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Abstract

Spatial molecular data has transformed the study of disease microenvironments,
though, larger datasets pose an analytics challenge prompting the direct adoption

of single-cell RNA-sequencing tools including normalization methods. Here, we dem-
onstrate that library size is associated with tissue structure and that normalizing these
effects out using commonly applied scRNA-seq normalization methods will negatively
affect spatial domain identification. Spatial data should not be specifically corrected
for library size prior to analysis, and algorithms designed for scRNA-seq data should be
adopted with caution.

Background
After being crowned method of the year 2020 [1], spatial molecular technologies have
seen significant advances with platforms providing diverse coverage of transcripts (100s
to genome-wide) and spatial resolution of measurements (sub-cellular to 100s of cells)
[2-5] through sequencing or imaging technologies. Spatial resolution of molecular
measurements has enabled the study of diseases in their resident tissue microenviron-
ment, thus, providing a more comprehensive view of disease systems [6]. The bioin-
formatics challenge posed by the increased scale and resolution of data has prompted
abstraction of sub-cellular measurements to the cellular level [3, 4] by binning detections
into segmented cellular boundaries [7]. Cellular abstraction enables the >1700 tools
developed for the analysis of single-cell RNA sequencing (scRNA-seq) data to be applied
to spatial molecular data [8]. However, this approach disregards spatial information
and remains underpowered [3, 4]. Dedicated methods that incorporate spatial informa-
tion are being developed [5, 7], but many analysis workflows still impose scRNA-seq
assumptions.

One such assumption is that differences in the total number of transcripts detected/
sequenced per cell (library size/total detections) represents technical variation that
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should be normalized out prior to downstream analysis. Normalization for library sizes
originated from bulk RNA sequencing where samples were sequenced at varying depths
[9]. The simplest method to account for library size in RNA-seq data is to divide each
count by the total sequencing depth for that sample and multiply by a scalar to obtain
counts per million (CPM) [10]. As this does not mitigate the effect of total sequencing
depth in scRNA-seq experiments, new methods such as sctransform [11] and scran [12]
have been proposed to reduce the impact of library size differences. In sub-cellular spa-
tial molecular technologies, the unit of measurement is either a transcript detection or
a sub-cellular spot; therefore, normalization at the cellular level is not as naturally moti-
vated compared to bulk or scRNA-seq. Although cellular binning is not performed in
Visium data, like other spatial molecular technologies, the proximity of spots/cells to
neighboring spots/cells implies spatial autocorrelation resulting from biological depend-
ence when spots/cells originate from the same tissue region. Additionally, unlike single-
cell technologies that dissociate cells prior to sequencing, most spatial technologies
measure the transcriptome while cells are embedded in tissue, and this could lead to dif-
ferences in reagent permeability driven by tissue architecture. This would result in sam-
pling differences across the tissue and subsequently library size differences. These effects
are not accounted for in scRNA-seq normalization methods that are routinely applied to
spatial data [2, 13]. The downstream effects of such normalization on some downstream
analysis tasks have been shown on 10x Visium data but has not been extensively studied
across other technologies [14].

Results and discussion

Since library size can be a significant source of variability in single cell datasets, lead-
ing to clusters that capture library size differences rather than biological signals, we set
out to investigate this effect in spatial data. Publicly available data from 25 tissue sam-
ples obtained using four different spatial technologies, including imaging- and sequenc-
ing-based methods, were used to study total detections/library sizes (Additional File 1:
Supplementary Table 1) [3, 15-17]. We binned transcript detections into a hexagonal
tessellation to explore total detections across space and visualized the density across
bins/spots (Fig. 1a-e, Additional File 1: Supplementary Figure 1). We also annotated tis-
sue regions in the datasets (see “Methods”) to assess library size associations with these
regions (Fig. 1f-j, Additional File 1: Supplementary Figure 2). Visualizing the total detec-
tions/library sizes revealed tissue structure across brain and cancer datasets, including
the layering of the cortex (darker greens in Fig. 1g-h), white matter (pinks in Fig. 1g-
h), and hippocampus in the mouse brain datasets (brighter greens in Fig. 1g-h), and
tumor regions in the non-small cell lung cancer (NSCLC) and breast intraductal carci-
noma (IDC) dataset (purple and red regions in Fig. 1i-j respectively). Particularly, tumor
regions had higher total detections per cell as expected since tumor cells are known to
be transcriptionally more active than other cell types [14, 18, 19].

