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Abstract 1 
Aging is a multifactorial and complex physiological process, affecting every organ with 2 
characteristic manifestations. Understanding the molecular mechanisms that drive 3 
aging processes is crucial to targeting age-related disorders. Recent reports suggest 4 
that severe post-infection syndromes can partially accelerate aging. However, the 5 
underlying gene-encoded regulatory interplay, whether being shared or distinct 6 
between aging and infection biology are poorly understood. Here, we employed spatial 7 
transcriptomics to establish a multi-organ atlas (brain, heart, kidney, liver, lung, and 8 
spleen) across the mouse lifespan (4, 17, and 26 months). Dissecting high-quality fresh-9 
frozen tissue samples at unbiased molecular resolution, we found both organ-specific 10 
and cross-organ gene dysregulation upon aging. We identified age-related trajectories 11 
in gene expression and cell state, some only detectable within their spatial context, and 12 
provide validation at subcellular resolution. The most prominent effect was organ-wide 13 
immune system activation with spatially variable severity. We therefore evaluated how 14 
aging mimics the expression signatures observed in systemic infection, using spatial 15 
transcriptomics slices from young mice infected with Plasmodium berghei ANKA. While 16 
on the gene level the effect sizes caused by the infection outweighed those of aging, we 17 
reveal a shared activation of the early complement pathway (C4b) and serine protease 18 
inhibitors (Serpin gene family) within by phenotype distinct spatial niches. We show 19 
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that this common RNA signature is driven by tissue-specific cell types and eventually 20 
affects protein levels in the aged brain, rendering them a target for future mechanistic 21 
and drug discovery studies. Taken together, our study provides a coherent in-depth and 22 
cross-organ transcriptomics atlas to systematically study aging and infection in the 23 
mouse at spatiotemporal resolution. 24 
 25 
Key highlights 26 

• Large-scale and high-resolution atlas of spatial transcriptomics from six organs to study 27 
aging and systemic infection across two mouse cohorts. 28 

• Strong transcriptional alterations found in distinct organ-specific niches for aging and 29 
acute malaria, with organ- and cell type-associated immune responses. 30 

• Dysregulation of early complement proteases (C4b) and serine protease inhibitors 31 
(Serpina3n) as common theme across central nervous system and peripheral organs.  32 
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Main 33 
The population-wide risk of cardiovascular, neurodegenerative, and metabolic 34 

syndromes is inextricably connected to societal aging, which involves an organism-wide 35 
deterioration of tissue structure and function1. Previous genomics studies across multiple 36 
organs have examined molecular changes associated with aging and provided insights into 37 
unique trajectories occurring in both organs and individual cell types2-5. Single-cell RNA-seq 38 
approaches revolutionized our understanding of cell type-specific gene regulation in health and 39 
disease. The human and the murine brain have been of particular interest for the application 40 
of -omics approaches to identify molecular mechanisms in age-related cognitive decline and 41 
progressive neurodegeneration6-9. However, a detailed and spatially-resolved understanding 42 
of the molecular programs underlying the functional consequences of aging in the hundreds of 43 
mammalian cell types within and between organs is still missing. Recent advances in image- 44 
and sequencing-based spatial transcriptomics approaches have enabled us to profile the 45 
expression of thousands of genes from tissue slices in two- or three-dimensional space10. 46 
These approaches facilitate the discovery of fine-grained structural changes across tissue 47 
sections. Thereby, they overcome the existing limitations of single-cell RNA-seq approaches 48 
that typically miss the microenvironment, imposed by the inevitable tissue dissociation process 49 
leading to the loss of spatial information11. Among those, unbiased genome-wide approaches 50 
operating at the (super-)cellular level together with targeted, gene panel-based approaches of 51 
sub-cellular resolution have been developed. In the context of aging, spatial transcriptomics 52 
hold the promise of narrowing down the cell etiology, specifically by identifying early cellular 53 
hot spots of gene dysregulation9. 54 
 55 
The mechanistic interplay between the innate and adaptive immune systems in aging, for 56 
instance the observed chronic low-grade sterile inflammation (“inflammaging”), has been a 57 
long withstanding aspect in the field12. But, the task to discern cause (driver) from effect 58 
(passenger) of the aging process is still one of the major ongoing challenges, in particular the 59 
aspect how acute events might eventually promote chronic symptoms. In fact, an entire 60 
spectrum of inflammatory phenotypes of increasing severity exists, although their relationship 61 
to human aging is mostly unclear. The wealth of COVID-19 accelerated interdisciplinary 62 
research has pinpointed a potential causal connection between severe infectious diseases and 63 
aging-associated disease development on a global scale13. This innumerable data indicates 64 
common molecular immune pathways across the human body underlying both systemic aging 65 
and infection. Still, when and where such a potentially conserved biological mechanism is at 66 
play has remained unclear. Therefore, we performed 168 spatial transcriptomics experiments 67 
at an unprecedented scale utilizing two independent mouse cohorts, reporting 100 manually 68 
annotated spatial compartments based on genome-wide expression clustering of 383,040 69 
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high-quality barcoded sequencing spots. For in-depth validation of brain aging signatures, we 70 
used STOmics Stereo-seq, an unbiased genome-wide spatial transcriptomics technique, 71 
providing sub-cellular views on gene expression. We comprehensively compared organismal 72 
aging against systemic infection on the RNA level, both in the periphery and the central nervous 73 
system, and identified a shared mechanism of complement dysregulation occurring in specific 74 
local niches. 75 
 76 
Spatial transcriptomics of aging mouse organs 77 

We first performed spatial transcriptomics experiments using the spot-based 10x 78 
Visium platform on a wildtype mouse aging cohort, consisting of up to five mice per timepoint 79 
(young: 4 months; middle-aged: 17 months; aged: 26 months) followed by deep sequencing 80 
(Fig. 1a). For each individual mouse, we processed single sections for the peripheral organs 81 
(heart, kidney, liver, lung and spleen) and five sections from the brain (Bregma: –1.7, -2.06, -82 
2.7, -3.52 and -4.72). Following a stringent image-based and sequencing metrics-based quality 83 
control, we focused our downstream analysis on 111 high-quality samples (Extended Data 84 
Fig. 1-2, Supplementary Table 1). With a tissue-specific average number, out of a total of 85 
4992 spots available per capture area, we maximized the number of spots located under tissue 86 
(mean of 2522 before QC, 2441 after QC), while retaining a high level of reproducibility 87 
between replicates of the same organ and across all ages (Fig. 1b). The data set covered 88 
around 22.3 billion reads (~201 Mio. per sample) for an average of 3783 median genes 89 
detected at each spot (12,048 average of median UMIs). To this end, we selected histologically 90 
motivated cutting angles, trying to optimize capture of the inherent cellular heterogeneity of 91 
each peripheral organ (Fig. 1c). After filtering individual spot locations of lower quality (cf. 92 
Methods), we found specific properties of the spot clustering in our cleaned data set. While 93 
gene expression programs in spots of the structurally more defined organs like the kidney 94 
primarily clustered according to their spatial domain, the spot clustering in more homogenous 95 
tissues was overly driven by cell type-specific markers (Fig. 1d, Supplementary Table 2). In 96 
fact, the size and number of distinct expression clusters correlated with histological tissue 97 
complexity. We thus followed a hierarchical annotation approach, defining either a local region 98 
of gene expression (e.g. “Atria” in the heart), or if possible, naming each cluster after the most 99 
enriched cell type (e.g. “Periportal hepatocytes” in the liver) based on known marker genes. 100 
 101 
For the peripheral organs, markers for most of the expected cell types were identified, and no 102 
major deviations in size and location of each cluster were observed between the aging groups 103 
(Extended Data Fig. 3a-e). Nevertheless, comparing the expression for each annotated 104 
cluster between young and old mice returned a differentiated picture, with the kidney showing 105 
more than ten times the number of significant differentially expressed genes (DEGs) than the 106 
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heart (Fig. 1e). Thereby, the peripheral organs each retained an almost disjunct aging-driven 107 
signature of dysregulation with notably varying effect sizes (Fig. 1f, Extended Data Fig. 3f-j, 108 
Supplementary Table 3). Interestingly, the peripheral gene expression clusters with the most 109 
DEGs were those known to harbor many immune cells (Fig. 1g). Yet, we found strong aging 110 
DEGs in each organ directly related to tissue function (Fig. 1h), such as genes of the myosin 111 
heavy chain in the heart (Myh7), members of the cytochrome P450 family in the kidney 112 
(Cyp2d12), or major urinary protein coding genes in the liver (Mup7). We wondered however, 113 
whether tissue-specific DEGs exhibited a spatially variable domain, independent of our 114 
supervised spot annotation. Thus, we determined the list of highly significant and reproducible 115 
spatially variable genes (SVGs) for each organ without making use of the spot cluster labeling 116 
(cf. Methods, Extended Data Fig. 4a, b, Supplementary Table 4). Similarly to the DEGs, the 117 
number of SVGs was organ-specific and we found that per tissue between 5% (spleen) and 118 
24% (kidney) of the genes were both differentially expressed and spatially variable (Extended 119 
Data Fig. 4c). Still, except for liver and spleen, the number of SVGs clearly outweighed the 120 
number of aging DEGs. As one example, the prolactin hormone receptor (Prlr), a type I 121 
cytokine receptor, was induced upon aging specifically in the inner and outer stripe of the outer 122 
kidney medulla (Fig. 1i). Prolactin accumulation was previously reported as a sign of renal 123 
failure14. Another way to leverage the spatial resolution of the data is by investigating whether 124 
the local neighborhood, i.e. tissue microenvironment depends on the age (cf. Methods), since 125 
we found only minor changes in cluster proportion along the aging trajectory. Indeed, we again 126 
found tissue-specific neighborhood alterations, such as a progressive depletion of fibroblasts 127 
in the myocardium of the aging heart (Fig. 1j), or the loss of Kupffer cells in adjacency to 128 
periportal hepatocytes in the aging liver (Extended Data Fig. 4d-g). The immune system 129 
appeared to be implicated in all peripheral organs with increasing age, suggesting a more 130 
systemic relationship, especially considering the autocrine effects of parts of the dysregulated 131 
transcriptome such as the Prlr gene, which is typically also mediated through the central 132 
nervous system. 133 
 134 

