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Abstract

Spatially resolved transcriptomics has made it possible to study the subcellular organization of
MRNA, a critical aspect of cellular function. However, there is a dearth of analytical tools to identify
and interpret the functional significance of subcellular spatial distribution patterns. To address
this, we present CellSP, a computational framework for identifying, visualizing, and characterizing
consistent subcellular spatial patterns of mRNA. CellSP introduces the concept of “gene-cell
modules” to uncover gene sets with non-random subcellular transcript distributions in many cells.
CellSP provides intuitive visualizations of the captured patterns and offers functional insights into
genes and cells comprising each discovered module. We demonstrate that CellSP reliably
identifies functionally significant modules across various tissues and reveals subcellular changes
associated with phenotypic variation.

INTRODUCTION

Spatial transcriptomics (ST) technologies and analytical tools available today offer unprecedented
views of gene expression patterns within the intricate tapestry of tissues [1] [2] [3]. At the cutting
edge of this technology are single-molecule resolution assays [4] [5] [6], which provide a detailed
view of transcript distributions within individual cells, promising to transform our understanding of
MRNA localization and its relationship with cellular functions. This relationship has been
documented in the literature through anecdotal examples showing that RNA localization to
specific subcellular regions may underlie efficient spatial organization of cellular processes [7],
rapid local translation in response to external stimuli [8], maintenance of cell polarity [9] [10],
facilitation of cell migration [11], coordination of developmental patterning [12], etc. Thus, there is
growing recognition of the need to expand our understanding of subcellular RNA localization [13],
and the time is ripe for this pursuit, supported by the state-of-the-art subcellular spatial
transcriptomics tools.

While experimental techniques have advanced rapidly — enabling, for instance the mapping of
individual transcripts of hundreds to thousands of genes in thousands of cells [14] [15] [16] —
analytical methods have lagged behind. Available ST-related tools are mostly designed for
analysis at the single-cell resolution [17]. More recently, methods targeting subcellular
phenomena have emerged [13] [18] [19] [20] that can highlight sub-cellular localization patterns
involving single genes or gene pairs, in individual cells. For example, a gene may be annotated
as having transcripts localized to cell edges by the BENTO tool [13] or having a “radial” distribution
in a cell by the SPRAWL software [19]. Similarly, a gene pair may be found to be significantly
colocalized by the INSTANT toolkit [18], in an individual cell or across many cells. However, when
applied to a typical subcellular ST dataset, these tools identify tens of thousands of statistically
significant subcellular spatial patterns involving individual genes or gene pairs in individual cells.
This overwhelming volume of results imposes a significant interpretive burden, complicating the
transition from statistical findings to meaningful and actionable biological insights. The goal of this
work is to bridge this gap with an analytical method that identifies the most salient subcellular
spatial patterns in an ST data set, along with biological interpretations of those patterns.

An important lesson from decades of transcriptomics data analysis is the concept of gene
‘module” — a set of genes that share some common pattern of expression. Systematic
identification of gene modules [21] followed by statistical enrichment tests [22] is a popular
approach to distil a large number of statistical observations into a more compact set of systems-
level insights. Inspired by this paradigm, we sought a method to define gene modules with shared
subcellular spatial patterns. One simple strategy is to determine if a gene exhibits a specific
subcellular localization (e.g., “cell edge” according to BENTO) in many cells, and group together
all genes exhibiting the same frequent localization into a module. This strategy is overly
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65  permissive, since two genes annotated with the same frequent localization pattern may not exhibit
66 that common pattern in the same cells. We therefore conceptualized a “gene-cell” module as a
67  set of genes that exhibit the same subcellular pattern in the same cells. However, requiring all
68 genes of a module to exhibit the same subcellular pattern in all module cells is overly restrictive,
69 and will result in fragmented modules. To address this, we adopted a biclustering technique for
70  discovering gene-cell modules from larger collections of genes and gene pairs identified by
71  subcellular pattern discovery tools. This algorithm forms the core of the software presented here,
72 called “CellSP”.

73

74  CellSP analyzes single-molecule resolution ST data, identifies significant subcellular spatial
75  distribution patterns at the gene level, and distills them into a compact list of gene-cell modules
76  that typically comprise tens of genes and hundreds of cells. It provides specialized techniques for
77  visualizing such modules and their defining spatial patterns. It uses gene set enrichment analysis
78  to describe the genes comprising the module. Additionally, it uses machine learning classification
79  to distinguish module-associated from other cells in the tissue based on their transcriptomic
80  profiles, identifying genes and biological properties (beyond cell type) that characterize module
81 cells.

82

83  We used CellSP to analyze ST data sets from four different studies generated using two different
84  technologies. We present the results of these analyses and provide guidance on interpreting the
85  discovered modules. We identify modules associated with myelination in mouse brain tissues
86  across various technologies and find these modules to exhibit differences linked to Alzheimer’s
87 disease. The reported differences are not necessarily detectable through traditional gene
88  expression analyses. We also find modules related to cell-cell adhesion and axonogenesis, and
89 a closer examination of these modules sheds light on interactions among neighboring cells. Use
90 of CellSP on a cancer data set reveals immune-response related gene-cell modules representing
91  subcellular phenomena specific to cancer versus healthy tissue. In summary, CellSP establishes
92 a robust framework for the systematic detection, visualization and comparison of subcellular
93 transcriptomic patterns, coupled with a statistical characterization of their associated biological
94  functions.

95

96

97 RESULTS

98

99  Overview of CellSP
100 CellSP is a tool for analysis of spatial transcriptomics (ST) data at single-molecule resolution
101  (Figure 1A). It identifies “gene-cell modules”, where a module is defined as a set of genes
102  exhibiting a specific subcellular spatial distribution pattern (of their transcripts) in a set of cells.
103  Modules are recovered based on statistical criteria and represent the occurrence of interesting,
104  persistent subcellular spatial phenomena in the tissue. There are three main steps involved:
105
106  Step 1 — Subcellular pattern discovery. Here, the statistical tools SPRAWL [19] and INSTANT [18]
107 are used to rigorously identify sub-cellular spatial patterns involving individual genes (SPRAWL)
108 or gene pairs (INSTANT), in each cell (Figure 1B). SPRAWL identifies four types of subcellular
109 patterns — peripheral, radial, punctate and central — describing the distribution of a gene’s
110 transcripts within the cell, while INSTANT tests if transcripts of a gene pair tend to be proximal to
111 each other more often than expected by chance. Patterns of each type are stored in a matrix
112  whose columns represent genes or gene pairs and rows represent cells (Figure 1C, left), with
113  entries representing strength of pattern occurrence. Five such matrices are produced, one for
114  each of the four spatial patterns from SPRAWL analysis and one from INSTANT analysis.
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115

116  Step 2 — Module discovery. Next, a statistical tool called LAS (Large Average Submatrices) [23]
117 is used to analyze each pattern annotation matrix and identify “biclusters”, i.e., a subset of rows
118 and columns with a large average value (Figure 1C, middle). Each bicluster represents a set of
119 genes or gene pairs that exhibit the same type of sub-cellular pattern in the same set of cells, with
120  statistical significance estimated by a Bonferroni-based score (Methods). Biclusters identified in
121  this manner may overlap in terms of rows (cells) and columns (genes/gene pairs), yielding many
122 redundant modules. To address this, CellSP deploys an iterative module-coalescing process
123  where pairs of modules comprising similar sets of cells and genes are combined into larger
124  modules (Methods, Figure 1C, right). The module discovery step utilizes a parallel computing
125 implementation to accelerate runtime and facilitate the analysis of large datasets.