Our binning strategy allowed us to investigate total detections/library size without
delving into cell boundary detection which is still an active area of research. However,
this meant that each bin contained multiple cells; therefore, we had to relate the total
detections/library sizes back to the number of cells. Visualizing total detections/library
sizes against the number of cells revealed a linear dependency across all technologies
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Fig. 1 Detection density and total detections/library sizes are associated with biology consistently across
different spatial molecular technologies, organs, and species. a-d Detection density per bin/spot plot for
Visium dorsolateral prefrontal cortex (DLPFC), Xenium mouse brain, STOmics mouse brain, and CosMx
non-small cell lung cancer (NSCLC) reveal tissue structure. e~h Regions annotated for each bin/spot using
the Allen Brain Atlas for the mouse brain and manual annotation based on immunofluorescence markers of
CosMx NSCLC. i-I Number of cells plot against the total detections/library sizes per bin/spot, colored by the
tissue region, showing the region-specific relationship between cells and total detections/library sizes. m-p
Average total detections/library sizes per cell for each region, computed as the sum of detections divided by
the number of cells for each region, showing that related regions exhibit similar total detections/library sizes
per cell. As the mouse brain datasets have over 100 regions annotated, color schemes from the Allen Brain
Atlas are used where only larger structures are colored. (Note: truncated outlier marked by x)

with pronounced region-specific trends suggesting that cell density is not the only con-
tributing factor to transcript detections (Fig. 1k-o, Additional File 1: Supplementary Fig-
ure 3). We estimated the average total detections/library sizes per cell for each region by
dividing the total detections/library size of the region by the number of nuclei detected
and found a clear region-specific effect in each dataset (Fig. 1p-t, Additional File 1: Sup-
plementary Figure 4). Similar brain sub-structures, such as the different neuronal layers
of the cortex (dark green bars), had similar average total detections/library sizes (Fig. 1q-
r). Likewise, tumor regions had higher total detections per cell (Fig. 1s-t).

To assess the relationship between regions, the number of cells, and total detections/
library sizes, we fitted a Poisson model to the binned data, treating all transcript detec-
tions as a spatial Poisson point process. The model included cell density, tissue region,
and other technology-specific variables as covariates, and the interactions between all
covariates were included in the model. The number of cells or the number of spots over-
lapping cells (STOmics) per bin explained the largest variance in library sizes, followed
by the tissue region, across all technologies (Additional File 2). Even after accounting
for the number of cells in each bin, there was a significant relationship between spatially
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defined regions and total detections/library sizes (tissue region p-values < 2 x 103%,

Additional File 2), which appears to be technology, species, and organ agnostic, and pre-
sent across both healthy and disease systems.

The presence of region-specific total detections/library size effect implies that normal-
izing out total detections/library sizes could result in loss of information when attempt-
ing to identify spatial domains using clustering. Spatial domain identification in Visium
data usually involves a standard single-cell clustering pipeline, where sctransform/scran
normalization is applied [20]. Recent spatially aware domain identification methods
such as BayesSpace [21] and SpaGCN [22], use the location information in conjunc-
tion with gene expression measurements. To evaluate the impact of normalization on
these standard workflows without biases in parameter choice, a benchmark was set up
to explore a large parameter space and test all combinations of parameters for each nor-
malization strategy across 25 samples spanning all four technologies. Three normali-
zation approaches (sctransform [11], scran [12], and RUVIII-NB [19]) were compared
against not normalizing, but simply log-transforming the raw counts. In total, 18,647
different combinations were tested (Fig. 2a).