Spatial aging signatures across the mouse brain 135 
To better capture the structural and functional complexity of the murine brain, we 136 

decided to profile each sample at five different bregmata, using expert annotations from the 137 
Allen Mouse Brain Atlas for guidance (Fig. 2a). We observed well reproducible cluster gene 138 
signatures for each brain section (e.g. cortical layers I-Vi) with highly preserved marker 139 
expression between adjacent slides and used a previously established nomenclature to 140 
annotate the spot clusters9 (Fig. 2b, Supplementary Table 5). Similar to the peripheral organs, 141 
differences in observed cluster proportions were driven by the bregma and not by age. There 142 
was however, a trend for an overall decreasing clustering complexity for lower bregma 143 
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(Extended Data Fig. 5a-e), due to the increasing area assigned to the midbrain structure. As 144 
expected, the different brain sections shared most of the DEGs due to similar constituting 145 
clusters, with a notable peak in Brain5, the only slice already covering parts of the cerebellum 146 
(Fig. 2c, d). Overall, the global effect sizes of aging DEGs in the brain were comparable to the 147 
peripheral organs, although much lower in their absolute number (Extended Data Fig. 5f-j, 148 
Supplementary Table 6). Interestingly, across all bregmata the number of SVGs clearly 149 
outweighed the number of DEGs by a factor of almost 100 (Extended Data Fig. 6, 150 
Supplementary Table 7). Still, the 17 aging DEGs shared between all five brain sections 151 
showed an enrichment of immune-system-related and disease-associated functions, such as 152 
C1qa-c and Trem2, while also exhibiting the strongest dysregulation in the white matter tract 153 
(Fig. 2e). Among those, 16 genes are also SVGs in the brain, demonstrating the need for 154 
transcriptomics in spatial dimensions to better understand the directions of aging-driven 155 
dysregulation. In particular, Egr1, Gfap and Trem2 are all known markers for neurons, 156 
astrocytes and microglia, respectively, triggering the question whether certain cell types 157 
specifically contribute on their own to the immune activation commonly observed during brain 158 
aging. 159 
 160 
To follow up on this observation, we validated our analysis of the super-cellular 10x Visium 161 
brain experiments with the sub-cellularly-resolved Stereo-seq15 technology developed by BGI 162 
STOmics, sparing one mouse brain from each age group (Fig. 2f). To evaluate concordance 163 
after quality control, we first aggregated the Stereo-seq spots into bins, artificially replicating 164 
the size of Visium spots. This allowed us to reproduce most of the gene expression clusters 165 
for each bregma and age but with slightly varying marker genes (Fig. 2g, Extended Data Fig. 166 
7, Supplementary Table 8). All of the 17 shared brain aging genes from the Visium data set 167 
were successfully reported as DEG in at least four of the five matching brain layers in the 168 
Stereo-seq dataset, corroborating our findings (Supplementary Table 9). Next, we utilized the 169 
specific capabilities of Stereo-seq to perform an image-based cell binning of all spots near 170 
DNA fluorescence signals followed by cell type clustering and annotation. This enabled us to 171 
differentiate several types of neurons from common glia cells in the spatial domain (Fig. 2h). 172 
With our close-to-cell resolution (bin20), we confirmed the elevated expression of Trem2, a 173 
well-known microglia activation marker16, throughout the whole aged mouse brain (Fig. 2i). 174 
Taken together our findings further suggest a progressive dysregulation of the innate immune 175 
system that co-occurs with an increased spatially-dependent prevalence of major brain cell 176 
types in proinflammatory states. 177 
 178 
Because normal brain function relies on numerous neurochemical pathways in different 179 
regions, presumable affected by aging through vascular-related oxidative stress, dysregulated 180 
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glycolysis, or neurotransmitter dysfunction17-19, we prepared high-throughput spatial 181 
metabolomics experiments for the aging cohort using the other brain hemispheres for a set of 182 
tissue slices at Bregma 2.06 (cf. Methods). Each sample was then imaged in a 20 x 20 µm 183 
matrix grid to obtain per-pixel peaks. Obtaining four replicates per age group, we detected 184 
2713 unique features across the 12 slices after computationally aligning the transformed 185 
MALDI timsTOF fleX mass readouts between samples, of which 97 peaks were reference-186 
annotated to known metabolites (Supplementary Table 10). After a stringent quality filtering, 187 
909 mass peak features remained for down-stream analysis. Among the strongest fold-188 
changes (log(FC)=-9.7) between aged and young mouse brains we found N-Acetyl-L-aspartic 189 
Acid, located in the regions of white matter, striatium as well as the deeper cortical layers, even 190 
though statistical significance diminished after FDR correction (Extended Data Fig. 8). Thus, 191 
we argue that existing spatial metabolomics platforms are not yet sensitive enough to 192 
unbiasedly discover metabolome-wide changes in the context of brain aging, where often only 193 
subtle changes occur over larger time differences, but are better suited to perform targeted 194 
validation at cellular or sub-cellular levels20. The N-Acetyl-L-aspartic Acid molecule is a 195 
required metabolic factor for enabling lipid and myelin synthesis in oligodendrocytes21. We 196 
confirmed this finding in a comprehensive aging mouse brain atlas describing differential 197 
metabolomics in individually dissected anatomical regions, where N-Acetyl-L-aspartic Acid 198 
was also found be upregulated with aging, but specifically in the olfactory bulb22. 199 
 200 

Bulk and spatial transcriptomics of mouse organs in acute malaria 201 
Severe infectious diseases (e.g. long COVID, tuberculosis, hepatitis, malaria) are 202 

associated with accelerated biological aging of the immune system in humans23-25. To dissect 203 
how organismal aging is (dis-)similar to systemic infection at the molecular level and which 204 
parts of the immune system activation are shared at the gene and pathway level, we repeated 205 
the 10x Visium experiments with a separate cohort of mice (cf. Methods). The infection cohort 206 
consisted of five young mice infected with the mouse parasite Plasmodium berghei, an animal 207 
model of cerebral malaria26 and five age- and gender-matched young controls (Fig. 3a). 208 
Because heart and spleen showed rather small effect sizes in the aging cohort, sections from 209 
the infection cohort were processed for three peripheral organs (liver, kidney and lung), in 210 
addition to two preselected brain regions at bregma –2.06 and bregma 3.89 (the olfactory bulb), 211 
the latter of which is the very first affected brain structure in this model26. After QC, we retained 212 
42 high-quality capture areas with comparable spot statistics as mentioned above (Fig. 3b, 213 
Extended Data Fig. 9, Supplementary Table 11). The angles of histological slices were 214 
analogously chosen to best capture the tissue complexity, yielding a highly similar number, 215 
type and spatial distribution of spot clusters as for the aging cohort (Fig. 3c, d, Supplementary 216 
Table 12). However, here we noticed significant differences in the spot cluster proportions 217 
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between the infected mice and controls. For example, the loss of blood vessels in kidney and 218 
liver parallel to a massive increase of immune cells in the liver and lung (Extended Data Fig. 219 
10a-e). In line with this observation, the total number of DEGs in the infection cohort was much 220 
higher than for the aging cohort, with most being strongly upregulated after infection in a tissue-221 
specific manner, meeting our expectations of an acute inflammation resembling a much more 222 
severe phenotype than aging (Fig. 3e, f, Supplementary Table 13). In particular the leukocyte, 223 
blood and lymphatic vessels as well as endothelial spot clusters exhibited the most DEGs and 224 
highest effect sizes across tissues (Extended Data Fig. 10f-k). In stark contrast to the aging 225 
cohort, the reproducible number of SVGs exceeded the number of DEGs exclusively in the 226 
brain, but with similar percentages of overlap per tissue, reaching from 7% in the olfactory bulb 227 
to 19% in the kidney (Extended Data Fig. 11a-c, Supplementary Table 14). The substantial 228 
expansion of connective tissue around the lung pulmonary veins together with a massive 229 
leukocyte invasion represented an intriguing phenotype alteration of the infected lung, which 230 
is immediately visible from the spatially annotated gene expression data alone (Fig. 3g). All 231 
three peripheral organs underwent remarkable changes in their spatial microenvironment, like 232 
the increased proximity between Kupffer and other immune cells in the infected liver, as 233 
revealed through a differential spot neighborhood analysis (Extended Data Fig. 11d-f). 234 
 235 
Since P. berghei causes cerebral malaria and strongly affects the olfactory bulbs, we 236 
investigated the intersection of SVGs and DEGs more closely to understand the underlying 237 
mechanism. In general, many immune cell surface genes from the clusters of differentiation 238 
were significantly upregulated at specific locations in the infected olfactory bulbs, including 239 
Cd151, Cd164, Cd1d, Cd200, Cd24a, Cd44, Cd52, Cd55, Cd63, Cd74, Cd82, Cd9, and 240 
Cd99l2. Moreover, it appeared that antimicrobial factors such as Cystatin C (Cst3) were highly 241 
upregulated in the center of the infected olfactory bulb. This dysregulation pattern completely 242 
diminished toward the outer layers, thus showing an intriguing spatial expression pattern (Fig. 243 
3h). Because P. berghei is a eukaryotic pathogen, we exploited the fact that both host and 244 
pathogen transcribe polyadenylated messenger-RNA, such that in principle both should be 245 
captured through the reverse poly-T tag in 10x Visium 3’ gene expression libraries. Indeed, we 246 
were able to map a certain percentage of high-quality reads from each infected sample against 247 
the P. berghei ANKA genome, with olfactory bulb, liver, and lung exhibiting the highest 248 
percentage of cells with pathogenic reads (Fig. 3i). We were thus able to narrow down the 249 
position of individual parasites within the tissue by following the distribution of pathogenic reads 250 
into the different spot expression clusters (Extended Data Fig. 12). Our analysis further 251 
revealed that they preferentially reside in the outer layers of the olfactory bulb, rendering the 252 
expression of Cst3 reciprocal to the distance between center and parasite location. We then 253 
identified the spots in the olfactory bulb clearly enriched for parasite reads and compared the 254 
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gene expression of each such center spot with its six direct neighbors in the hexagonal spot 255 
array on 10x Visium capture areas. Neighbors of a parasite-enriched center spot exhibited a 256 
significant activation of the cytokine CC-chemokine ligand 5 (Ccl5) as well as the cluster of 257 
differentiation 74 (Cd74), indicating an acute T cell response around the pathogens. Such a 258 
severe immune system activation is a necessary means to fight infections.  259 
 260 
Alteration of mRNA expression is modulated by several independent mechanisms, but partially 261 
explained by post-transcriptional gene regulation. We previously showed that both tissue-262 
specific and global microRNA (miRNA) regulators are either activated or deactivated upon 263 
aging in the mouse4. We therefore wondered whether such a regulatory interplay also explains 264 
the spatial immune activation observed during infection and performed small non-coding RNA 265 
sequencing for the infection cohort (cf. Materials and Methods, Supplementary Table 15). We 266 
revealed that variability of miRNA expression is strongly driven by tissue origin and not by 267 
technical bias (Extended Data Fig. 13a, b). In total, 542 miRNAs were well expressed in at 268 
least one tissue and within one of the experimental groups (Extended Data Fig. 13c). The 269 
observed expression was highly correlated among samples from the same tissue (Extended 270 
Data Fig. 13d). Surprisingly, none as well as only one of the miRNAs remained significantly 271 
differentially expressed for brain and and bulb (mmu-miR-3473b, up), respectively (Extended 272 
Data Fig. 13e, f). For the peripheral organs however, we obtained 46 up-regulated miRNAs in 273 
kidney, 188 up-regulated and 12 down-regulated miRNAs in liver and again none for lung 274 
(Extended Data Fig. 13g-i), suggesting once more a tissue-specific gene regulatory 275 
mechanism to be involved in the systemic immune response to malaria disease. Looking into 276 
their potential function, we found the target gene Cd28 (adj. p=0.0021318), an essential factor 277 
for T-cell proliferation and cytokine production and the GO terms “positive regulation of 278 
inflammatory response to antigenic stimulus” (adj. p=0.0029171), and “positive regulation of 279 
peptidyl-serine phosphorylation” (adj. p=0.0029986). For the up-regulated liver miRNAs we 280 
found an enrichment of miRNA targets controlling “angiogenesis” (adj. p=4.79e-7) and 281 
“macrophage differentiation” (adj. p = 1.58e-6). All of these observations are in line with our 282 
hypothesis that miRNAs mediate peripheral immunity specifically and locally, triggering distant 283 
cellular interaction in the central nervous system and further trans-dysregulation of brain or 284 
other spatially restricted mRNAs. Still, it raises questions as to whether such an inflammatory 285 
process causes permanent organ damage and how in contrast the aging-induced immune 286 
activation may initially cause more attenuated but, in the end, similar disease phenotypes. 287 
 288 