126

127 Step 3 — Module characterization. To aid biological interpretation, CellSP reports shared
128  properties of the genes and cells of each discovered module (Figure 1E). Genes are
129 characterized using Gene Ontology (GO) enrichment tests, while cells are characterized by their
130 cell type composition if such information is available. To provide a more precise characterization
131  of a module’s cells, CellSP trains a machine learning classifier to discriminate those cells from all
132  other cells, using the expression levels of all genes other than the module genes. (Here, it uses
133  areference scRNA-seq data set, if available, to impute levels of genes missing in the ST data set;
134  see Methods.) Genes that are highly predictive in this task are then subjected to GO enrichment
135 tests, furnishing hypotheses about biological processes and pathways that are active specifically
136 in the module cells.

137

138  User experience: The CellSP tool ingests a single-molecule resolution ST data set in the popular
139 “AnnData” format with cell delineations (Methods) and returns a listing of gene-cell modules
140 identified for all five pattern types (peripheral, radial, punctate, central, colocalization). The
141  detailed report of each module includes the type of sub-cellular pattern, identities of genes,
142  number of cells, GO terms characterizing the module genes, cell type composition and GO terms
143  associated with module cells. The latter two are provided depending on the availability of cell type
144  annotations and reference scRNA-seq data (Methods), both of which are optional.

145

146  Visualization: CellSP introduces new techniques for intuitive visualization of subcellular
147  phenomena represented by modules. Here, we outline these visualization methods in general
148 terms, specific examples are provided in subsequent sections. For modules defined by gene pair
149  colocalization, it creates a heatmap showing that colocalization frequencies are higher for module
150 genes versus other genes, and in module cells versus other cells (Figure 1D, right). Modules of
151 genes thatlocalize in “central” or “peripheral” pattern are depicted using a density plot of transcript
152  distribution at varying radial locations in an idealized circular cell, averaged over all module cells
153  (Figure 1D, middle). Subcellular patterns of types “radial” and “punctate” are depicted using a
154  density plot binned by sectors of an idealized circular cell, aggregated over all module cells by
155  aligning their densest sector (Figure 1D, left). In each of these visualizations, a side-by-side visual
156 comparison with non-module genes is provided to underscore the specificity of the pattern to the
157 module genes. Additional visual aids provided in the report include sample cells illustrating the
158  subcellular phenomenon directly, “REVIGO” [24] plots of GO term enrichments, and Uniform
159  Manifold Approximation and Projection (UMAP) [25] as well as spatial plots of module cells.

160

161  CellSP reveals myelination- and axonogenesis-related subcellular spatial phenomena in
162  preoptic area of mouse hypothalamus

163 In its first demonstrative application, we used CellSP to analyze a MERFISH data set comprising
164 5,149 cells in the hypothalamic preoptic area (POA) of a mouse brain [26], identifying 38 modules
165 spanning the five pattern types and each module comprising 9 genes and 138 cells on average
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166  (Figure S1A, Data S1). Each gene appears in less than four modules on average (Figure S1B)
167 and each cell appears in less than three modules on average (Figure S1C), indicating a small
168  degree of overlap among the modules. The modules comprise genes enriched in a range of
169 Dbiological processes and cellular components, especially cytoskeleton and cellular structure
170 regulation, neuronal function and development, and metabolic processes (Data S1). Note that the
171  underlying subcellular pattern discovery tool INSTANT reports 358 significant gene pairs (p-value
172 < 1le-3) that colocalize in 35 cells on average, while SPRAWL reports 134 genes having a
173  significant pattern (score threshold = 0.5) in 351 cells on average across the four patterns. The
174  resulting compendium of significant statistical findings reported by these tools, tens of thousands
175 in number, creates a substantial interpretive burden. CellSP effectively distills these patterns into
176  a manageable set of modules, streamlining the crucial step of biological interpretation.

177

178  We next illustrate the format in which CellSP reports its discovered modules (Figure S2) and how
179  specific biological insights can be gleaned from these. The module “MO_I" consists of the four
180 genes Sgkl (serum/glucocorticoid regulated kinase 1), Ttyh2 (tweety family member 2), Ermn
181  (ermin, ERM-like protein) and Ndrgl (N-myc downstream regulated 1), and a set of 332 cells
182  (Figure 2A). It was identified using INSTANT in the pattern discovery step (Step 1, see above),
183  which means that these genes exhibit statistically significant co-localization in the module cells, a
184  selection of which are shown in Figure 2B. Notably, the co-localization is observed in varying
185  subcellular regions such as the nucleus, nuclear periphery, cytoplasm and cell membrane. (See
186  Figure S1E for more examples.) Figure 2C illustrates how CellSP helps visualize a colocalization
187  module, highlighting the specificity of the phenomenon to the module’s genes and cells. The
188 module cells are mostly mature oligodendrocytes (67%, Figure 2D) and the module genes are
189 enriched for GO terms such as the molecular function “cytoskeletal protein binding” (p-value =
190 0.001), the cellular component “myelin sheath” (p-value 0.004) and the biological process
191  “supramolecular fiber organization” (p-value = 0.02) (Figure 2E). (Note that cytoskeletal protein
192  binding and supramolecular fiber organization play important roles in formation and maintenance
193  of myelin sheath [27] [28].) Moreover, according to CellSP’s classification-based characterization
194  (Step 3, see above), the module cells are marked by genes enriched for “ensheathment of
195 neurons” (p-value = E-12) (Figure 2F). Thus, CellSP analysis suggests a connection between
196  subcellular co-localization of the module and the myelination process in mature oligodendrocytes.
197 A possible interpretation is that the mRNAs of these four genes are captured in the process of
198 being transported to the myelin sheath for local translation, as has been recorded for at least two
199  other myelin biogenesis-related genes, viz., Mbp (Myelin Basic Protein) [29] and Mobp (Myelin
200 Oligodendrocyte Basic Protein) [30]. Interestingly, another CellSP-reported module — “M11_S” —
201 represents a punctate subcellular pattern (Figure S1D) involving three of the four above genes,
202  viz., Sgkl, Ttyh2, Ermn, and another myelination-related gene, Gjc3 (gap junction protein gamma
203  3) that has been shown to localize in myelin sheaths [31].