Performance on domain identification, as quantified by the adjusted Rand index
(ARI), was strongly dependent on the choice of normalization methods (Fig. 2b). Library
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Fig. 2 Normalization of total detections/library sizes results in poorer spatial domain identification using
clustering approaches. a Schematic of the benchmark performed on 25 samples spanning four spatial
transcriptomics technologies showing the parameter space explored when using a single-cell clustering
pipeline, as well as two spatially aware methods to identify spatial domains. b The adjusted Rand index (ARI)
obtained when different normalization strategies are applied on the different datasets using three different
clustering methods: graph-based clustering, SpaGCN, and BayesSpace. Explicit library size normalization
using sctransform results in poorer domain identification across most datasets, indicating that library size
confounds biology in spatial transcriptomics datasets. Choice of normalization methods is dependent on the
clustering algorithm and dataset type
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size normalization using sctransform resulted in poorer domain identification across
most datasets and domain identification methods. Since sctransform’s effectiveness in
removing library size effects results in poorer domain identification, our hypothesis
of library size confounding biology in spatial transcriptomics datasets is confirmed.
Though sctransform removes library size effects effectively, their confounding with biol-
ogy results in removal of biological effects as well. Performance following RUVIII-NB,
scran, and no normalization was primarily dependent on the clustering method: Bayes-
Space and graph-based clustering identified more accurate regions with unnormalized
and scran normalized data while SpaGCN mostly favored scran normalization. We also
observed dataset-specific trends where scran and no normalization resulted in better
domain identification in normal tissues (human and mouse brains), while performance
was less consistent in the cancer datasets, possibly due to the heterogeneity between
samples (Additional File 1: Supplementary Figure 5). Next, we investigated the param-
eter combinations that produced the best domains for each of the 25 datasets (Addi-
tional File 1: Supplementary Table 2). Spatially aware clustering methods were the best
at identifying domains for 21 of the 25 samples (with BayesSpace being the best for 11 of
these and SpaGCN for 10). The normalization method that was better in most of these
cases was scran (15/25 sample); however, normalization methods preferentially paired
with clustering methods as seen in Fig. 2b. Finally, RUVIII-NB normalization produced
the best domains for 5 of the 9 cancer datasets. Feature selection strategies varied across
these best-case scenarios; however, dropping features with negative or zero biological
variance estimates was beneficial for 11 of the 12 samples profiled using targeted panels
(Xenium and CosMXx).

Our analysis of spatial transcriptomic datasets from four different technologies and
four different tissues shows that library size or total detections per cell significantly differ
across tissue structures, representing real biology rather than technical variation. Tech-
nical effects such as differences in tissue permeability can explain variation in library
sizes for technologies such as Visium and STOmics. However, as these differences are
also driven by tissue architecture, they themselves confound biology and are difficult
to decouple from truly technical variability. Similar observations have been made in
scRNA-seq [19] and 10x Visium [14] data; however, this is the first time it has been
rigorously tested across spatial molecular technologies. Normalizing this effect out will

negatively impact spatial domain identification.

Conclusion

We recommend carefully selecting when to normalize library sizes in spatial molecular
data. For instance, library size normalization should not be performed prior to spatial
domain identification but could be considered for other downstream analytical tasks that
involve cross-sample comparisons/integration. Similar to a recent study that assessed
the impact of normalization on differential expression analysis for marker detection [23],
rigorous studies are needed to ascertain best practices for analyzing spatial transcrip-
tomics datasets. Though not normalizing the data is better than sctransform normaliza-
tion for clustering tasks, there is a need for new normalization methods that account for
the unique properties of spatial data. We also emphasize caution when adopting ideas
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and tools from single-cell analysis into spatial molecular data as the assumptions of
these methods may be violated for spatial data.

Methods

Hexagonal tessellation of sub-cellular localized data

We computed a hexagonal tessellation such that there were 100 hexagons along each
axis. Since the areas profiled in the Xenium datasets were larger, the tessellation of these
datasets contained 200 hexagons along each axis. This was preferred over a standard
square grid as a hexagonal tessellation is less prone to edge effects [24]. Total detections/
library size as well as the total number of cells were computed in each bin. The number
of bins along each axis was heuristically selected such that each bin contained approxi-
mately 10 s of cells and 1000 s of detections to maintain comparability between datasets.