Shared spatial dysregulation in aging and systemic infection 289 
To better understand similarities and differences between organismal aging and 290 

systemic infection using our high-resolution spatiotemporal transcriptomics readouts, we 291 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted September 17, 2025. ; https://doi.org/10.1101/2024.11.04.621811doi: bioRxiv preprint 

https://doi.org/10.1101/2024.11.04.621811
http://creativecommons.org/licenses/by-nc-nd/4.0/


 10 

correlated the effect sizes between aging and infection cohorts for the same tissues and 292 
expression clusters. Here, the brain showed a remarkable resemblance between aging and 293 
infection, with the complement component C4b being one of the top upregulated genes (Fig. 294 
4a). Similar trends were observed in the peripheral organs (Supplementary Table 16). C4b is 295 
part of the early complement pathway, specifically upregulated in the white matter tract of the 296 
aging brain, also upregulated in the infected brain but beyond the white matter area, thus 297 
showing a different spatial presence (Fig. 4b). 298 
 299 
We then performed an over-representation analysis for all the cluster-specific DEGs shared 300 
between infection and aging cohorts, and obtained “Neutrophil degranulation” and “Regulation 301 
of complement cascade” as top significantly enriched categories for brain, kidney, liver and 302 
lung (Fig. 4c, Supplementary Table 16). To validate this finding, we first created a gene 303 
signature feature for the complement pathway to measure its activity through gene module 304 
scores. Indeed, the spatially restricted activity of the early complement pathway was a common 305 
molecular feature of dysregulation between organismal aging and systemic infection across 306 
multiple organs (Fig. 4d). Since the enrichment analysis yielded the “Regulation of 307 
complement cascade”, we next wondered which gene regulatory components known from the 308 
literature are centered around C4b, revealing with STRING27 a dense network of other 309 
complement genes but also two serine protease inhibitors (Serpina3n, Serping1) (Fig. 4e). 310 
Surprisingly, Serpina3n was one of the top dysregulated genes in the aging brain and also 311 
upregulated in the infected brain. Leveraging aggregated pseudobulk expression, we 312 
confirmed the almost perfect intra-sample correlation between C4b and Serpina3n across both 313 
cohorts and all organs in common (Fig. 4f). These findings suggested a central gene regulatory 314 
role between serin proteases involved in complement activation and serine protease inhibitors, 315 
mediating immune responses in two physiologically different processes that each depend on 316 
extrinsic and intrinsic stimuli. We then looked into the whole family of Serpin genes and 317 
discovered a tissue-specific dysregulation of its members in aging and infection (Fig. 4g). 318 
Subsequently, we made use of our sub-cellularly resolved Stereo-seq data sets to closely 319 
compare the complement activity against the activity of reactive astrocytes that drive parts of 320 
the brain aging signature and obtained a high degree of spatial correlation (Fig. 4h). Utilizing 321 
our respective marker-based cell bin annotations, we deconvolved the spatial pattern of 322 
correlated C4b and Serpina3n expression to primarily originate from both from Astrocytes and 323 
Oligodendrocytes. We confirmed this for the cell-marker enriched spots in the aging and 324 
infected brain Visium samples (Extended Data Fig. 14a, b). Moreover, we compared our 325 
findings with a previous study4 describing in-depth cross-organ bulk miRNA and mRNA 326 
expression in aged mice, finding indeed multiple members of the Serpin gene family 327 
(Serpina1f, -3f, -3g, -3k) as anticorrelated targets of aging-associated miRNAs in several 328 
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tissues. Finally, we externally validated a significant aging-associated upregulation of C4b and 329 
Serpina3n on the protein level in the mouse brain cortex and hippocampus, using a previously 330 
published proteomics data set28 (Extended Data Fig. 14c). 331 
 332 
In sum, our findings indicated a cross-organ gene regulatory mechanism as part of the immune 333 
system, being centered around serine proteases (Extended Data Fig. 15). This dysregulated 334 
pathway appeared to be orchestrated in each organ in a cell type-specific and spatiotemporal 335 
manner and translated from the transcriptional level into differential protein abundances, 336 
increasing the level of confidence for functional relevance. 337 
 338 

Discussion 339 
Understanding the heterogeneous and physiological consequences of mammalian 340 

