequenc
ing. In: Gaspar Imre (ed.), RNA Detection: Methods and 
Protocols. Springer, 2018, 95–110. https://doi.org/10.1007/ 
978-1-4939-7213-5_6

Nimo J, Fritzsche S, Valdes DS et al. OpenDVP: an experimental 
and computational framework for Community-Empowered 
deep visual proteomics. bioRxiv, https://doi.org/10.1101/2025. 
07.13.662099, 16 July 2025, preprint: not peer reviewed.

Palmer A, Phapale P, Chernyavsky I et al. FDR-Controlled metab
olite annotation for High-Resolution imaging mass spectrom
etry. Nat Methods 2017;14:57–60. https://doi.org/10.1038/ 
nmeth.4072.

Pardo B, Spangler A, Weber LM et al. spatialLIBD: an R/biocon
ductor package to visualize Spatially-Resolved transcriptom
ics data. BMC Genomics 2022;23:434. https://doi.org/10.1186/ 
s12864-022-08601-w.

Piehowski PD, Zhu Y, Bramer LM et al. Automated mass spec
trometry imaging of over 2000 proteins from tissue sections 
at 100-Mm spatial resolution. Nat Commun 2020;11:8. https:// 
doi.org/10.1038/s41467-019-13858-z.

Radtke AJ, Chu CJ, Yaniv Z et al. IBEX: an iterative immunolabel
ing and chemical bleaching method for High-Content imaging 
of diverse tissues. Nat Protoc 2022;17:378–401. https://doi. 
org/10.1038/s41596-021-00644-9.

Rainer J, Vicini A, Salzer L et al. A modular and expandable eco
system for metabolomics data annotation in R. Metabolites 
2022;12:173. https://doi.org/10.3390/metabo12020173.

6                                                                                                                                                                                                                                         Bioinformatics Advances, 2026, Vol, 6, Issue 1 

https://doi.org/10.1021/acs.analchem.7b04733
https://doi.org/10.1021/acs.analchem.7b04733
https://doi.org/10.1126/science.aaa6090
https://doi.org/10.1038/s41592-018-0175-z
https://doi.org/10.1016/S0092-8674(01)80013-1
https://doi.org/10.1016/S0092-8674(01)80013-1
https://doi.org/10.1038/nrg3832
https://doi.org/10.1021/acs.jproteome.0c00963
https://doi.org/10.1038/s41586-019-1049-y
https://doi.org/10.1038/s41467-023-37822-0
https://doi.org/10.1038/s41467-023-37822-0
https://doi.org/10.1186/gb-2004-5-10-r80
https://doi.org/10.1186/gb-2004-5-10-r80
https://doi.org/10.1016/j.mcpro.2023.100592
https://doi.org/10.1016/j.mcpro.2023.100592
https://doi.org/10.1016/j.jprot.2011.03.032
https://doi.org/10.1016/j.jprot.2011.03.032
https://doi.org/10.1021/acs.jproteome.3c00205
https://doi.org/10.1101/2025.05.27.656394
https://doi.org/10.1101/2025.05.27.656394
https://doi.org/10.1038/nmeth.3252
https://doi.org/10.1093/nar/gkae909
https://doi.org/10.1186/s13073-024-01282-y
https://doi.org/10.1002/pmic.202200092
https://doi.org/10.1002/pmic.202200092
https://cran.r-project.org/web/packages/imputeLCMD/index.html
https://cran.r-project.org/web/packages/imputeLCMD/index.html
https://doi.org/10.1021/acs.jproteome.5b00981
https://doi.org/10.1126/science.1250212
https://doi.org/10.7554/eLife.31657
https://doi.org/10.1093/bib/bbaa112
https://doi.org/10.1038/s41580-018-0094-y
https://doi.org/10.1038/s41576-022-00515-3
https://doi.org/10.1101/2023.07.20.549945
https://doi.org/10.1038/s41592-022-01409-2
https://doi.org/10.1038/s41592-022-01409-2
https://doi.org/10.1007/978-1-4939-7213-5_6
https://doi.org/10.1007/978-1-4939-7213-5_6
https://doi.org/10.1101/2025.07.13.662099
https://doi.org/10.1101/2025.07.13.662099
https://doi.org/10.1038/nmeth.4072
https://doi.org/10.1038/nmeth.4072
https://doi.org/10.1186/s12864-022-08601-w
https://doi.org/10.1186/s12864-022-08601-w
https://doi.org/10.1038/s41467-019-13858-z
https://doi.org/10.1038/s41467-019-13858-z
https://doi.org/10.1038/s41596-021-00644-9
https://doi.org/10.1038/s41596-021-00644-9
https://doi.org/10.3390/metabo12020173