Poisson model of binned counts

Points in space represent a Poisson point process therefore binning points will result in
Poisson distributed count data. We model binned counts as a linear combination of the
number of cells, the region types, and any technology specific technical covariates such
as the number of DNA nanoball beads (BGI STOmics) and the field of view (NanoString
CosMx). Generalized linear models with a log link function are used to perform the fit.
All possible interactions between covariates were included in the models. A type II anal-
ysis of variance (ANOVA) [25] was performed on the covariates and their interactions

within each model to assess their significance.

Annotation of regions in spatial datasets

Mouse brain data from the Xenium and STOmics technologies were annotated by regis-
tering accompanying DAPI stained images to the “Nissl” channel of the common coordi-
nates framework v3 (CCFv3) of the Allen Brain Atlas [26] using the Aligning Big Brains
and Atlases (ABBA) plugin (v0.3.7) in Fiji (v1.53t) [27]. The BigWarp alignment pipeline
was used to morph the DAPI image to the reference “Nissl” channel. The resultant hier-
archical annotation was compressed such that the deepest layer of non-missing annota-
tion was used to annotate each detection/DNA nanoball spot. This annotation resulted
in the identification of 149-155 brain regions in the Xenium mouse brain dataset and
118 regions in the STOmics mouse brain dataset. Some regions have finer-resolution
region annotations; therefore, each spot was annotated by the finest-resolution anno-
tation available. Existing annotations for the non-small cell lung cancer (NSCLC) data
were not used as these were derived using the transcriptomic measurements. Instead,
we reannotated the data manually with QuPath (v0.3.2) [28] using the accompanying
PanCK, CD3, CD45, and DAPI-stained images, thus producing annotations that were
independent of the transcriptomics data. A total of six regions were annotated using
these markers: Tumor, Stroma, Abnormal, Abnormal Epithelium, Necrotic, and Fibrotic.
Xenium breast cancer data were annotated using the matched histopathology (H&E)
image provided along with the dataset. The data were annotated for eight region types:
ductal carcinoma in-situ (DCIS), invasive tumor, normal ducts, immune cells, cysts,
blood vessels, adipose tissue, and stroma. Hexagonal bins were allocated to regions
based on the predominant annotation of data points within the bin. Region annotations



Bhuva et al. Genome Biology (2024) 25:99 Page 7 of 10

as well as estimates of cell numbers per spot for the Visium samples were available from
the spatialLIBD R package [16].

Pre-processing datasets for benchmarking

All samples were uniformly using the pipeline illustrated in Fig. 2a. Spots/bins lacking
annotations, as well as those with total detections/library sizes less than 3 were removed.
Following filtering, four different normalization strategies were applied: log transforma-
tion (no normalization), scran [12], sctransform [11], and RUVIII-NB [19]. Apart from
RUVIII-NB which required negative control, all other methods were applied on tar-
get genes using default settings. For scran normalization, size factors estimated to be
smaller than 10® were set to 10®, RUV normalization was performed with the number
of unwanted factors (K) set to 1. Single-cell housekeeping genes [29] are used as neg-
ative controls, except for datasets with less than 10 housekeeping genes available. For
these, 10% of the genes were randomly selected as negative controls. Pseudo-replicates
required by RUVIII-NB were defined by first selecting seed loci that were equidistantly
spaced (approx. 0.5% of all loci). The 18 spots surrounding each seed locus (2nd degree
neighborhood) were then considered to be distinct sub-populations and passed on as
pseudo-replicates to RUVIII-NB. Pearson residuals produced by RUVIII-NB were used
for downstream analysis.