aging is a challenging task. Our large-scale spatiotemporal cross-organ study provides new 341 
molecular insights into the underlying mechanisms. Several spatially and temporally resolved 342 
genomic data sets on the mammalian brain9,29-33, olfactory bulb34-36, heart37-46, kidney47-51, 343 
liver52-54, lung55-61, and spleen62-65 have been published, each describing their molecular 344 
architecture in health and disease. However, most of them lacked a sample size sufficient to 345 
compare multiple experimental groups and organs in parallel, especially lacking from the same 346 
donor66. Large sequencing studies are inherently challenging to perform and thus carry certain 347 
risks of producing unwanted batch effects67. We tackled these challenges by utilizing two 348 
separate breeds of wildtype mice, one from the United States for the aging cohort and one 349 
from Germany for the infection cohort, while ensuring a minimum number of three replicates 350 
per experimental group. The aging cohort was processed first and fully completed before 351 
continuing with the infection cohort to prevent potential sample cross-contamination. 352 
 353 
Our findings suggest shared physiological processes between aging and infectious diseases, 354 
at least in malaria, that are progressively dysregulated and are centered around complement 355 
activation and serine protease inhibitors. C4b and Serpina3n were previously reported to be 356 
upregulated in the subventricular zone of the aged mouse brain and as being indicative of a 357 
reactive type of oligodendrocyte68. Yet, Hajdarovic et al. recently reported an activation of C4b 358 
in reactive Astrocytes from the female hypothalamus and hippocampus, suggesting a more 359 
general, sex-specific role of glia cell types in mediating a neuroinflammatory or autoimmune 360 
phenotype6,69. Moreover, Allen et al. narrowed down C4b upregulation in the aged mouse brain 361 
in both astrocytes and oligodendrocytes that was further escalated by LPS treatment 7, also 362 
corroborating our findings. Others reasoned that such a phenotype could solely arise from the 363 
body-wide accumulation of senescent cells or an organ-dependent dysregulation of the 364 
circadian clock, two other hallmarks of aging12,70. In humans, C3 and C4 levels were reported 365 
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to be anti-correlated with centenarian longevity71. It therefore remains intriguing, having 366 
perceived an almost perfect correlation between C4b and Serpina3n across the aging and 367 
infection cohorts, to raise further questions about the mutual gene regulation of complement 368 
proteases and protease inhibitors, and conceivable downstream effects. Proteases play an 369 
important role in innate immune defense mechanisms, but need to be tightly regulated in order 370 
to prevent autoimmunity and self-attack, and thus have already been brought in connection 371 
with age-related decline and neurodegeneration72. Within the complement system, C4 is 372 
cleaved through the serin protease activity of C1 in the classical pathway and through MBL-373 
associated serine proteases (MASPs) within the lectin pathway73. Both proteases can be 374 
inhibited by Serping1, a serin protease inhibitor74, which is upregulated in the aging mouse 375 
heart and kidney as well as during malaria infection of kidney, brain, olfactory bulb, liver and 376 
lung. We were able to confirm for cortex and hippocampus that indeed the upregulation of C4b 377 
and Serpina3n RNA transcripts results in increased protein abundance. Besides, Serpina3n is 378 
another dysregulated serine protease inhibitor of chymotrypsin, like Serping1, but is mostly 379 
known for the regulation of Cathepsin G75. After glycosylation, Serpina3n can also bind double-380 
stranded DNA in the nucleus and cause chromatin condensation76. Whether the observed 381 
correlation of C4b and Serpina3n is explainable through its regulatory capacity within the 382 
nucleus can only be determined in further proteomics studies with functional validation assays. 383 
In general, looking beyond the complement system, the distribution of lymphoid and myeloid 384 
cells in aging tissues, as well as their contribution to sterile inflammation during the aging 385 
process is being increasingly recognized as highly complex and tissue-dependent77. Our data 386 
as well as previous reports78 point toward a cross-communication of native tissue parenchymal 387 
cells with lymphoid cells that is implicated in the different tissue-specific aging niches, for 388 
instance the white matter compartment in the brain or the lung alveoli. A more targeted and 389 
deeper approach using single-cell or spot-free spatial in situ mapping techniques to quantify 390 
the contribution of myeloid and lymphoid cells toward the development of shared aging- and 391 
infection-driven niches and how this is mediated through the peripheral systems, is needed. 392 
And even though the high-throughput analysis of the aging brain metabolome has neither 393 
directly confirmed nor invalidated our findings on C4b, we have detected almost 1000 yet 394 
uncharacterized mass feature peaks exhibiting strong fold-changes in spatially restricted 395 
zones. Further research is needed to decode their individual structure and function, leaving 396 
high potential for a comprehensive understanding of the metabolome and its role in brain aging. 397 
 398 
Moreover, it remains to show whether the effects described here occur in the same or similar 399 
way in human tissue, given the expression of cell markers obtained with single-cell 400 
experiments was already shown to be partially discordant between species79. In fact, an 401 
evolutionary discrepancy determines in any case the baseline chances of success to carry 402 
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over our findings into new therapeutic strategies targeting aging and infectious diseases. With 403 
the establishment of improved spatial transcriptomics platforms capable of resolving RNA 404 
expression at the sub-cellular level, we will be able to better narrow down the origins of 405 
individual RNA classes and molecules, for instance whether they are enriched in the nucleus 406 
or the cytosol. This will help to resolve missing details about the so far hidden cell to cell 407 
crosstalk involved in complement biology as just recently suggested80. Our findings position 408 
individual members of the complement system and protease inhibitor families as potential 409 
broad therapeutic targets in progressive aging and infectious disease research. Such targets 410 
are desperately needed to tackle pathogenicity, as for example cerebral malaria is still lethal 411 
for approximately 20% of affected patients, with many survivors being affected by prolonged 412 
neurocognitive impairment after primary therapy81. We therefore reason that a complement 413 
activation-based pathomechanism plays an important role in autoimmunity-related tissue 414 
damage that in turn contributes to diverse aging- and infectious disease-related phenotypes. 415 
 416 
Beyond aging research, single-cell and spatial transcriptomics are pivotal techniques to study 417 
the host-pathogen interface and reveal specific biological mechanisms such as cell invasion 418 
or clearance82,83. While most bacteria and virus specific protocols still have to be developed in 419 
order to dual-detect both host and pathogen from the same sequencing sample, multicellular 420 
parasite species can be directly sequenced due to the same type of polyadenylated 421 
messenger-RNA as in the host84. This compatibility was already broadly used to describe the 422 
organismal development of P. berghei, mechanisms behind its transmission as well as specific 423 
effects on gene expression induced in individual organs and cell types65,85-91. 424 
 425 
We initially combined the existing literature knowledge on individual tissues and cell types as 426 
well as several independent single-cell and spatial studies to carefully annotate the spot gene 427 
expression clusters needed for the downstream analysis. Unfortunately, there exists no 428 
common data annotation standard in the community, even though a few interesting 429 
nomenclatures and solutions to single-cell reference atlases were already proposed92-94. Our 430 
data set is specifically designed to foster spatiotemporal driven research into specific organs 431 
and cell types that are of particular interest in the aging and infection research communities, 432 
but also beyond to serve as a reference data set for any other biomedical domain. However, 433 
analyzing almost 200 Visium samples in an integrative approach brings also significant 434 
computational challenges. Many tools are not ready to scale up to large samples sizes, 435 
requiring extensive compute infrastructure and workflow optimizations. Therefore, we 436 
anticipate that our data set is also beneficial to the computational methods community, 437 
fostering the development of novel and scalable data analysis methods in the spatial 438 
transcriptomics domain.  439 
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Figures 440 
 441 
Figure 1: Spatial transcriptomics of the aging mouse. 442 
 443 
a, Illustration of the experimental workflow conducted for the mouse aging cohort. 444 
 445 
b, Distribution of the number of cleaned spots under tissue per organ and age. Average 446 
number of cleaned spots located under tissue varied between organs (Brain1: 2825, Brain2: 447 
2839, Brain3: 2764, Brain4: 2534, Brain5: 1939, Heart: 3093, Kidney: 3342, Liver: 2824, 448 
Lung: 1926, Spleen: 759), out of the 4992 spots possible per capture area. In general, the 449 
number of spots per sample was influenced by slight inter-individual variances in organ size. 450 
Colored boxes span the first to the third quartile with the line inside the box representing the 451 
median value. The whiskers show the minimum and maximum values or values up to 1.5-452 
times the interquartile range below or above the first or third quartile if outliers are present 453 
(shown as separate, colored dots). 454 
 455 
c, Illustration of cut angle plane and one representative H&E-stained capture area per 456 
peripheral organ. 457 
 458 
d, From left to right: Two-dimensional UMAP representation of colored spot clusters 459 
computationally integrated by organ (top to bottom), pie chart showing the proportion of 460 
annotated clusters across all samples, one representative annotated Visium sample with the 461 
spot cluster identities plotted over the H&E-stained tissue image. 462 
 463 
e, Number of differentially expressed genes per aging peripheral organ (old vs. young) and 464 
direction of dysregulation. Total DEG counts were derived across all organ clusters, without 465 
removing duplicates. 466 
 467 
f, UpSet plot comparing the unique gene sets across all organ cluster DEGs shown in (e). 468 
 469 
g, Bar plot showing the number of DEGs per annotated spot cluster. Tissues sharing the 470 
same cluster names are stacked on top of each other. 471 
 472 
h, Heatmap showing scaled expression of representative aging DEGs (rows) across all 473 
pseudobulk samples (columns). 474 
 475 
i, Normalized expression of Prolactin receptor (Prlr) in the kidney across two spot clusters 476 
and three aging groups (left) and representative spatial transcriptomics samples from each 477 
aging group with Prlr expression overlaid (right). 478 
 479 
j, Clustered heatmap showing differential neighborhood distance analysis for clusters of the 480 
aging heart (old vs. young).  481 
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Figure 2: Spatial transcriptomics across the aging mouse brain. 482 