204

205 An example of a module discovered using SPRAWL in the pattern annotation step is “M0_S”
206  (Figure 3A), consisting of four genes — Fn1l (fibronectin 1), Slcola4 (solute carrier organic anion
207 transporter family member 1a4), Rgs5 (regulator of G protein signaling 5), Sema3c (semaphorin
208  3C)—distributed in a peripheral pattern (Figure 3B) in 221 cells. Figure 3C illustrates how CellSP
209 helps visualize such a module, revealing the greater tendency of this module’s genes to have
210 peripheral localization, compared with background genes. The module genes are enriched in
211  regulation of axonogenesis (Figure 3E) [32] [33] [34], while the module cells, mostly neurons
212 (50% inhibitory and 30% excitatory, Figure 3D) are marked by genes associated with cell
213  adhesion (Figure 3F), a key process during axonogenesis. The peripheral localization pattern
214  defining the module suggests local translation of proteins that localize in neurites (cell delineations
215  mostly capture somata [35]) or extracellular matrix (ECM). Consistent with this speculation, RGS5
216 protein is known to exhibit strong synaptic localization [36] [37], while FN1 protein is an
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217  extracellular matrix component [38], supporting the possibility of local translation. Considering the
218 module’s statistical association with cell-adhesion functions, we examined the transcript
219  distribution in adjacent pairs of cells and observed that the peripheral localization tends to be at
220 the facing boundaries (Figure 3G-I, Figure S3), a phenomenon not seen in hon-module cells.
221  Putting together the different facets of this module’s characterization by CellSP, we hypothesize
222  that the four genes are locally translated into proteins that localize at soma boundaries and
223  perform adhesion-related functions. This may be the case if the module cells, mostly neurons, are
224  actively forming synapses, undergoing neurite outgrowth, etc. [39], which is plausible considering
225 that the preoptic region profiled through these data is an important site of developing neurites
226  [40].

227

228 Subcellular spatial patterns recur across cell types, regions of brain, and measurement
229 technologies

230 We next analyzed a large ST data set that profiles a whole mouse brain using Xenium technology
231  [41]. This profiles a panel of 248 genes in 162,033 cells grouped into 50 clusters based on their
232 transcriptomes (Figure S4). We used CellSP to analyze each cell cluster separately, as large
233  expression differences across clusters may confound the discovery of subcellular pattern
234  modules, and because we sought to test module reproducibility across varying cellular contexts.
235  CellSP identified ~22 modules per cell cluster, each module comprising 8 genes and 68 cells on
236 average (Data S2). Some of the prominent biological characterizations (GO terms) reported for
237 these modules included synaptic processes, myelination, hormone receptor activity, cellular
238 responses to external stimuli, extracellular components, secretory processes and inter-cellular
239  communication.

240

241  Closer inspection of these results revealed that modules with certain biological characterizations
242  recur in multiple cell clusters (cell types and/or regions) of the brain. For instance, we observed
243 36 modules, across 18 different clusters (Data S3, Figure S6) to be associated with myelination
244  process, i.e., CellSP reported the GO term “ensheathment of neurons” as enriched (nominal p-
245  value < 0.01) in module genes as well as in marker genes of module cells, for each of these
246  modules. There is substantial overlap in their constituent genes (Figure 4C), with the three most
247  frequently recurring constituents being the myelin-associated genes Gjc3, Sox10 (SRY-box
248  transcription factor 10) and Opalin (oligodendrocytic myelin paranodal and inner loop protein) [42]
249  [43] [44]. Gjc3 is known to be expressed in myelinating glial cells [31], Sox10 is a transcription
250 factor responsible for the activation of several myelin-specific genes [45] and Opalin is known to
251 promote oligodendrocyte differentiation and axon myelination [46]. We confirmed that the
252  inclusion of a gene in a module is not a mere reflection of its expression levels in module cells
253  (Figure S5A), though higher expression does play a role (Figure S5B), in that a gene that is less
254  expressed in a cell is less likely to have its subcellular pattern, if any, detected by a statistical
255  procedure. These myelination-associated modules comprise 3493 cells overall, which are
256  observed across clusters with diverse transcriptomic profiles (Figure 4A) and in different brain
257  regions (Figure 4B). The shared biological properties of these modules are further elucidated by
258 the numerous other GO terms enrichments common to them (Figure 4D,E), including
259  mesenchymal stem cell (MSC) differentiation and oligodendrocyte differentiation. MSCs have the
260 potential to differentiate to or stimulate the maturation of oligodendrocytes [47], the primary
261 myelinating cells.

262

263  Another prominent theme in the whole-brain CellSP results was the repeated finding of modules
264  characterized by “GABA-ergic synapse”, a GO subcellular localization term. Twenty modules
265  across 14 different cell clusters were reported to have this annotation enriched (p-value < 0.0001)
266 intheir constituent genes as well as in expression markers of their member cells (Figure S7A,B).
267  These modules were observed in different expression contexts (Figure 4F) and physical regions
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268  of the brain (Figure 4G), and to exhibit different types of subcellular patterns (Figure S9, Data
269  S6). Several genes appear repeatedly as members of these modules, with the most frequent ones
270  being Gadl (glutamate decarboxylase 1), Gad2 (glutamate decarboxylase 2) and Rab3b (RAB3B,
271  member RAS oncogene family) (Figure S7C, Figure S8), which play critical roles in maintaining
272  basal levels of GABA (Gamma-aminobutyric acid), as well as synthesis and vesicle release of
273  GABA in an activity-dependent manner at inhibitory synapses [48] [49] [50]. There is evidence
274  suggesting that GAD2 and RAB3B proteins are localized in presynaptic terminals [49] [51], hinting
275  at an explanation for the subcellular colocalization of their transcripts.

276

277  CellSP-detected modules can be specific to biological conditions

278 The analyses above show us that gene-cell modules recovered by CellSP reveal sub-cellular
279  transcriptomic phenomena related to biological processes such as myelination and
280 axonogenesis. This raises the natural question: do these modules also reveal subcellular
281 phenomena that vary under different tissue conditions? To investigate this, we used CellSP on
282  data sets comprising case-control pairs of tissues. The first such analysis involved Xenium data
283  on a kidney cancer (papillary renal cell carcinoma) FFPE sample (Figure S10A) and a healthy
284  kidney sample [52]. As in the whole-brain analysis above, we first clustered the cells of each
285 sample based on their transcriptomes and analyzed each cell cluster with CellSP, identifying 11
286  modules in the cancer sample and 15 modules in the healthy sample (Data S5, S6). The cancer
287  modules were mostly (10/11) found in two of the 18 cell clusters (Figure 5A, Figure S10B) —
288  Cluster 6 and Cluster 9. Six of these cancer modules comprise genes and cells characterized by
289 CellSP as being immune response-related, with enrichment of GO terms such as “immune
290 response”, “defense response”, “T cell activation”, “positive regulation of leukocyte proliferation”,
291  etc. (Data S5).