Righelli D, Weber LM, Crowell HL et al. SpatialExperiment: infra
structure for spatially-resolved transcriptomics data in R us
ing bioconductor. Bioinformatics 2022;38:3128–31. https:// 
doi.org/10.1093/bioinformatics/btac299.

Rodriques SG, Stickels RR, Goeva A et al. Slide-Seq: a scalable 
technology for measuring Genome-Wide expression at high 
spatial resolution. Science 2019;363:1463–7. https://doi.org/ 
10.1126/science.aaw1219.

Segers A, Castiglione C, Vanderaa C et al. omicsGMF: a multi- 
tool for dimensionality reduction, batch correction and impu
tation applied to bulk- and single cell proteomics data. 
bioRxiv, https://doi.org/10.1101/2025.03.24.64 
4996, 30 May 2025, preprint: not peer reviewed.

Song YC, Shi C, Stratton KG et al. Continental-Scale integration 
of soil metagenomes and metabolomes reveals ubiquitous 
microbial capacity for recalcitrant carbon decomposition. 
bioRxiv, https://doi.org/10.1101/2025.07.03.663048, 3 July 
2025, preprint: not peer reviewed.

Subramanian A, Tamayo P, Mootha VK et al. Gene set enrichment 
analysis: a knowledge-based approach for interpreting 
genome-wide expression profiles. Proc Natl Acad Sci U S A 
2005;102:15545–50. https://doi.org/10.1073/pnas.0506580102.

Taylor MJ, Lukowski JK, Anderton CR. Spatially resolved mass 
spectrometry at the single cell: recent innovations in proteo
mics and metabolomics. J Am Soc Mass Spectrom 2021;32: 
872–94. https://doi.org/10.1021/jasms.0c00439.

V€alikangas T, Suomi T, Elo LL. A systematic evaluation of normal
ization methods in quantitative label-free proteomics. Brief 
Bioinform 2018;19:1–11. https://doi.org/10.1093/bib/bbw095.

Vandereyken K, Sifrim A, Thienpont B et al. Methods and applica
tions for single-cell and spatial Multi-Omics. Nat Rev Genet 
2023;24:494–515. https://doi.org/10.1038/s41576-023-00580-2.

Vandergrift GW, Veli�ckovi�c M, Day LZ et al. Untargeted spatial 
metabolomics and spatial proteomics on the same tissue sec
tion. Anal Chem 2025;97:392–400. https://doi.org/10.1021/acs. 
analchem.4c04462.

Veli�ckovi�c D, Be�cejac T, Mamedov S et al. Rapid automated an
notation and analysis of N-Glycan mass spectrometry imaging 
data sets using NGlycDB in METASPACE. Anal Chem 2021;93: 
13421–5. https://doi.org/10.1021/acs.analchem.1c02347.

Veli�ckovi�c M, Kadam L, Kim J et al. Advanced Multi-Modal mass 
spectrometry imaging reveals functional differences of pla
cental villous compartments at microscale resolution. Nat 
Commun 2025;16:2061. https://doi.org/10.1038/s41467-025- 
57107-y.

Veli�ckovi�c M, Wu R, Gao Y et al. Mapping microhabitats of ligno
cellulose decomposition by a microbial consortium. Nat Chem 
Biol 2024;20:1033–43. https://doi.org/10.1038/s41589-023- 
01536-7.