 483 
a, Visualization of the five Bregmata selected to study different regions of the aging brain. 484 
 485 
b, From left to right: Two-dimensional UMAP representation of colored spot clusters 486 
computationally integrated by brain slice (top to bottom), pie chart showing the proportion of 487 
annotated clusters across all brain samples, one representative annotated Visium sample 488 
with the spot cluster identities plotted over the H&E-stained tissue image. 489 
 490 
c, Number of differentially expressed genes per aging brain bregma (old vs. young) and 491 
direction of dysregulation. Total DEG counts were derived across all organ clusters, without 492 
removing duplicates. 493 
 494 
d, Five-dimensional Venn diagram comparing the brain DEG sets from (c). 495 
 496 
e, Heatmap showing scaled expression of the 17 aging DEGs (rows) shared between all five 497 
brain slices, using the Brain1 pseudobulk samples and spot clusters for visualization 498 
(columns). All genes except Rbm3 are also significant SVGs in at least one of the five brain 499 
bregmata. 500 
 501 
f, Sketch of 10x Visium and STOmics Stereo-seq examples comparing the features of both 502 
spatial transcriptomics technology platforms. 503 
 504 
g, Examples for binned (bin200) and annotated spot clusters of the aging brain (top to 505 
bottom; young, middle, old) at Bregma#1 sequenced with Stereo-seq. 506 
 507 
h, Dot plot showing the top 3 most significant marker genes per cell type annotated spot 508 
cluster using the Stereo-seq cellbin resolution of Brain1 samples. 509 
 510 
i, Normalized spatial expression of Trem2 across all 15 STOmics Stereo-seq brain samples 511 
using the near-cellular resolution bin20 (from left to right: young, middle, old; from top to 512 
bottom: Brain1-5). For visualization spot sizes were rescaled into the point interval [0.1, 1.5] 513 
according to their expression of Trem2.  514 
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Figure 3: Spatial transcriptomics of the acute malaria-infected mouse. 515 
 516 
a, Illustration of the experimental workflow conducted for the malaria infection cohort. 517 
 518 
b, Distribution of the number of cleaned spots under tissue per organ and experimental 519 
group (controls, P. berghei infection). Average number of cleaned spots located under tissue 520 
varied between organs (Brain: 2760, Olfactory bulb: 722, Kidney: 3154, Liver: 3435, Lung: 521 
3024), out of the 4992 spots possible per capture area. In general, the number of spots per 522 
sample was influenced by slight inter-individual variances in organ size. Colored boxes span 523 
the first to the third quartile with the line inside the box representing the median value. The 524 
whiskers show the minimum and maximum values or values up to 1.5-times the interquartile 525 
range below or above the first or third quartile if outliers are present (shown as separate, 526 
colored dots). 527 
 528 
c, Illustration of cut angle plane and one representative H&E-stained capture area per organ. 529 
 530 
d, From left to right: Two-dimensional UMAP representation of colored spot clusters 531 
computationally integrated by organ (top to bottom), pie chart showing the proportion of 532 
annotated clusters across all samples, one representative annotated Visium sample with the 533 
spot cluster identities plotted over the H&E-stained tissue image. 534 
 535 
e, Number of differentially expressed genes per organ (day 6 post P. berghei infection vs. 536 
controls) and direction of dysregulation. Total DEG counts were derived across all organ 537 
clusters, without removing duplicates. 538 
 539 
f, UpSet plot comparing the gene sets shown in (e). 540 
 541 
g, In-depth zoom into a lung pulmonary vein from a control mouse (top) and an infected 542 
mouse (bottom), demonstrating the expansion of connective tissue and leukocyte invasion 543 
caused by the malaria disease. Spots are colored according to cluster identity, in particular 544 
Leukocytes in red, Smooth muscle cells in purple and Blood / immune cells in light purple. 545 
 546 
h, Normalized expression of Cystatin C (Cst3) in all spot clusters of the olfactory bulb split by 547 
infection and controls with clusters ordered by their ascending distance to the center of the 548 
tissue (left). Trend lines were computed with loess regression of y ~ log(x). Shown on the 549 
right is the normalized expression of Cst3 in the spatial domain of one representative control 550 
(top) and infected mouse (bottom). 551 
 552 
i, Percentage of reads per spot mapped to the P. berghei ANKA genome split by 553 
experimental group and organ.  554 
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Figure 4: Molecular niches shared between aging and systemic infection. 555 
 556 
a, Scatter plot showing the average log2-scaled fold-change between aging and infection for 557 
all brain DEGs matched and colored by spot cluster. 558 
 559 
b, Normalized spatial expression of C4b in four representative brain samples (Bregma: -560 
2.06), two from aging (top left: young, top right: old) and infection (bottom left: control, bottom 561 
right: infected) cohort. 562 
 563 
c, Dot plot showing adjusted and log-scaled Hypergeometric test p-values and the number of 564 
gene hits for the enriched categories from the Reactome pathway database across the four 565 
organs shared between aging and infection cohort. For each row of results a different list of 566 
genes was used as input (cf. Methods). 567 
 568 
d, Relative (scored) complement pathway activity in pseudobulk samples across all aging 569 
and infection cohort organs, split and colored by the five experimental groups (young, middle, 570 
old, healthy controls, infected). 571 
 572 
e, STRING network for Serpina3n in Mus musculus after performing one level of network 573 
expansion and removing edges from text mining and gene fusion. Edges are colored 574 
according to the type of association or interaction: curated databases (light blue), 575 
experientially determined (purple), gene neighborhood (green), gene co-occurrence (dark 576 
blue), co-expression (black), or protein homology (light purple). Nodes are colored according 577 
to their shell of interactions towards Serpina3n. 578 
 579 
f, Scatter plot showing normalized pseudobulk expression of C4b (x-axis) against Serpina3n 580 
(y-axis) across all samples and colored by the five experimental groups (young, middle, old, 581 
healthy controls, infected). 582 
 583 
g, Row and column clustered heatmap showing the scaled pseudobulk expression for all 584 
members of the serine protease inhibitor (Serpin*) gene family. 585 
 586 
h, Demonstration of spatially connected (sub-)cellular activity of the complement pathway 587 
(C4b+) and activated Astrocytes (Gfap+) in the aging brain (Bregma -2.06). Normalized 588 
expression values from one young representative on the top and one old representative on 589 
the bottom originating from the Stereo-seq samples at bin20 resolution are displayed.  590 
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Methods 591 
 592 
Mouse tissue processing and screening 593 
For the aging cohort, male C57BL/6JN mice were shipped from the National Institute on Aging 594 
colony (Charles River) to the Stanford ChEM-H animal facility, where they were housed at 595 
12/12h light/dark cycle in cages of 2-3 mice. Water and food were provided ad libitum. The 596 
aging cohort consisted of 5 mice per age group (age groups: 17, 73 and 112 weeks; 3.91, 16.8 597 
and 25.78 months). Tissues from brain, heart, kidney, liver, lung and spleen were collected 598 
after anaesthetization with 2.5% v/v Avertin and transcardial perfusion with 20 mL cold PBS 599 
and flash frozen in isopentane cooled with liquid nitrogen, all between 10:15 AM- 12:00 PM on 600 
a single day. For brain samples, the right and left hemisphere were separated before freezing 601 
and stored separately. Samples were stored at -80°C until embedding in OCT. Samples were 602 
embedded for sectioning in precooled OCT on dry ice. All animal care and procedures 603 
complied with the Animal Welfare Act and were in accordance with institutional guidelines and 604 
approved by the institutional administrative panel of laboratory animal care at Stanford 605 
University. 606 
 607 
For the infection cohort, experimental procedures were conducted as described previously95. 608 
In brief, C57BL/6 mice were bred at the animal facility and P. berghei ANKA parasites were 609 
obtained from the blood of sporozoite-infected C57BL/6 mice provided by the Parasitology 610 
Section of the Bernhard Nocht Institute. Mice in the control and experimental groups were age-611 
matched (6 to 8 weeks old) and sex-matched (male & female). For the experimental group, 612 
C57BL/6 mice were infected i.p. with 1×105 parasitized red blood cells. Positive parasitemia 613 
was determined in Giemsa-stained blood smears from tail blood. Body weights were 614 
determined at different time points. All required organs were collected on two consecutive days, 615 
from 9:30 AM (Ctrl.) and 10:30 AM (day 6 post-infection) until 12 PM. To prevent lung deflation, 616 
the tracheae were sutured, and the lungs were inflated with a 1:1 mixture of PBS and OCT. 617 
The small lung lobe was separated and frozen separately from the residual lung tissue. Brains 618 
were frozen without separating the hemispheres. All tissue samples were simultaneously 619 
frozen while embedded in OCT, in an isopentane bath cooled with liquid nitrogen and kept 620 
stored at -80°C. All animal care and procedures complied with institutional guidelines and were 621 
approved by the administrative panel of laboratory animal care at the Bernhard Nocht Institute 622 
under the admission TVA N118/2020, as well as the Hamburg Animal Welfare agency. 623 
 624 
Cryosectioning and section mounting were performed according to the manufacturer’s 625 
protocol, in a Leica cryostat (LEICA CM3050 S) set to -15°C with a slice thickness of 16 µm 626 
(except for the spleen of the infection cohort; 10 µm). For the aging cohort, five brain sections 627 
were mounted using visual landmarks and the Allen Mouse Brain Atlas, resulting in sections 628 
from bregma –1.7, -2.06, -2.7, -3.52 and -4.72. For the infection cohort, two brain sections 629 
were mounted, namely from bregma –2.06 and bregma 3.89 (Olfactory bulb). Sections were 630 
mounted on designated capture areas and stored at -80°C until further processing. After tissue 631 
mounting on the slide, an additional 10-15 sections were collected for RNA Quality 632 
assessment. All samples used in this study had a RIN value between 4.4 and 9.0 633 
(Supplementary Table 1, 11). 634 
 635 
Spatial gene expression assay (10x Visium) 636 
Following the Tissue Optimization protocol, we determined the permeabilization times to 18 637 
minutes for the brain, 24 minutes for the olfactory bulb, 15 minutes for heart, 15 minutes for 638 
kidney, 16 minutes for liver, 20 minutes for lung, and 30 minutes for the spleen samples using 639 
the Tissue Optimization (TO) Slide & Reagent Kit (10x Genomics, PN-1000184). 640 
 641 
We followed the standard protocol for fresh frozen tissues (compare document CG000239 - 642 
Rev F) using the Visium Spatial Gene Expression (GEX) Slide & Reagent Kits with 643 
recommended reagents (10x Genomics, PN-1000193). In brief, after H&E staining and 644 
imaging (10x magnification, Axio Imager KMAT - ZEISS), tissues were permeabilized with the 645 
previously defined permeabilization times. After reverse transcription on the slide and 646 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted September 17, 2025. ; https://doi.org/10.1101/2024.11.04.621811doi: bioRxiv preprint 