292

293  Examination of the 15 modules in the healthy sample (Data S6) suggested that the immune
294  response-related modules found in the cancer sample were specific to it and were not present in
295 the healthy sample. To pursue this observation objectively, we used CellSP visualization routines
296 to contrast a module’s spatial pattern in the module cells (from the cancer sample) versus cells in
297  the other (healthy) tissue sample. As condition-specific gene expression can be a confounder for
298  such analysis, this analysis used a subset of healthy tissue cells that matched the cancer module
299 cellsin the expression levels of module genes (Methods). Figures 5B-D show the cancer-versus-
300 healthy tissue comparison for three of the seven cancer-associated immune-response modules.
301 For instance, module C6_M5_S (Figure 5B) comprises a set of 31 genes that are localized
302 centrally in a subset of 22 cells (Figure S10C) and was detected in Cluster 6 of the cancer sample
303 (Figure 5A). The genes are enriched for the GO term “defense response” (p-value 8.9E-08). As
304 shown in Figure 5B (right), the same set of genes lacks this centrally localized distribution of
305 transcripts in expression-matched cells from the healthy sample. A second example is the module
306 C6_MO_S (Figure 5C), a set of 24 genes, also enriched in “defense response” (p-value 3.3E-04),
307 that exhibit radial subcellular localization in a set of 18 cells (Figure S10D) of Cluster 6. CellSP
308 visualization (Figure 5C, left) confirms that the spatial pattern is significantly different between
309 module genes and other genes when examining the module cells. The adjacent panel (Figure
310 5C, right) shows that this prominent contrast is not seen in expression-matched cells from healthy
311  tissue, supporting the cancer-specificity of this module. The third cancer-specific module we
312  highlight here is C6_M3_| (Figure 5D), a set of seven genes enriched in the term “T cell
313  activation”, that exhibit significant subcellular colocalization in 66 cells (Figure S10E) of Cluster
314 6. The strength of its spatial pattern in cancer versus healthy tissue is visualized in Figure 5D,
315 where the top left quadrant of the heatmap indicates that the module genes have a stronger
316 tendency for pairwise colocalization in the module (cancer) cells compared to expression-
317 matched non-module cells from the healthy sample. (The other quadrants, especially the bottom-
318 right, show that this contrast is not observed for a random subset of non-module genes.) In
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319 summary, CellSP discovers immune-response related gene-cell modules representing significant
320 subcellular patterns that are specific to cancer versus healthy tissue.

321

322 CellSP detects subcellular patterns associated with Alzheimer’'s Disease in a mouse
323  model

324  We next used CellSP to identify gene-cell modules in brains of mouse models of Alzheimer’s
325 Disease (AD). For this, we analyzed Xenium data on a coronal section of one hemisphere of
326 TgCRNDS8 transgenic male mouse brain at three time points (pathological progression stages),
327 as well as wild-type (WT) mouse brain at similar time points [53]. Following the same procedure
328 as above, we clustered cells in each brain sample and used CellSP to find significant modules in
329 each cell cluster, recovering ~11 gene-cell modules per cluster on average (Figure S11, Data
330 S7). To contextualize these modules with the AD genetics literature, we focused on six genes
331 from the Xenium gene panel implicated in AD risk [54] (Figure 5E). We observed the gene Picalm
332  (phosphatidylinositol binding clathrin assembly protein) to appear in many modules in the AD
333  mice, especially in the early and middle time points, significantly more frequently than in WT mice
334  (t-test p-value 0.047) (Figure S12). The Picalm protein is responsible for recruiting clathrin and
335 AP-2to the plasma membrane [55] as part of clathrin-mediated endocytosis, and contributes to
336 clearance of Amyloid beta (AB) at the blood brain barrier [56]. It is also linked to processes that
337 are disrupted in AD and is also genetically associated with the disease [57]. We thus speculate
338 thatthe observed subcellular patterns involving this gene are reflections of the gene’s dysfunction
339 in AD mice. We observed another AD risk gene — Trem2 (triggering receptor expressed on
340 myeloid cells 2) — to feature in many CellSP modules (12) in the late-stage AD mouse brain,
341  significantly more than in the other five samples from WT or AD mice (Figure S13). This late
342  stage is associated with increase in AD-associated microglial population [58], and Trem2 is
343  primarily expressed in microglia, where it functions as a transmembrane receptor [59] enabling
344  the progression to a mature disease-associated microglia phenotype [58] and is involved in the
345 response to AB plaques [60]. Variants in Trem2 gene have been identified as a significant risk
346 factor for late-onset AD [61], suggesting again that the observed gene-cell modules reveal
347  subcellular phenomena reflecting their dysfunction. The four other AD risk genes were found in a
348 few modules overall (Figure 5E) and these modules were of similar counts in AD vs. WT mice.
349  We also note that the above AD-associated changes involving Picalm and Trem2 expression,
350 observed at the subcellular spatial level, would not have been detected at the level of overall
351 cellular expression (Figure S14).

352

353  We next examined the CellSP-detected modules in AD and WT brains with a focus on myelination.
354  Given the reported connection between myelin damage and AD pathology [62]; and building on
355 our earlier identification of myelination-related gene-cell modules in the mouse brain, we
356 investigated whether such modules have any unique characteristics in one phenotypic group
357 compared to the other. We concentrated on all identified modules associated with the GO term
358 “ensheathment of neurons” (nominal p-value < 0.01) and, to identify any characteristics that
359 differentiate these modules between AD and WT, we examined the frequency of myelination-
360 related genes co-occurring in the same module (Figure 5F). While most gene pairs show similar
361 co-occurrence statistics between the two groups, the pairs Olig2 (oligodendrocyte transcription
362 factor 2)-Plpl (proteolipid protein 1) and Olig2-Mobp have a significantly higher co-occurrence in
363  WT brain compared to AD brain (proportion test p-value < 0.05). (Also see Data S8). To follow up
364 on these intriguing observations involving Olig2, a gene essential to maturation of
365 oligodendrocytes (the cells responsible for producing myelin), we next identified all genes that co-
366  occur with Olig2 in a group-specific manner (proportion test p-value < 0.05). (The previous
367 analysis was limited to eight select myelination-related genes, including Olig2.) We found 10 such
368 genes (Figure 5G, blue bars), nine of which co-occur with Olig2 preferentially in gene-cell
369 modules of the WT brains, and consist of the above-noted genes Plpl, Mobp as well as other
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370 genes linked to myelination, including Opalin and Cnp (2',3-cyclic nucleotide 3'
371 phosphodiesterase) [46] [63] [64] [65]. This inter-group difference in module composition is most
372  intime points 1 and 2 (Data S9) which correspond to periods of continued myelination in the mice
373  brain [66]. These observations suggest that the integrity and functionality of subcellular modules
374  found in WT brains may be impaired in AD brains, reflecting a broader dysfunction in myelination
375 processesin AD [67]. In summary, our myelination-focused examination of CellSP modules points
376 to a potential significance of Olig2 in Alzheimer's disease pathology, highlighting a shift from
377  normal myelination functions in healthy brains.