Walker BL, Cang Z, Ren H et al. Deciphering tissue structure and 
function using spatial transcriptomics. Commun Biol 2022;5: 
220–10. https://doi.org/10.1038/s42003-022-03175-5.

Wang X, Allen WE, Wright MA et al. Three-dimensional intact- 
tissue sequencing of single-cell transcriptional states. Science 
2018;361:eaat5691. https://doi.org/10.1126/science.aat5691.

Webb-Robertson B-JM, Wiberg HK, Matzke MM et al. Review, 
evaluation, and discussion of the challenges of missing value 
imputation for MASS SPECTROMETRY-BASED LABEL-FREE 
GLOBal proteomics. J Proteome Res 2015;14:1993–2001. 
https://doi.org/10.1021/pr501138h.

Webel H, Niu L, Bach Nielsen A et al. Imputation of Label-Free 
quantitative mass spectrometry-based proteomics data using 
self-supervised deep learning. Nat Commun 2024;15:5405. 
https://doi.org/10.1038/s41467-024-48711-5.

Wei R, Wang J, Su M et al. Missing value imputation approach for 
mass spectrometry-based metabolomics data. Sci Rep 2018;8: 
663. https://doi.org/10.1038/s41598-017-19120-0.

Windhager J, Zanotelli VRT, Schulz D et al. An end-to-end work
flow for multiplexed image processing and analysis. Nat 
Protoc 2023;18:3565–613. https://doi.org/10.1038/s41596-023- 
00881-0.

Wu CC, MacCoss MJ. Shotgun proteomics: tools for the analysis 
of complex biological systems. Curr Opin Mol Ther 2002; 
4:242–50.

Zhang M, Eichhorn SW, Zingg B et al. Spatially resolved cell atlas 
of the mouse primary motor cortex by MERFISH. Nature 2021; 
598:137–43. https://doi.org/10.1038/s41586-021-03705-x.

Zhu Y, Piehowski PD, Zhao R et al. Nanodroplet processing plat
form for deep and quantitative proteome profiling of 10–100 
mammalian cells. Nat Commun 2018;9:882. https://doi.org/10. 
1038/s41467-018-03367-w.

© The Author(s) 2026. Published by Oxford University Press.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits 
unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.
Bioinformatics Advances, 2026, 6, 1–7
https://doi.org/10.1093/bioadv/vbag163
Application Note

Bioinformatics Advances, 2026, Vol, 6, Issue 1                                                                                                                                                                                                                                         7 

https://doi.org/10.1093/bioinformatics/btac299
https://doi.org/10.1093/bioinformatics/btac299
https://doi.org/10.1126/science.aaw1219
https://doi.org/10.1126/science.aaw1219
https://doi.org/10.1101/2025.03.24.644996
https://doi.org/10.1101/2025.03.24.644996
https://doi.org/10.1101/2025.07.03.663048
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.1021/jasms.0c00439
https://doi.org/10.1093/bib/bbw095
https://doi.org/10.1038/s41576-023-00580-2
https://doi.org/10.1021/acs.analchem.4c04462
https://doi.org/10.1021/acs.analchem.4c04462
https://doi.org/10.1021/acs.analchem.1c02347
https://doi.org/10.1038/s41467-025-57107-y
https://doi.org/10.1038/s41467-025-57107-y
https://doi.org/10.1038/s41589-023-01536-7
https://doi.org/10.1038/s41589-023-01536-7
https://doi.org/10.1038/s42003-022-03175-5
https://doi.org/10.1126/science.aat5691
https://doi.org/10.1021/pr501138h
https://doi.org/10.1038/s41467-024-48711-5
https://doi.org/10.1038/s41598-017-19120-0
https://doi.org/10.1038/s41596-023-00881-0
https://doi.org/10.1038/s41596-023-00881-0
https://doi.org/10.1038/s41586-021-03705-x
https://doi.org/10.1038/s41467-018-03367-w
https://doi.org/10.1038/s41467-018-03367-w

	Active Content List
	1 Introduction
	2 Implementation
	3 Application
	4 Conclusion
	Acknowledgements
	Author contributions
	Conflicts of interest
	Funding
	Data availability
	References