https://doi.org/10.1101/2024.11.04.621811
http://creativecommons.org/licenses/by-nc-nd/4.0/


 19 

denaturation, second strand synthesis is performed. For further processing, cDNA is released 647 
via denaturation. To determine cycle number for amplification the KAPA SYBER FAST qPCR 648 
Master Mix Kit (KAPA Biosystems) is used in a qPCR. All samples in this study were amplified 649 
using 14 – 19 PCR cycles. After bead purification using SPRIselect beads (Beckman Coulter, 650 
Product No. B233318), cDNA is quantified via 2100 Bioanalyzer using the Bioanalyzer High 651 
Sensitivity DNA kit (Agilent, cat.no.:5067-4626). 652 
 653 
The library construction was either performed manually or using the MGISP-100 liquid handling 654 
system according to the 10x Visium user guide. In short, the following steps were performed: 655 
fragmentation, end repair, A-tailing, double sided size selection, adaptor ligation, post ligation 656 
cleanup, sample index PCR, double sided size selection; followed by post library construction 657 
QC performed using the Bioanalyzer High Sensitivity DNA kit (Agilent, cat.no.:5067-4626) and 658 
KAPA Library Quantification Kit (Roche, KK4824). 659 
 660 
Libraries were pooled in an equimolar fashion with up to 15 samples in one library, multiplexing 661 
only samples that originated from the same organ whenever possible. All libraries were 662 
sequenced using NovaSeq 6000 (Illumina). 663 
 664 
Spatial gene expression assay (STOmics Stereo-seq) 665 
One brain sample of each age was processed at the MGI Tech Co., Ltd. (Riga, Latvia) using 666 
the STOmics Stereo-seq Transcriptomics T Kit (MGI). For each brain, five 10µm sections 667 
(Bregma: –1.7, -2.06, -2.7, -3.52 and -4.72) identical to the Visium cohort were collected and 668 
loaded onto the Stereo-seq Chip T-Slide according to manufacturer´s protocol. In short, after 669 
fixation of the tissue using ice-cold methanol, cell nuclei were stained using the ssDNA Qubit 670 
dye (Thermo Fisher) and imaged in 10x resolution in FITC channel. Subsequently, brain tissue 671 
was permeabilized for 12 min at 37°C, releasing mRNAs from the cells onto the Chip T-Slide. 672 
Reverse transcription of mRNAs was conducted for 3 hours at 42°C generating cDNA with 673 
sequence barcodes indicating their unique location on the T-Slide. Afterwards, the tissue was 674 
removed using tissue removal buffer for 10 min at 55°C and cDNA was collected from the chip 675 
o/n at 55°C. CDNA was then purified, amplified and size distribution was checked using High 676 
Sensitivity DNA Bioanalyser Kit (Agilent). Library Preparation was performed using Stereo-seq 677 
Library Preparation Kit (MGI) using 30ng of cDNA and 13 cycles of amplification following the 678 
manufacturer´s protocol. Final quality check of the size distribution of the library was performed 679 
using High Sensitivity DNA Bioanalyzer Kit. Libraries were sequenced on DNBSEQ-Tx 680 
sequencer (MGI). 681 
 682 
Small non-coding RNA profiling 683 
Total RNA was isolated from 5-10 10µm tissue sections using the miRNeasy Mini Kit (Qiagen, 684 
Hilden, Germany) according to the manufacturers protocol. RNA concentration and integrity 685 
was determined using Nanodrop (ThermoFisher Scientific, Waltham, MA, USA) and RNA 6000 686 
Nano Bioanalyzer Kit (Agilent, Santa Clara, CA, USA), respectively. 687 
Libraries for miRNA expression profiling were generated with the MGIEasy Small RNA Library 688 
Prep Kit (MGI Tech, Shenzhen, China) according to manufacturer’s recommendations with 689 
100ng totalRNA starting material. Sequencing was performed on an DNBSEQ-G400RS 690 
instrument by the Sequencing Unit of the Core Facility Molecular Single Cell and Particle 691 
Analysis of Saarland University using the 50bp single end sequencing strategy. 692 
 693 
Image and data preprocessing 694 
We stitched the image series from the Axio Imager KMAT brightfield microscope using the 695 
Zeiss ZEN software (v3.6) and cropped and rotated the resulting high-resolution TIFF files 696 
using Fiji. Individual sample images were color corrected where needed to match the other 697 
images. In the next step, we ran Spaceranger (v2.1) with the demultiplexed FASTQ files and 698 
the corresponding TIFF images. In brief, Spaceranger aligns the reads to a reference genome 699 
(refdata-gex-mm10-2020-A), detects tissue under spots and the fiducial frame in the image, to 700 
create a spot x UMI count matrix. For the infection cohort, we additionally built a custom 701 
Spaceranger reference genome combining mouse (GRCm39) and Plasmodium berghei -702 
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ANKA genome (PBANKA01). For two samples the alignment of the fiducial frame was 703 
manually corrected after the automatic detection had failed initially. 704 
 705 
In case of the STOmics Stereo-seq samples, images were obtained and stitched with the Zeiss 706 
Moticam Pro 500i. Combined QC and primary analysis of sequencing and image data was 707 
performed using the STOmics analysis workflow (SAW) v1.0 to obtain quantification matrices 708 
for the mouse genome (GRCm38). The SAW pipeline was also used to accumulate DNB spot 709 
gene expression counts into the specific area and cell binnings. 710 
 711 
Bioinformatics and quality control 712 
Based on the Spaceranger reports, we either excluded a sample completely from further 713 
analysis, or using the 10x Loupe browser tool (v6.5.0) manually selected small spot regions to 714 
exclude from downstream analysis where necessary (e.g. removing corners with uneven 715 
permeabilization), and further applied the following criteria-based spot filtering on each sample, 716 
to eventually obtain a high-quality data set. To this end, we inspected the variable distributions 717 
for the number of UMIs, the number of read counts, mitochondrial content, as well as spot 718 
complexity (=log10(Number of features) / log10(Number of counts)) for each tissue separately, 719 
and applied the following filtering criteria on the filtered spot count matrix from Spaceranger 720 
after loading into Seurat objects: (Maximum percentage of mitochondrial read content; 721 
Minimum number of UMIs; Maximum number of UMIs; Minimum number of detected features; 722 
Maximum number of detected features; Minimum spot complexity) 723 
Brain: (35; 500; 70,000; 300; 10,000; 0.75), Bulb: (35; 500; 70,000; 300; 10,000; 0.75), 724 
Heart: (60; 1000; 25,000; 300; 5000; 0.75), Kidney: (30; 1000; 50,000; 300; 8000; 0.75) 725 
Liver: (15; 1000; 40,000; 500; 8000; 0.75), Lung: (10; 1000; 30,000; 300; 8000; 0.75) 726 
Spleen: (10; 500; 35,000; 300; 8000; 0.75). 727 
 728 
We then rotated the images of the remaining samples to best match the desired orientation for 729 
each tissue. We then followed the default Seurat (v4.4) workflow to preprocess each sample 730 
by applying NormalizeData, FindVariableFeatures with variance stabilizing transformation for 731 
2000 features, followed by SCTransform (v1), regressing out the percentage of mitochondrial 732 
reads and subsetting to 3000 variable features. Subsequently, we performed RunPCA on the 733 
SCT assay, FindNeighbors on up to 30 PCs, FindClusters with leiden clustering followed by 734 
RunUMAP with up to 30 dimensions. Using the cleaned list of Visium samples, we created one 735 
Seurat object for each tissue using the SCT-based integration workflow as follows: set the 736 
default assay to SCT, run SelectIntegrationFeatures with 3000 features, then 737 
PrepSCTIntegration, and FindIntegrationAnchors followed by IntegrateData, each with “SCT” 738 
set as normalization method and up to 30 dimensions. Next, we performed the standard 739 
dimension reduction workflow consisting of RunPCA, RunUMAP, FindNeighbors, and 740 
FindClusters again with up to 30 dimensions and fixed random seeds. 741 
 742 
For the STOmics Stereo-seq samples, we first converted the outputs of the Stereo-Seq 743 
Analysis Workflow (SAW) pipeline96 (v1.0) into Seurat objects for both bin200 (200x200 744 
Stereo-seq spots) and cell bins. This was accomplished using the io.stereo_to_anndata 745 
function in the Stereopy package97 (v1.1.0), followed by applying the h5ad2rds.R script 746 
provided by BGI. Cell bins were obtained using image-based cell segmentation of the 747 
corresponding ssDNA-stained images. Filtering was performed using the following criteria: 748 
(Maximum percentage of mitochondrial read content; Minimum number of UMIs; Maximum 749 
number of UMIs; Minimum number of detected features; Maximum number of detected 750 
features; Minimum spot complexity) 751 
Brain (bin200): (35; 500; 100,000; 300; 10,000; 0.75), Brain (cell bin): (35; 100; 10,000; 100; 752 
3,000; 0.75). 753 
 754 
In line with the Visium 10x samples we applied a default Seurat preprocessing workflow for 755 
each sample. Using the cleaned list of STOmics Stereo-Seq samples, we performed the 756 
Harmony-based integration workflow as follows: set the default assay to SCT, run 757 
SelectIntegrationFeatures with 5000 features, merge the sample list into one Seurat sample, 758 
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run RunPCA with 50 components, run RunHarmony on SCT assay and the PCA reduction 759 
using Sample_ID and Age as latent variables, run JoinLayers on the RNA assay. Then, we 760 
performed the sample dimension reduction workflow as in the Visium samples with up to 50 761 
dimensions. 762 
 763 
Spot clustering annotation 764 
For the Visium aging cohort we employed tissue-specific clustering resolutions to match their 765 
individual complexity as follows: Brain1 0.8, Brain2 0.7, Brain3, 0.6, Brain4 0.5, Brain5 0.5, 766 
Heart 0.5, Kidney 0.5, Liver 0.2, Lung 0.5, and Spleen 0.6. For the Visium infection cohort, we 767 
set the clustering resolution for Brain to 1, Olfactory bulb to 0.6, Kidney to 0.5, Liver to 0.2 and 768 
Lung to 0.5, aiming to reproduce about the same number and type of gene expression clusters 769 
as for the aging cohort. In the next step, we computed the enriched cluster marker genes for 770 
each tissue object in a one vs. all approach by using FindAllMarkers on the normalized data 771 
slot of the spatial assay in combination with MAST98, setting the minimal percentage of positive 772 
cells to 0.1, requiring a minimal alpha to 0.01 and log fold-change of 0.1 for Heart, Kidney, 773 
Lung, Spleen as well as 0.25 for brain and using the sample identity of each spot as latent 774 
variable for gene regression. We then applied a hierarchical approach of annotating the 775 
clusters using the top-enriched genes, trying to resolve at best the most-enriched cell type, if 776 
possible, through the expression of clear marker genes, and annotating the spatial 777 
compartment based on histological knowledge and functional properties instead. We made 778 
combined use of transcriptomics literature on each organ, in particular single-cell and single-779 
nucleus reference data, reference atlases such as the Allen Mouse Brain atlas, as well as an 780 
in-depth analysis of the stained tissue slices, to manually annotate all clusters with a 781 
nomenclature used previously. Thereby, clusters having no distinctive but unclear markers but 782 
showed shared marker expression overall to other clusters, were merged together. 783 
 784 
For the STOmics Stereo-seq samples with bin 200 (200x200 DNB bins), we employed tissue-785 
specific clustering resolution aiming to approximately reproduce the number of clusters from 786 
the Visium 10x aging cohort at each bregma as follows: Brain1 3.2, Brain2 3, Brain3 3, Brain4 787 
2.5, Brain5 2.5. For stereo-seq samples with single-cell resolution we utilized a clustering 788 
resolution of 0.5 across all Bregmata. In the next step, we computed the enriched cluster 789 
marker genes for each tissue object in a one vs. all approach by using FindAllMarkers on the 790 
normalized data slot of the spatial assay in combination with MAST, setting the minimal 791 
percentage of positive cells to 0.1, requiring a minimal alpha of 0.01 and fold-change of 0.25 792 
for all samples and using the sample identity of each spot as latent variable for gene 793 
regression. This was accomplished equivalently for both bin200 and cell bins. For bin200, we 794 
performed annotation by first calculating the marker overlap of each cluster with every cluster 795 
from the corresponding Visium 10x samples. Here, we always considered the top 50 markers 796 
selected by lowest adjusted p-value. To annotate a cluster, we then identified Visium clusters 797 
with marker overlap and additionally took the anatomical location, via the Allen Mouse Brain 798 
Atlas of the corresponding spots, into account. In most cases, this allowed us to pinpoint one 799 
annotation for each cluster. In cases where multiple annotations we plausible, we split the 800 
clusters based on spatial location and anatomical information. Clusters annotated with the 801 
same label were merged together. For cell bins we aimed for a high-level cell type annotation 802 
matching the limited counts per cell of the stereo-seq cell segmentation. We utilized the current 803 
literature on single-cell and single-nucleus datasets as reference for our annotation together 804 
with the anatomical location of the clusters. Spot clusters with similar markers and anatomical 805 
location were then merged together. 806 
 807 
Differential gene expression analysis 808 
To compare the gene expression program of each tissue cluster between old and young mice 809 
as well as infected and control mice, we performed a DEG analysis using the FindMarkers 810 
function of Seurat in combination with MAST. Thereby, we used the normalized data slot of the 811 
spatial assay, requiring a minimal fold-change of 0.25, minimal percentage expressed of 0.1, 812 
as well as an alpha level of 0.01, while again using the sample identity of each spot as latent 813 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted September 17, 2025. ; https://doi.org/10.1101/2024.11.04.621811doi: bioRxiv preprint 