378

379  The specific relationships and insights uncovered here are a glimpse into the dynamics of the
380  subcellular transcriptome during AD progression, not merely a reflection of differential co-
381 expression of genes at the whole cell level. To substantiate this, we repeated the module
382  discovery using co-expression analysis with the popular WGCNA tool [21]. Modules were
383  detected for each cell cluster in each of the six brain samples, as above, except that these were
384 gene co-expression modules rather than CellSP-identified gene-cell modules. These co-
385 expression modules do not show any preferential co-occurrence of Olig2 with any of genes
386 identified above except one — Olig2-Gatm (glycine amidinotransferase) (p-value < 0.05, Figure
387 5G, orange bars). This analysis underscores the ability of CellSP modules to reveal subcellular
388 pattern changes between phenotypic conditions, that may not be discernible at the cellular level.
389

390

391 DISCUSSION

392  Spatially resolved transcriptomic data reveal the rich spatial organization of cells and genes in
393 tissues. These revolutionary omics technologies have been accompanied by a plethora of
394 methods that analyze gene expression in the context of cellular neighborhoods and provide
395 informative insights into interactions of cell types and genes. With the increasing popularity of ST
396 techniques of single-molecule resolution, new methods are needed for gene-level analysis at the
397 subcellular scale. At present, there is a lack of understanding of the functional importance of the
398  spatial distribution of transcripts and whether similar distributions repeat across cells. Here, we
399 introduce CellSP, a computational toolkit to identify, analyze and visualize subcellular spatial
400 transcriptomic patterns.

401

402  We build upon the concept of gene modules to define gene-cell modules: sets of genes that exhibit
403  consistent spatial patterns across specific groups of cells. To identify these patterns, we leverage
404 and enhance existing tools such as INSTAnT and SPRAWL, and use biclustering for the
405  aggregation of spatial patterns across both genes and cells. To validate the detected patterns, we
406 develop novel visualizations that effectively aggregate spatial patterns over module cells while
407  offering a clear and fair contrast with the background distribution. Additionally, we leverage Gene
408 Ontology (GO) annotations to elucidate the biological functions associated with these spatial
409 modules, providing deeper insights into their relevance and significance.

410

411  We use CellSP on data sets from different high-resolution spatial transcriptomics technologies
412  and on various tissues of mouse brain and human kidney. Our analysis of the mouse brain tissues
413  detected modules related to myelination and neuron function, consistently across tissues and
414  technologies. We also discovered differences in myelination related modules in brains from
415  Alzheimer’s Disease mouse models, and showed how cell adhesion-related modules interact
416  which neighboring module cells by localizing module genes at the boundaries of contact.

417

418 We compared our approach to the gene module discovery methods implemented in INSTANT
419  (Note S1) and found that CellSP offers significant advantages in terms of efficiency, scalability
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420 (see run-times in Note S2, Data S13), and user-friendliness. CellSP’s biclustering method
421 enables independent detection of modules; however, the heuristic nature of this method can result
422  in variability across different runs. Additionally, while CellSP’s visualizations are effective for
423  representing subcellular patterns, they idealize cells as unit circles, which may not accurately
424  depict elongated or irregularly shaped cells.

425

426 Indeveloping CellSP, we were inspired by the phenomenon of local translation [68] which requires
427  the mRNA to be transported to precise locations within the cell where they are translated into
428  proteins. This process ensures spatial and temporal precision in protein synthesis. By capturing
429  consistent subcellular patterns, gene-cell modules aim to reveal co-transportation or co-
430 localization of genes that may participate in similar biological functions, providing insights into the
431  spatial organization of cellular processes. CellSP offers a new approach to subcellular spatial
432  transcriptomics data analysis, addressing aspects that traditional differential expression methods
433  are not designed to capture.

434

435

436 METHODS

437

438  CellSP module discovery algorithm

439  We utilize the existing tools INSTANT [18] and SPRAWL [19] for subcellular pattern detection in
440 individual cells. INSTANT detects gene pair colocalization in single cells, employing the “Proximal
441  Pairs” (PP) test to calculate colocalization p-values for each gene pair in every cell. It also assigns
442  a global colocalization p-value to each gene pair, via the “Conditional Poisson Binomial” (CPB)
443  test, and we use a user-tunable threshold of 1e-3 on this p-value to limit the set of candidate gene

444  pairs. A matrix Miis constructed to store the PP test p-values with dimensions Mesis X

445  Mgenepairs where T'genepairs js the number of candidate gene pairs. We then perform a negative
446  log transformation on this matrix. SPRAWL detects subcellular mRNA localization patterns and
447  classifies them into four categories - peripheral, central, radial, and punctate. Each gene receives
448  astatistical significance score (on a scale of -1 to 1) representing the strength of the spatial pattern
449 in each cell. These scores are  stored in four separate  matrices

450  Mperipherat:Meentrat: Mradiat: Mpunctate each with dimensions Mestis x Tgenes, We then use the LAS
451  [23] algorithm to perform bi-clustering on each of these matrices. To access the statistical
452  significance of a bicluster, LAS uses a Gaussian null model for the observed data. The
453  significance score is derived from a Bonferroni-corrected p-value, which accounts for the
454  Dbicluster's size and the average value of its entries. The LAS algorithm searches iteratively for
455  submatrices or biclusters with high average values and subsequently removes the influence of
456  selected submatrix from the original data matrix. The search process is repeated till the desired
457  number of submatrices are retrieved or until no significant submatrices are found. The reported
458  submatrices are what we call modules. Due to the heuristic nature of this algorithm, some rows
459  (cells) and columns (genes/gene-pairs) that have values similar to those of a reported module,
460 may not be included in the module or might end up in a separate module. To mitigate information
461 loss and reduce redundancy across reported modules, we implement a two-step module
462  expansion process:

463

464 1. Cell Expansion — For each module, we iterate through all cells and add a cell to the module
465 if the cell's average value across the module's genes exceeds the original module's
466 average value.

467 2. Module Aggregation — For every pair of modules, we calculate the overlap coefficient

468 (Equation 1) for their genes. If the overlap coefficient exceeds 0.667 and the merged
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469 significance score surpasses the module significance threshold, the two modules are
470 merged, with the new module comprising the union of their genes and cells. This process
471 is repeated iteratively until no further mergers are possible. This expansion step is useful
472 to reduce the number of modules detected and combine modules of similar composition
473 into one. This step is made optional.

474

|A N B 1)
Overlap(A, B) min(IALIBD

475

476 In the final reported list of gene-cell modules, two modules may comprise overlapping sets of
477  cells, allowing the same cells to be part of multiple modules, defined by different sets of genes
478  (Figure 1). Modules detected from the SPRAWL-derived matrices
479 Mperipherat» Mcentrats Mradial» Mpunctate @re reported as one group (their identifiers have the suffix

480 “ S” and a unique numeric prefix), while modules detected from the INSTAnT-derived matrix M,
481  are reported as another group (identifiers with suffix “_I” and a unique numeric prefix).

482

483  Module Characterization

484  To investigate factors (other than cell types) that underlie or are associated with subcellular spatial
485 phenomena, CellSP performs a two-level characterization of the detected modules using gene
486  set enrichment analysis and predictive modeling.

487

488 Module Gene Characterization: The biological functions associated with module genes are
489 characterized using PantherDB [69] for gene enrichment analysis. For each module, the module
490 genes are used as the query gene set, while the gene panel of the ST assay serves as the
491  background set. This analysis identifies pathways, biological processes, and molecular functions
492  enriched in module genes.