Next, feature selection was performed by modeling gene variances using the scran
R/Bioconductor package [30]. The top 1000, 2000, or 3000 highly variable genes were
selected for datasets with genome-wide measurements (Visium and STOmics). For
datasets obtained using targeted panels (Xenium and CosMx), either the full panel was
selected or genes with variance estimates greater than 0 were chosen. Dimensional
reduction was then performed using principal components analysis (PCA) to reduce
dimensionality of the data to 50 principal components, thus retaining most of the infor-
mation present in the data. Finally, data processed using all the above combinations were

used to assess different clustering strategies.

Domain identification benchmark

We evaluated a single-cell inspired graph-based clustering approach, as well as two
spatially aware clustering methods: BayesSpace [21] and SpaGCN [22]. Shared nearest
neighbor graphs were constructed for the graph-based approach with neighborhoods of
size (k) 5, 10, 20, or 30. Next, community detection was performed using the walktrap,
Louvain [31], or Leiden [32] approaches. Eight resolution parameters were explored for
the latter two approaches (0.1, 0.225, 0.35, 0.475, 0.6, 0.725, 0.85, and 0.975). BayesSpace
and SpaGCN were applied using the default settings recommended in their respective
user guides. Both methods required the expected number of clusters to be specified. As
domains were annotated in our study, we specified the number of unique spatial domain
types. Though this information is available for our datasets, it is not always accurately
known. Therefore, we also assessed performance of methods when the expected num-
ber of clusters is inaccurately over- or under-approximated by 25%. Clustering was
performed using all combinations of parameters and methods, across all variants of pre-
processed datasets. The Adjusted Rand index (ARI) was computed to evaluate clustering
performance. The CellBench R/Bioconductor was used to execute the benchmark [33].



Bhuva et al. Genome Biology (2024) 25:99 Page 8 of 10

Supplementary Information
The online version contains supplementary material available at https://doi.org/10.1186/513059-024-03241-7.

Additional file 1. Additional figures to support the analyses in this study

Additional file 2. Results of Type Il ANOVA tests on regression models of library size/total detections. (Df - degrees
of freedom, Pr(>F) — p-value, Sum Sq - sum of squares).

Additional file 3. Review history

Acknowledgements
Not applicable.

Peer review information
Veronique van den Berghe was the primary editor of this article and managed its editorial process and peer review in
collaboration with the rest of the editorial team.

Review history
The review history is available as Additional File 3.

Authors’ contributions

DDB, BP, and MJD designed, conceptualized, and led the study. DDB, CWT, and AS performed all bioinformatics analysis.
DDB, CM, MAP, WDT, TEH, and MLAL helped annotate the spatial transcriptomics datasets. All authors contributed to the
interpretation of results and helped draft and revise the manuscript.

Authors’' Twitter handles

Twitter handles: @bhuva_dd (Dharmesh D. Bhuva), @chinwee10 (Chin Wee Tan), @asalim_hint (Agus Salim), @Claire-
Marceaux (Claire Marceaux), @Malvikharbanda (Malvika Kharbanda), @Melody_Jxy (Xinyi Jin), @Inly0311 (Ning Liu), @
givanna90 (Givanna Putri), @DrTheresaHickey (Theresa E. Hickey), @ml_labat (Marie-Liesse Asselin-Labat), @BelindaPhip-
son (Belinda Phipson).

Funding

DDB and MJD are supported by the Grant-in-Aid Scheme administered by Cancer Council Victoria and by a research
grant from the Australian Lions Childhood Cancer Foundation. MJD is funded by the Betty Smyth Centenary Fellowship
in Bioinformatics, the Cure Brain Cancer Foundation and National Breast Cancer Foundation joint grant CBCNBCF-19-009,
and the National Health and Medical Research Council grant APP2021286. BP is supported by a National Health and
Medical Research Council Investigator grant GNT1175653. WDT and TEH are supported by the National Breast Cancer
Foundation grants lIRS-23-069 and IIRS-19-009. WDT is also supported by the National Health and Medical Research
Council grant APP2021041. WEHI acknowledges the support of the Operational Infrastructure Program of the Victorian
Government. The South Australian immunoGENomics Cancer Institute (SAIGENCI) has received grant funding from the
Australian Government.