https://doi.org/10.1101/2024.11.04.621811
http://creativecommons.org/licenses/by-nc-nd/4.0/


 22 

variable for gene regression. A gene was considered as significantly dysregulated for an organ 814 
if it returned as significant in at least one of the spot clusters. 815 
 816 
Spatially variable gene analysis 817 
We applied SPARK-X99,100 (v1.1.1) to each Spaceranger-filtered and preprocessed but 818 
uncleaned sample matrix to detect the spatially variable genes in each tissue sample, 819 
independent of our clustering and annotation approach and thus to prevent any artifacts arising 820 
from our cleaning procedures. To this end, we used the SCT normalized counts as input to 821 
SPARK-X and selected the mixture projection kernel. We then only consider genes as spatially 822 
variable, if they are significant in the mtest slot to an alpha level of 0.01. For the comparison 823 
to the tissue cluster DEGs we further filtered the SVGs by keeping only those with the lowest 824 
15% of all adjusted p-values and which are then significant in more than 50% of all the samples 825 
in each tissue over all ages. 826 
 827 
Pseudobulk and spatial neighborhood expression analysis 828 
Expression analysis on the sample-level was performed using pseudobulk aggregation of 829 
normalized counts via the Seurat function AggregateExpression, either per experimental group 830 
or per spot cluster. Resulting count matrices were then scaled to zero mean and unit variance 831 
using the ScaleData function. Clustering of expression matrices was performed using 832 
hierarchical clustering with Euclidean distance metric. To perform a spot neighborhood 833 
expression analysis for parasite invasion hot spots in the infection cohort, we selected all spots 834 
with more than 0.5% of ANKA mapped reads, and pulled all up to six direct neighbors in the 835 
hexagonal spot array. We then compared the group of center spots against their neighbors 836 
using the Seurat FindMarkers function with a minimum log fold-change of 0.25, minimum 837 
percentage of expressed spots of 0.1, an alpha level of 0.05 as well as using Spot sample 838 
identity for latent variable regression. To analyze the combined expression of genes from the 839 
complement pathway via an activity score, we used the AddModuleScore function from Seurat 840 
with a fixed seed on the data slot of the spatial assay and all other parameters kept at default. 841 
 842 
Spatial neighborhood enrichment analysis 843 
To perform spatial neighborhood analysis on our Visium 10x samples, we first converted all 844 
Seurat objects to Squidpy101 (v1.4.1) AnnData objects. This was accomplished by first 845 
extracting gene expression matrix, spatial coordinates and required metadata from the Seurat 846 
object, subsequently loading them into Squidpy using the AnnData function. To process groups 847 
of samples together, we first manually shifted the spatial coordinates of each sample such that 848 
there is no spatial overlap between samples in the same dimensions. Based on those common 849 
coordinates, we first calculated the spatial connectivity matrix using the function 850 
gr.spatial_neighbours. To validate that there is no inter-sample connectivity we created spatial 851 
scatter plots using the pl.spatial_scatter function with connectivity key set to 852 
spatial_connectivities. Then, we used the Squidpy function gr.nhood_enrichment with mode 853 
zscore to calculate the neighborhood enrichment matrix for each group of samples. To 854 
compare between two groups (e.g. young vs. old), we computed the pointwise difference 855 
between their neighborhood enrichment matrices, providing us with a differential neighborhood 856 
enrichment matrix per contrast. 857 
 858 
Pathway enrichment analysis 859 
To perform gene set over-representation analysis on DEGs we used the Transcriptomics 860 
module of GeneTrail3102, with the target species set to Mus musculus, null hypothesis set to 861 
two-sided, and Benjamini-Hochberg FDR p-value correction at an alpha level of 0.05. We 862 
tested against Gene Ontology (Biological process, Cellular component, Molecular function), 863 
KEGG, Reactome, Wikipathway, and Pfam databases with all supported mouse genes as 864 
background normalization set. 865 
 866 
Analysis of small non-coding RNA sequencing data 867 
Raw reads were cut, cleaned, filtered and mapped against small non-coding RNA annotations 868 
using the end-to-end pipeline miRMaster2103. Genome-wide mature miRNA counts were 869 
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generated for each valid sample using the Mus musculus annotation of miRBase104 v22.1. 870 
Overall, three of 48 samples with unexpectedly low total read counts were removed from any 871 
further analysis. We then performed standard QC steps such as dimension reduction, sample 872 
and feature correlation and clustering analysis, count normalization as well as differential 873 
expression using our established pipeline in miRMaster2. Enrichment analysis was conducted 874 
using miEAA105 at default parameters and with all recommended category source databases 875 
enabled. 876 
 877 
Spatial metabolomics data generation 878 
A timsTOF flex MALDI-2 (Bruker Daltonics) operated in positive MALDI (Matrix-Assisted Laser 879 
Desorption/Ionization) mode with Post Ionization laser and enabled ion mobility separation was 880 
used for the data acquisition. The Imaging 20 µm Smart Beam laser intensity was set to 85%, 881 
creating one burst of 200 Shots with a frequency of 1000 Hz per pixel. Trigger delay for the 882 
Post Ionization laser was set to 5 µs and the used laser power for the post ionization laser was 883 
calculated automatically. A scan range of 50-1300 m/z was chosen. The offset of the MALDI 884 
plate was set to 50 V, deflection 1 delta to 70 V, Funnel 1 RF to 250 Vpp, Funnel 2 RF and the 885 
multipole RF to 200 Vpp. The collision cell energy was set to 10 eV and the collision RF to 886 
350 Vpp. The quadrupole low mass was set to 50 m/z with an ion energy of 5 eV. The transfer 887 
time for the pre TOF focus was set to 75 µs with a pre pulse storage of 5 µs. A mobility range 888 
given in 1/K0 was measured from 0.50 Vs cm-2 to 1.40 Vs cm-2 with a ramp time of 100 ms and 889 
an accumulation time of 193 ms. The duty cycle was set to 100% with a ramp rate of 5.02 Hz. 890 
Mass calibration was conducted with red phosphorus on the respective cluster formed with the 891 
MALDI laser and ion mobility calibration dimension was calibrated linearly using 4 selected 892 
ions from ESI Low Concentration Tuning Mix (Agilent Technologies, USA) [m/z, 1/k0: 893 
(322.048121, 0.7363 Vs cm-2), (622.028960, 0.9915 Vs cm-2), (922.0098, 0.9915 Vs cm-2)] in 894 
positive mode. The mobility values for the mobility calibration were taken from the CCS 895 
compendium. 896 
 897 
Sample preparation including the slicing is identical to the transcriptomics sample preparation, 898 
using an embedding in 2% CMC (Carboxymethylcellulose) solution (water) and matched 899 
samples from the other brain hemispheres. The slices were transferred immediately onto ITO 900 
(Indium Tin Oxide) coated glass slides after cutting, dried at room temperature and put in a 901 
desiccator for 24 h. Before matrix application the edges of every tissue were marked with a 902 
solvent resistant pen by making four crosses in a rectangular order onto the ITO-coated slide 903 
in 2 mm distant from the tissue border each. Each glass slides was scanned to obtain a picture 904 
showing the position of the tissue and the marked crosses on the glass slide (EPSON 905 
perfection V30). 15 mg/mL 2,5 - Dihydroxybenzoic acid (DHB), dissolved in a mixture of 906 
acetonitrile and water (90:10) spiked with 0.1% TFA (trifluoroacetic acid) was sprayed onto the 907 
tissue (HTX M5 sprayer). Fourteen passes of matrix were added with a velocity of 908 
1200 mm/min, a track spacing of 3 mm and a flow rate of 0.125 mL/min. The nozzle height 909 
was set to 40 mm and a temperature to 60°C while the nitrogen gas flow was set to 2 L/min 910 
and a pressure of 10 psi. 911 
 912 
Spatial metabolomics analysis 913 
The automatic MALDI imaging runs were set up using fleximaging 7.6 (Bruker Daltonics) and 914 
the timsTOF flex MALDI-2 was operated with timscontrol 6.16. Raw data files were then 915 
processed together with mzmine106 v4.3.0 using batch mode and the following processing 916 
steps in order: 1) “Import MS data”, 2) “Mass detection”, 3) “Image builder”, 4) “Ims expander”, 917 
5) “Smoothing”, 6) “Isotopic peaks finder”, 7) “Image co-localization”, 8) “Join aligner”, 9) 918 
“Feature list rows filter”, 10) “Local compound database search”, 11) “Export CSV”, 12) “Raw 919 
data export”. The resulting mass feature peak list was analyzed with MetaboAnalyst6.0107 and 920 
individual feature ion images were generated using the Bruker SCiLS lab software. 921 
MetaboAnalyst was configured to remove features with low variance using the interquartile 922 
range filter set to 40% and to remove features with low abundance using the mean intensity 923 
filter set to 40%. Peak intensities were then normalized using quantile normalization, log 924 
scaling and mean centering. 925 
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 926 
Statistics and reproducibility 927 
All scripts were executed in a reproducible environment using a custom Snakemake v7.32.4 928 
workflow with dedicated conda environments, fixing each utilized R and python package to a 929 
particular version: R v4.3.2, python v3.12, numpy v1.26.4, pandas v2.2.1, tidyverse v.2.0.0, 930 
patchwork v1.2.0, umap v0.2.10.0, pals v1.8, colorspace v2.1_0, ggrepel v.0.9.5, 931 
complexupset v1.3.3, bioconductor-complexheatmap v.2.18.0, readxl v1.4.3, openxlsx 932 
v4.2.5.2, future v1.33.0, pbapply v1.7_2, bioconductor-mast v1.28.0, seurat v4.4.0, 933 
seuratobject v4.1.4, seurat-disk v0.0.0.9021, matrix v1.6_1.1, sctransform v0.4.1, 934 
bioconductor-glmgampoi v1.14.0, hdf5r v1.3.10, python leidenalg v0.10.2, leidenalg v1.1.3, 935 
reticulate v1.34.0, python-igraph v0.11.4, umap-learn v0.5.5, devtools v2.4.5, remotes v2.4.2, 936 
yaml v2.3.8, doparallel v1.0.17, data.table v 1.15.2, ggVennDiagram v1.5.2, viridis v0.6.5, 937 
ggdendro v0.2.0, fmsb v0.7.6, Stereopy (v1.1.0), SPARK-X (v1.1.1), and Squidpy (v1.4.1). 938 
Statistical tests were performed two-tailed if not stated otherwise. Raw p-values were adjusted 939 
for multiple testing bias to an alpha level of 0.05 using either the Bonferroni (DEG analysis) or 940 
Benjamini-Hochberg FDR (pathway analysis) correction method. Trend curves were obtained 941 
through Local Polynomial Regression Fitting (loess) of 𝑦 ~ 𝑙𝑜𝑔(𝑥) with a span of 0.75, two 942 
degrees of freedom and a standard error confidence interval of 0.95. 943 
 944 
Data availability 945 
The sequencing datasets and images generated throughout this study are available in the 946 
NCBI Sequence Read Archive (SRA) via accession-ID PRJNA1163328 (reviewer link: 947 
https://dataview.ncbi.nlm.nih.gov/object/PRJNA1163328?reviewer=43g3vvl2a3s5o0nnrksc23948 
pu9) as well as Gene Expression Omnibus (GEO) via accession-ID GSE283283 (reviewer 949 
password: ybkzqyygdjatvad). Preprocessed Seurat R objects will also be made available upon 950 
request. 951 
 952 
Code availability 953 
Custom scripts used to produce the results of this study are available from the corresponding 954 
authors upon request. 955 
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Extended Data Figures 1017 
 1018 
Extended Data Figure 1: Aging peripheral organ samples quality control. 1019 
 1020 
a-e, Distribution of percentage of mitochondrial reads (top left), total number of UMIs (top 1021 
right), number of detected gene features (bottom left) and spot complexity (bottom right), per 1022 
cleaned high-quality sample and experimental group, for heart (a), kidney (b), liver (c), lung 1023 
(d), and spleen (e).  1024 
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Extended Data Figure 2: Aging brain samples quality control. 1025 
 1026 
a-e, Distribution of percentage of mitochondrial reads (top left), total number of UMIs (top 1027 
right), number of detected gene features (bottom left) and spot complexity (bottom right), per 1028 
cleaned high-quality sample and experimental group, for brain1 (a), brain2 (b), brain3 (c), 1029 
brain4 (d), and brain5 (e).  1030 
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Extended Data Figure 3: Integrated annotations and DEG analysis for the aging 1031 
peripheral organs. 1032 
 1033 
a-e, H&E-stained image slices (left) ordered by age (top row: young, middle row: middle, 1034 
bottom row: old) with annotated spot clusters overlaid for all high-quality samples from heart 1035 
(a), kidney (b), liver (c), lung (d), and spleen (e). Pie charts (right) showing the proportion of 1036 
spot clusters per age group. 1037 
 1038 
f-j, Volcano plots of aging DEGs (old vs. young) colored by spot cluster for heart (f), kidney 1039 
(g), liver (h), lung (i), and spleen (j).  1040 
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Extended Data Figure 4: SVG analysis and neighborhood enrichments for aging 1041 
peripheral organs. 1042 
 1043 
a, Bar plots showing the number of significant SVGs (y-axis) by the minimum number of 1044 
replicate samples (x-axis) per age group and peripheral organ as determined with SPARK-X. 1045 
 1046 
b, Histogram showing the adjusted and -log10 scaled p-value distribution by age and 1047 
peripheral organ for all significant spatially variables genes determined with SPARK-X. 1048 
 1049 
c, Venn diagram comparing the significant aging DEGs (old vs. young) and significant SVGs 1050 
per peripheral organ. 1051 
 1052 
d-g, Like in Fig. 1j but for kidney (d), liver (e), lung (f), and spleen (g).  1053 
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Extended Data Figure 5: Integrated annotations and DEG analysis for the aging brain 1054 
slices. 1055 
 1056 
a-e, As in Extended Data Fig. 3a-e but for the aging brain slices. 1057 
 1058 
f-j, As in Extended Data Fig. 3f-j but for the aging brain samples.  1059 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted September 17, 2025. ; https://doi.org/10.1101/2024.11.04.621811doi: bioRxiv preprint 