493

494  Module Cell Characterization: To characterize the cells in each module, CellSP trains a classifier
495  to distinguish between module cells (positive set) and all other cells (negative set). Each cell’'s
496  gene expression profile (total transcript count of each gene in that cell) is used as the cell’s feature
497  vector, i.e., this is not a spatially resolved featurization. Since an ST assay of single-molecule
498  resolution typically profiles a limited number of genes, the number of features is relatively modest.
499  To address this, CellSP uses the Tangram tool [70] to impute the expression of additional genes
500 in each cell of the ST data using scRNA-seq data of the same tissue. The imputation process
501 expands the gene set significantly, increasing the number of features from a few hundred (in the
502 original ST data) to several thousand. We construct an extended gene expression matrix by
503 retaining the original expression values for genes present in the ST panel and incorporating the
504 imputed expression values for genes absent from the panel. The extended gene expression
505 matrix is used to train a Random Forest classifier of module cells. The top 20 most informative
506 genes are identified based on their feature importance, which is quantified using SHAP [71] [72].
507 These genes, along with any other genes that exhibit a high Pearson correlation (r > 0.98) with
508 them, are designated as “marker genes” of the module cells. These genes are then subjected to
509 gene set characterization PantherDB to identify pathways, biological processes, and molecular
510 functions that characterize the module’s cells.

511

512 Module Pattern Visualization

513 To help visualize modules defined by the five types of subcellular spatial patterns (four types
514  identified by SPRAWL and colocalization patterns identified by INSTANT), we developed three
515 complementary plotting techniques.

516
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517 SPRAWL detects localization patterns (peripheral, central, radial or punctate) for each gene in
518 each cell. To aggregate these spatial localization patterns across many cells, CellSP transforms
519 each cell into a uniform representation within a unit circle. This transformation is achieved using
520 the smallest enclosing circle algorithm [73] to identify the smallest circle enclosing all transcripts
521 inthe cell. The circle is then centered at the origin and scaled to have a unit radius. For “central”
522  and “peripheral” patterns, the unit circle is divided into C (defaults to 5) concentric rings, and the
523  density of module genes within each ring is calculated. These densities are then averaged across
524  all cells of the module. A similar visualization is constructed for all non-module genes in the same
525 module cells and the two plots are placed side-by-side. For modules displaying “central” patterns,
526  we expect the highest densities in the innermost rings, while “peripheral” patterns are anticipated
527  to exhibit higher densities in the outermost rings.

528

529  For modules defined by “punctate” or “radial” patterns, the unit circle representing an idealized
530 view of a cell is divided into S (defaults to 10) sectors. Gene transcript density is computed in
531 each sector for module and non-module genes separately. To account for the directional
532  variability of these patterns, each cell’s idealized circle view is rotated such that the sector with
533 the maximum density aligned with 0°. Following this alignment, densities are aggregated across
534  cells by calculating mean densities for each sector. In this framework, module genes are expected
535 to concentrate primarily in the 1st sector, while non-module genes are anticipated to exhibit more
536 uniform distributions across sectors. Density distributions (across sectors) for module genes and
537 non-module genes are plotted on top of each other, in different colors.

538

539 InSTANT detects colocalized gene pairs as those whose transcripts are in close proximity (within
540 distance d) of each other. To visualize such patterns aggregated over cells, CellSP first constructs
541 a d-radius neighborhood graph of transcripts for each module cell, calculates the number of
542  neighboring transcript pairs for each pair of module genes and sums these counts across all
543  module cells, thus obtaining a “proximity score” for that gene pair aggregating information across
544  module cells. This process is then repeated over non-module cells to obtain a proximity score of
545 the same gene pair but now aggregating information from non-module cells. The proximity
546  enrichment score of the gene pair is then defined as the log ratio of proximity scores from module
547  cells and non-module cells. High positive values of the proximity enrichment score indicate that
548 the gene pair exhibits greater colocalization in module cells to a greater extent compared to non-
549  module cells. To add further contrast, a randomly selected set of non-module (“control”) genes
550 (equal in count to the module genes) is included in the visualization: a heatmap is constructed
551 whose rows and columns represent module genes and the selected control genes, and values
552  depict proximity enrichment scores of gene pairs. The upper-left quadrant corresponds to pairs of
553  module genes, the lower-right quadrant to pairs of control genes, and the remaining two quadrants
554  correspond to a module gene paired with a non-module gene.

555

556 Gene Set Enrichment Visualization

557  CellSP provides the ability to visualize the gene set enrichment reports generated by PantherDB
558 using Revigo [24]. Revigo summarizes lists of GO terms by clustering them based on their
559 semantic similarity, identifying representative terms. These terms are visualized as circles in a
560 scatterplot, where circle size reflects the gene set size and color intensity indicates statistical
561 significance, with darker colors representing higher significance. This visualization highlights the
562 importance, similarity, and uniqueness of terms, making it easier to interpret enrichment results.

563

564  To aggregate Revigo plots across multiple detected modules (Figure 4D,E, this is not a standard
565  functionality of CellSP), we first collected all GO terms with a p-value below le-2 across the
566 modules. In cases of duplicate terms, the term with the most significant p-value was retained. This
567 aggregated list of significant terms was then processed through Revigo, which calculated the
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568  principal component analysis (PCA) values for each term. Using these PCA coordinates, we
569 generated a 2D histogram to visualize the aggregated GO terms across modules. The PCA values
570 determined the positions of the bins, and the frequency of each term's occurrence in module
571  enrichment analyses was represented by the color intensity of the corresponding bin. This
572  visualization highlights the most commonly enriched biological themes across modules while
573  preserving the semantic relationships among GO terms.
574
575 Cross-Condition Module Comparison
576 Human Kidney Dataset: To compare the detected modules between conditions in the Human
577 Kidney dataset, we assessed whether the subcellular patterns of modules from the cancer
578  condition were present in the control tissue. We first performed min-max normalization of gene
579  expression values for both the control and cancer datasets independently. For a gene-cell module
580 detected in the cancer dataset, we calculated the total gene expression of module genes in each
581 module cell and determined their minimum Pmin and maximum Pmax as percentiles in the
582  population of total gene expression of all cells in the cancer dataset. Using these percentiles, we
583 identified cells from the control dataset with total gene expression between Ppin and Pmax
584  percentile of the population of control cells. Thus, we identified a subset of the control cells whose
585 total expression is similar to the module cells (which belong to the cancer data set). Subcellular
586 patterns of module genes were then visualized in these control cells and compared to the patterns
587 in the module cells from the cancer dataset.
588
589 Mouse Alzheimer’s Disease Dataset. To identify changes in functionally similar (myelination-
590 related) modules across conditions (AD model mice and WT mice), we asked whether two sets
591 of modules (one set from each condition) differ in their gene composition. One way to answer this
592 is based on how many modules in each condition include a specific gene, and whether the gene’s
593 frequency of inclusion is different between conditions. This approach was used for Figure 5G. A
594  complementary approach is based on how many modules in each condition include a specific
595 gene pair and comparing the proportion of such modules between conditions using a one-sided
596  proportion test [74]. The test statistic for the proportion test is given by:
597

P1— D2 (2)

pa-p(E+d)
598

599  where P is the proportion for group 1, p2is the proportion for group 2, pis the pooled proportion
600 and ng, ny are the sample sizes for group 1 and 2 respectively.