Availability of data and materials

All data used in this study, including region annotations (as GeoJSON files), are available on Zenodo (DOI: https://doi.
0rg/10.5281/zenod0.7959786) [34] and are accessible through the SubcellularSpatialData R/Bioconductor data package
[35]. SubcellularSpatialData provides access to the annotated transcript data as well as various functions to bin the data
into cells, hexagonal bins, square bins, and regions. Reproducible code used to generate these analyses are available at
https://davislaboratory.github.io/SpatialLibrarySizePaper [36]. The workflowr R package was used to ensure code repro-
ducibility [37]. The code in this repository is covered by the MIT license and the written content is covered by a Creative
Commons CC-BY license.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Author details

South Australian immunoGENomics Cancer Institute (SAIGENCI), Faculty of Health and Medical Sciences, The University
of Adelaide, Adelaide, SA 5005, Australia. >Division of Bioinformatics, Walter and Eliza Hall Institute of Medical Research,
Melbourne, VIC 3052, Australia. 3Departmem of Medical Biology, Faculty of Medicine, Dentistry and Health Sciences,
University of Melbourne, Parkuville, VIC 3010, Australia. “The University of Queensland Fraser Institute, The University

of Queensland, Woolloongabba, QLD 4102, Australia. >Melbourne School of Population and Global Health, School

of Mathematics and Statistics, The University of Melbourne, Melbourne, VIC 3010, Australia. °Personalised Oncology
Division, Walter and Eliza Hall Institute of Medical Research, Melbourne, VIC 3052, Australia.” Dame Roma Mitchell Cancer
Research Laboratories, Adelaide Medical School, The University of Adelaide, Adelaide, SA, Australia. 8Department of Clini-
cal Pathology, Faculty of Medicine, Dentistry and Health Sciences, University of Melbourne, Parkville, VIC 3010, Australia.


https://doi.org/10.1186/s13059-024-03241-7
https://doi.org/10.5281/zenodo.7959786
https://doi.org/10.5281/zenodo.7959786
https://davislaboratory.github.io/SpatialLibrarySizePaper

Bhuva et al. Genome Biology (2024) 25:99 Page 9 of 10

Received: 12 July 2023 Accepted: 9 April 2024
Published online: 18 April 2024

References

1.
2.

3.

20.

21

22.

23.

24.

25.

26.

27.

28.

29.

30.

Marx V. Method of the year: spatially resolved transcriptomics. Nat Methods. 2021;18:9-14.

Chen A, Liao S, Cheng M, Ma K, Wu L, Lai Y, Qiu X, Yang J, Xu J, Hao S, et al. Spatiotemporal transcriptomic atlas of
mouse organogenesis using DNA nanoball-patterned arrays. Cell. 2022;185(1777-1792): e1721.

He S, Bhatt R, Brown C, Brown EA, Buhr DL, Chantranuvatana K, Danaher P, Dunaway D, Garrison RG, Geiss G, et al.
High-plex imaging of RNA and proteins at subcellular resolution in fixed tissue by spatial molecular imaging. Nat
Biotechnol. 2022;40(12):1794-806.

Janesick A, Shelansky R, Gottscho AD, Wagner F, Williams SR, Rouault M, Beliakoff G, Morrison CA, Oliveira MF, Sicher-
man JT, Kohlway A, Abousoud J, Drennon TY, Mohabbat SH, 10x Development Teams, Taylor SEB. High resolution
mapping of the tumor microenvironment using integrated single-cell, spatial and in situ analysis. Nat Commun.
2023;14(1):8353.

Moses L, Pachter L. Museum of spatial transcriptomics. Nat Methods. 2022;19:534-46.

FuT, Dai LJ, Wu SY, Xiao Y, Ma D, Jiang YZ, Shao ZM. Spatial architecture of the immune microenvironment orches-
trates tumor immunity and therapeutic response. J Hematol Oncol. 2021;14:98.

Dries R, Chen J, Del Rossi N, Khan MM, Sistig A, Yuan GC. Advances in spatial transcriptomic data analysis. Genome
Res. 2021;31:1706-18.