601

602

603 Comparison with traditional analysis methods

604

605 To compare insights generated by our approach against traditional methods, we performed
606 differential expression analysis and co-expression network analysis on the datasets. For
607 differential expression analysis, we utilized Scanpy [75] to apply the Wilcoxon rank-sum test,
608 comparing gene expression between the two conditions under investigation. This provided
609 insights into genes with significantly altered expression levels across conditions.

610

611  For co-expression network analysis, we employed WGCNA [21] using the PyWGCNA framework
612  [76]. Similar to our approach using CellSP, WGCNA was run independently for each cell cluster
613 inthe dataset. WGCNA assigns a module identity (class label) to each gene within a cluster based
614  on its co-expression patterns. We used these module identities to calculate the frequency with

7Z =
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615  which a gene pair is assigned to the same module across the dataset. These frequencies were
616 then compared between the conditions using a one-sided proportion test to assess condition-
617  specific co-expression relationships.

618

619 CellSP User Guide

620 CellSP provides flexible and tunable parameters that allow users to adapt analyses to their
621 specific datasets and objectives. For INSTANT, the distance threshold (d) is typically set to
622  approximately 5% of the average cell diameter. The significance threshold (a) is set to be 1e-5 by
623  default, following the original implementation. However, if this results in too few significant gene
624  pairs (< 250 gene-pairs), we recommend relaxing the threshold to 1e-3 or lower. To manage
625  computational complexity, an additional parameter, K, allows users to select the top K gene pairs
626 for further analysis. For SPRAWL, we adapted the original scripts into Cell[SP to enable
627  parallelization and use the default parameters. Similarly, LAS scripts from the implementation
628  available in biclustlib [77] were parallelized and integrated into CellSP. LAS includes two primary
629 adjustable parameters: N and RS. The parameter N determines the number of modules to search
630 and is set to a default value of 10, which can be adjusted empirically based on the dataset and
631 research goals. The parameter RS specifies the number of randomized searches performed to
632  enhance the quality of the biclusters. By default, RS is set to 50,000; however, for larger datasets
633 (e.g., >200 genes or > 10,000 cells), we recommend reducing this value to balance computational
634 demands while maintaining reasonable bicluster quality. Visualization in CellSP is also highly
635 customizable. Users can fine-tune the representation of subcellular patterns using parameters
636  such as the number of concentric circles (C), the number of sectors (S), and the distance threshold
637 (d). These settings provide flexibility in highlighting key spatial patterns. Details for the specific
638 parameters used in each analysis can be found in Data S10.

639

640

641 DATA AVAILABILITY

642 The MERFISH dataset for the Mouse Preoptic Hypothalamus region [26] was obtained through
643  direct communication with Dr. Jeffrey Moffitt. After excluding cells labeled with ambiguous cell
644  types, the dataset comprises 5,149 cells distributed across 9 distinct cell types, with a gene panel
645  of 135 genes.

646

647 The Xenium datasets are publicly available at 10x Genomics Datasets. We used the "Fresh
648  Frozen Mouse Brain for Xenium Explorer Demo" [41], "Human Kidney Preview Data" [52], and
649  the "Xenium In Situ Analysis of Alzheimer's Disease Mouse Model Brain Coronal Sections from
650 One Hemisphere Over a Time Course" [53] datasets for the mouse brain, human kidney, and
651 Alzheimer's disease experiments, respectively. The Mouse Brain dataset contains 162,033 cells
652  grouped into 50 clusters based on the expression profiles of 248 genes. The Human Kidney
653  dataset comprises 56,509 cells grouped into 19 clusters in the cancer tissue and 97,546 cells
654  grouped into 21 clusters in the control tissue. The gene panel includes 377 genes. The Mouse
655  Alzheimer’s dataset includes six tissue samples from two conditions—Wild Type and Alzheimer’s
656 (TgCRND8 mouse model)—at three timepoints (2.5 months, 5.7 months, and 13+ months). The
657  Alzheimer’s samples contain 53,908, 58,681, and 61,435 cells across the timepoints, while the
658  Wild Type samples contain 58,230, 58,685, and 59,933 cells, with a gene panel of 347 genes.
659  Additionally, we used the Mouse Brain coronal hemisphere dataset from CosMx, which is also
660 publicly available. This dataset includes 48,180 cells, grouped into 45 cell types, with a panel of
661 950 genes.

662

663

664 CODE AVAILABILITY

665  CellSP is open source and available at https://github.com/bhavayga/cellSP.
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677 Figure Legends

678

679 Figure 1: Schematic of CellSP. (A) CellSP analyzes single-molecule resolution spatial
680 transcriptomics data from a tissue; such data provides subcellular locations of individual
681 transcripts of a set of genes within each delineated cell. (B) Subcellular Pattern Discovery. CellSP
682  utilizes existing tools INSTANT and SPRAWL for the discovery of subcellular spatial patterns of
683  genes within each cell. Types of patterns detected include gene-gene co-localization reported by
684 InSTANT and four types of subcellular localization preferences (peripheral, punctate, central,
685 radial) reported by SPRAWL. (C) Module Discovery. The next step identifies spatial patterns
686 involving multiple genes and cells. Patterns identified in the previous step (represented as
687  matrices of cells x genes or gene-pairs) are subjected to a biclustering analysis that identifies a
688  subset of rows and columns with a large average value, representing a “gene-cell module”: a set
689  of genes or gene-pairs exhibiting the same subcellular pattern within the same cells. Gene-cell
690 modules that overlap in a significant number of genes (or gene pairs) are coalesced to reduce
691 redundancy. This step outputs a set of gene-cell modules with varying number of cells and genes.
692 (D) CellSP provides intuitive visualizations of gene-cell modules, which often span tens to
693  hundreds of cells making direct inspection impractical. CellSP visualizations are tailored to the
694  type of pattern defining the module and summarize the strength of subcellular spatial pattern
695 involving module-associated genes and cells while contrasting them with background genes and
696 cells. (E) Module Characterization. Module-associated genes are subjected to Gene Ontology
697 (GO) analysis to gain functional insights into detected gene-cell modules. Alternatively, a Random
698  Forest classifier is trained to differentiate module cells from non-module cells and the most
699  predictive genes, called cell-marker genes, are subjected to GO analysis. To address the limited
700 size of gene panels in subcellular spatial transcriptomic datasets, CellSP employs Tangram to
701 impute gene expression from single-cell RNA-seq datasets of the same tissue, enabling more
702  comprehensive analysis. Results of GO analysis are visualized using REVIGO plots.

703

704  Figure 2: CellSP reveals myelination-related subcellular spatial phenomena in mouse
705 Dbrain. (A) Summary table of an example gene-cell module, “MO0_I", discovered by CellSP from
706 MERFISH data on hypothalamic preoptic area in mouse brain. (The suffix “_I” indicates that it was
707  discovered by aggregating single-cell level colocalization patterns reported by InSTANnT.) “GO
708 Genes” shows the Gene Ontology (GO)-based characterization of the four module genes. “GO
709 Cells” shows the GO-based characterization of the genes whose expression levels are most
710 discriminative of the 332 module cells versus remaining cells. (B) Direct visualization of six of the
711 332 module cells, with blue boundaries indicating automatically delineated cell periphery, red
712  boundaries indicating nuclear periphery, each dot representing a transcript, colored in green for
713  module genes and in gray for other genes. (C) CellSP visualization of module MO_I. The heatmap
714  shows pairwise colocalization propensity of gene pairs in module cells compared to non-module
715 cells, as a log ratio, with warmer colors (more positive values) indicating specificity of the
716  colocalization to the module cells. The first half of rows and columns corresponds to module genes
717  while the second half corresponds to a random subset of non-module genes, so the contrast
718  Dbetween the upper left quadrant (more warm color cells) and other quadrants underscores that
719  the phenomenon is specific to the module gene pairs. (D) UMAP visualization of all cells in the
720 sample, with colors indicating cell types and module cells shown in black. The module mostly
721  comprises mature oligodendrocytes (ODM). (E) REVIGO plot of biological processes enriched in
722  module genes, showing a prominent association with myelination-related terms. (F) REVIGO plot
723  of biological processes associated with gene markers of module cells, showing that these cells
724  are also characterized by genes enriched for myelination-related terms.

725

726  Figure 3: CellSP reveals axonogenesis related subcellular spatial phenomena in mouse
727  brain. (A) Summary table of an example gene-cell module, “M0_S”, discovered by CellSP from
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728 MERFISH data on hypothalamic preoptic area in mouse brain. (The suffix “_S” indicates that it
729  was discovered by aggregating single-cell level colocalization patterns reported by SPRAWL.) (B)
730 Direct visualization of six of the 221 module cells, with each dot representing a transcript, colored
731  in green for module genes and in gray for other genes. (C) CellSP visualization of module MO_S.
732  The subcellular space is idealized as a circle with concentric rings representing varying distances
733 from the “center” (see Methods) and color intensity representing transcript density averaged over
734  the module cells. The upper circle depicts this information for module genes and the lower circle
735 represents all other genes for contrast, which in this case highlights that the module gene
736  transcripts are enriched in peripheral regions (outermost ring). This type of visualization is used
737  for any gene-cell module with peripheral or central pattern. (D) UMAP visualization of all cells in
738  the tissue, with colors indicating cell types and module cells shown in black. The module mostly
739 comprises neurons. (E) REVIGO plot of biological processes associated with module genes,
740  highlighting enrichment for axonogenesis-related terms. (F) REVIGO plot of biological processes
741  associated with marker genes of module cells, showing that these cells are characterized by
742  genes enriched for cell adhesion-related terms. (G-H) Spatial plot of all cells in tissue (H) with
743  module cells highlighted in red, along with detailed visualization of a subset of module cells in
744  close spatial proximity (G,l). In these detailed views, module cells are depicted with a stronger
745  boundary, while their fill color corresponds to their cell type. Transcripts of module genes are
746  highlighted in red and are localized at the contact boundaries between module cells.

747

748  Figure 4: CellSP uncovers myelination and GABA-ergic synpase related modules across
749  cell types and regions of mouse brain. (A) UMAP visualization of all cells in a Xenium data set
750  of whole mouse brain, with cells of 36 myelination-related gene-cell modules detected by CellSP
751  shown in color. (Cells of each module are shown in a different color.) This demonstrates that
752  CellSP captures myelination-related subcellular patterns across cells with diverse gene
753  expression profiles, indicating that these patterns are not merely a reflection of overall gene
754  expression levels. (B) Spatial plot of all cells in the whole brain data set, with cells of myelination-
755  related modules (same as in A) shown in different colors, while cells not in any of these modules
756 are shown in grey. (C) Matrix showing gene composition of each of the 36 myelination-related
757  modules (rows); blue indicates a gene’s inclusion in a module. Genes Sox10, Gjc3, and Opalin
758  appear in all or most modules, while four others appear in a majority of modules. (D) REVIGO
759  plot of biological processes associated with module genes, aggregated over all 36 modules. Color
760 intensity represents the number of modules for which a GO term is significantly associated with
761  module genes. (E) REVIGO plot of biological processes associated with gene markers of module
762  cells, aggregated over all the 36 modules. (F) UMAP visualization of all cells in data set, with cells
763  in any of the 20 discovered GABA-ergic synapse-related modules shown in color. (Cells of each
764  module are shown in a different color.) (G) Spatial plot of all cells in the sample, with cells from
765  all 20 GABA-ergic synapse-related modules shown in different colors, while cells not in any of
766  these modules are shown in grey.

767

768 Figure 5: CellSP detects differences in subcellular spatial patterns between tissue
769 conditions. (A) Spatial plot of a Kidney PRCC (kidney cancer) tissue (Xenium data), highlighting
770  cluster 6 cells in blue, cluster 9 cells in green, and cells of any of the 6 CellSP-detected immune-
771  response related gene-cell modules in red. (B, C, D) CellSP visualization of three selected
772  immune system related gene-cell modules discovered in the cancer sample. B shows module
773 R6_M5_S (central pattern) in left panel while right panel is a visualization of the subcellular
774  distribution of the module genes in expression-matched cells from the healthy kidney sample
775  (“control”). Module genes are more uniformly localized towards the cell’s “center” in the cancer
776  sample than in healthy sample. C shows module R6_MO_S (radial pattern) in left panel and the
777  right panel depicts the subcellular distribution of module genes in cells from the healthy sample.
778  The cancer sample (left panel) shows a strong clear difference between module genes and non-
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779  module genes in terms of radial spread of transcripts, while this contrast is insignificant in the
780  healthy sample (right panel). D shows module R6_M3_|I, defined by a colocalization pattern. The
781  colocalization visualization has been modified to provide contrast with control cells rather than
782  non-module cancer cells. The module genes are much more proximal to each other in cancer
783  module cells than in random cells from the healthy sample. (E) Gene-cell modules detected in
784  mouse hemibrain Xenium samples from three TJCRNDS8 mice (AD model) at different time points
785  and three wildtype (WT) mice at similar time points were examined for inclusion of six AD-related
786  genes (columns). Shown are the number of detected modules in each of the six samples (rows)
787 thatinclude a gene. Notably, Picalm and Trem2 have more modules detected in AD samples than
788 in WT, consistent with their known roles in Alzheimer’s Disease-related processes. (F) Chord
789  diagram depicting the number of modules detected in AD samples (bottom) or WT samples (top)
790 thatinclude a pair of genes, shown for genes annotated with function "ensheathment of neurons”.
791 The gene pairs “Olig2-Plp1” and “Olig2-Mobp” (shown in black) exhibit a significant difference
792  between AD and WT samples. (G) Blue bars show z-scores computed from a proportion test
793 comparing AD and WT samples in terms the fraction of Cell[SP modules that include Olig2 and
794  another gene (x-axis labels), shown only for partner genes where the proportion test yields a
795  significant p-value. Orange bars show similarly calculated z-scores for modules defined by cell-
796  level co-expression, as computed by WGCNA.

797
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