Zappia L, Phipson B, Oshlack A. Exploring the single-cell RNA-seq analysis landscape with the scRNA-tools database.
PLoS Comput Biol. 2018;14:21006245.

Robinson MD, Oshlack A. A scaling normalization method for differential expression analysis of RNA-seq data.
Genome Biol. 2010;11:R25.

. Luecken MD, Theis FJ. Current best practices in single-cell RNA-seq analysis: a tutorial. Mol Syst Biol. 2019;15:e8746.
. Hafemeister C, Satija R. Normalization and variance stabilization of single-cell RNA-seq data using regularized nega-

tive binomial regression. Genome Biol. 2019;20:296.

. Lun AT, Bach K, Marioni JC. Pooling across cells to normalize single-cell RNA sequencing data with many zero

counts. Genome Biol. 2016;17:75.

. Salas SM, Czarnewski P, Kuemmerle LB, Helgadottir S, Mattsson Langseth C, Tiesmeyer S, Avenel C, Rehman H,

Tiklova K, Andersson A, Chatzinikolaou M, Theis FJ, Luecken MD, Wéhlby C, Ishaque N, Nilsson M. Optimizing Xenium
in situ data utility by quality assessment and best practice analysis workflows. bioRxiv. 2023;2023.02.13.528102.

. Saiselet M, Rodrigues-Vitoria J, Tourneur A, Craciun L, Spinette A, Larsimont D, Andry G, Lundeberg J, Maenhaut C,

Detours V. Transcriptional output, cell-type densities, and normalization in spatial transcriptomics. J Mol Cell Biol.
2020;12:906-8.

. Maynard KR, Collado-Torres L, Weber LM, Uytingco C, Barry BK, Williams SR, Catallini JL 2nd, Tran MN, Besich Z, Tip-

pani M, et al. Transcriptome-scale spatial gene expression in the human dorsolateral prefrontal cortex. Nat Neurosci.
2021,24:425-36.

. Pardo B, Spangler A, Weber LM, Page SC, Hicks SC, Jaffe AE, Martinowich K, Maynard KR, Collado-Torres L. spatialLIBD:

an R/Bioconductor package to visualize spatially-resolved transcriptomics data. BMC Genomics. 2022;23:434.

. Fresh Frozen Mouse Brain Replicates - In Situ Gene Expression Dataset by Xenium Onboard Analysis 1.0.2 https://

www.10xgenomics.com/resources/datasets/fresh-frozen-mouse-brain-replicates-1-standard

. Lambrechts D, Wauters E, Boeckx B, Aibar S, Nittner D, Burton O, Bassez A, Decaluwe H, Pircher A, Van den Eynde K,

et al. Phenotype molding of stromal cells in the lung tumor microenvironment. Nat Med. 2018;24:1277-89.

. Salim A, Molania R, Wang J, De Livera A, Thijssen R, Speed TP. RUV-III-NB: normalization of single cell RNA-seq data.

Nucleic Acids Res. 2022;50:€96.

Amezquita RA, Lun ATL, Becht E, Carey VJ, Carpp LN, Geistlinger L, Marini F, Rue-Albrecht K, Risso D, Soneson C, et al.
Orchestrating single-cell analysis with bioconductor. Nat Methods. 2020;17:137-45.

Zhao E, Stone MR, Ren X, Guenthoer J, Smythe KS, Pulliam T, Williams SR, Uytingco CR, Taylor SEB, Nghiem P, et al.
Spatial transcriptomics at subspot resolution with BayesSpace. Nat Biotechnol. 2021;39:1375-84.

Hu J, Li X, Coleman K, Schroeder A, Ma N, Irwin DJ, Lee EB, Shinohara RT, Li M. SpaGCN: integrating gene expres-
sion, spatial location and histology to identify spatial domains and spatially variable genes by graph convolutional
network. Nat Methods. 2021;18:1342-51.

Atta L, Clifton K, Anant M, Fan J. Gene count normalization in single-cell imaging-based spatially resolved transcrip-
tomics. bioRxiv. 2023;2023.08.30.555624.

Birch CP, Oom SP, Beecham JA. Rectangular and hexagonal grids used for observation, experiment and simulation in
ecology. Ecol Model. 2007;206:347-59.

Yates F. The analysis of multiple classifications with unequal numbers in the different classes. J Am Stat Assoc.
1934,29:51-66.

Wang Q, Ding SL, LiY, Royall J, Feng D, Lesnar P, Graddis N, Naeemi M, Facer B, Ho A, et al. The allen mouse brain
common coordinate framework: a 3d reference atlas. Cell. 2020;181(936-953):2920.

Schindelin J, Arganda-Carreras |, Frise E, Kaynig V, Longair M, Pietzsch T, Preibisch S, Rueden C, Saalfeld S, Schmid B,
et al. Fiji: an open-source platform for biological-image analysis. Nat Methods. 2012,9:676-82.

Bankhead P, Loughrey MB, Fernandez JA, Dombrowski Y, McArt DG, Dunne PD, McQuaid S, Gray RT, Murray LJ, Cole-
man HG, et al. QuPath: open source software for digital pathology image analysis. Sci Rep. 2017;7:16878.

LinY, Ghazanfar S, Strbenac D, Wang A, Patrick E, Lin DM, Speed T. Yang JYH. Yang P: Evaluating stably expressed
genes in single cells. Gigascience; 2019. p. 8.

Lun AT, McCarthy DJ, Marioni JC. A step by step workflow for low level analysis of single-cell RNA seq data with
bioconductor. F1000Res. 2016,5:2122.


https://www.10xgenomics.com/resources/datasets/fresh-frozen-mouse-brain-replicates-1-standard
https://www.10xgenomics.com/resources/datasets/fresh-frozen-mouse-brain-replicates-1-standard

Bhuva et al. Genome Biology (2024) 25:99

31

32.

33

34

35.

36.

37.

Blondel VD, Guillaume J-L, Lambiotte R, Lefebvre E. Fast unfolding of communities in large networks. J Stat Mech:
Theory Exp. 2008;2008:P10008.

Traag VA, Waltman L, van Eck NJ. From Louvain to Leiden: guaranteeing well-connected communities. Sci Rep.
2019;9:5233.

Su S, Tian L, Dong X, Hickey PF, Freytag S, Ritchie ME. Cell Bench: R/Bioconductor software for comparing single-cell
RNA-seq analysis methods. Bioinformatics. 2020,36:2288-90.

Bhuva DD, Tan CW, Marceaux C, Pickering M, Salim A, Chen J, Kharbanda M, Jin X, Liu N, Feher K; et al. Library size
confounds biology in spatial transcriptomics data. 2024. Zenodo. https://doi.org/10.5281/zenod0.7959786.

Bhuva DD: SubcellularSpatialData: annotated spatial transcriptomics datasets from 10x Xenium, NanoString CosMx
and BGI STOmics. Bioconductor. 2024 https://doi.org/10.18129/B9.bioc.SubcellularSpatialData.

Bhuva DD. Library size confounds biology in spatial transcriptomics. 2024. Zenodo. https://doi.org/10.5281/zenodo.
10946961.

Blischak JD, Carbonetto P, Stephens M. Creating and sharing reproducible research code the workflowr way.
F1000Res. 2019;8:1749.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Page 10 of 10


https://doi.org/10.5281/zenodo.7959786
https://doi.org/10.18129/B9.bioc.SubcellularSpatialData
https://doi.org/10.5281/zenodo.10946961
https://doi.org/10.5281/zenodo.10946961

	Library size confounds biology in spatial transcriptomics data
	Abstract 
	Background
	Results and discussion

	Conclusion
	Methods
	Hexagonal tessellation of sub-cellular localized data
	Poisson model of binned counts
	Annotation of regions in spatial datasets
	Pre-processing datasets for benchmarking
	Domain identification benchmark

	Acknowledgements
	References