https://doi.org/10.1101/2024.11.04.621811
http://creativecommons.org/licenses/by-nc-nd/4.0/


.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted September 17, 2025. ; https://doi.org/10.1101/2024.11.04.621811doi: bioRxiv preprint 

https://doi.org/10.1101/2024.11.04.621811
http://creativecommons.org/licenses/by-nc-nd/4.0/


 31 

Extended Data Figure 6: SVG analysis for aging brain slices. 1060 
 1061 
a, As in Extended Data Fig. 4a but for the aging brain samples. 1062 
 1063 
b, As in Extended Data Fig. 4b but for the aging brain samples. 1064 
 1065 
c, As in Extended Data Fig. 4c but for the aging brain samples.  1066 
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Extended Data Figure 7: Quality control and annotations for STOmics aging brain 1067 
slices. 1068 
 1069 
a, Illustration of the five different brain bregma used for STOmics Stereo-seq in accordance 1070 
with the Visium data set. Representative H&E stains are shown for each Bregma. Since 1071 
Stereo-seq does not support H&E stains directly from the sequenced tissue slices, an 1072 
adjacent (directly before or after) tissue slice was prepared and stained before running the 1073 
spatial transcriptomics experiments. 1074 
 1075 
b, From left to right and per brain bregma (top to bottom): integrated UMAP representation of 1076 
all cleaned Stereo-seq spot clusters using the bin200 resolution, pie charts and per replicate 1077 
spatial projections of the final annotated spot clusters. Cluster names and colors were 1078 
assigned in accordance with the Visium data set (cf. Methods). 1079 
 1080 
c, Distribution of four main quality control features across the cleaned spots and per Stereo-1081 
seq brain replicate at bin200 resolution.  1082 
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Extended Data Figure 8: Spatial metabolomics of the aging brain. 1083 
 1084 
a, MS peak area intensities before and after normalization displayed by feature. 1085 
 1086 
b, MS peak area intensities before and after normalization displayed by sample. 1087 
 1088 
c, Two-dimensional principal component matrix for the first five dimensions from a PCA of 1089 
peak areas after normalization. Point shape and color correspond to a sample age group. 1090 
 1091 
d, Volcano plot with raw unpaired t-test p-values against log fold-changes comparing spatial 1092 
metabolomics peak features for old (N=4) versus young (N=4) mouse brains. Points are 1093 
colored according to fold-change. 1094 
 1095 
e, Experimentally measured and computationally integrated peak intensities of N-Acetyl-L-1096 
aspartic Acid (~ 176.0576 m/z) in the spatial domain of twelve brain hemispheres from the 1097 
aging cohort. 1098 
 1099 
e, Peak intensities for N-Acetylaspartic acid across mouse brain regions and four age groups 1100 
as reported by Ding et al22.  1101 
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Extended Data Figure 9: Quality control for organ samples of the infection cohort. 1102 
 1103 
a-e, Like in Extended Data Fig. 1a-e but for all organs from the infection cohort.  1104 
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Extended Data Figure 10: Integrated organ annotations and DEG analysis for the 1105 
infection cohort. 1106 
 1107 
a-e, As in Extended Data Fig. 3a-e but for all the organs from the infection cohort, split by 1108 
experimental group. 1109 
 1110 
f, Like in Fig. 1g, but for all tissue-cluster DEGs from the infection cohort. 1111 
 1112 
g-k, As in Extended Data Fig. 3f-j but for all the organs from the infection cohort, comparing 1113 
day6 post-infection against healthy controls.  1114 
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Extended Data Figure 11: SVG analysis and neighborhood enrichments for the 1115 
infection cohort. 1116 
 1117 
a, As in Extended Data Fig. 4a but for all the infection cohort organs, split by experimental 1118 
group. 1119 
 1120 
b, As in Extended Data Fig. 4b but for all the infection cohort organs, split by experimental 1121 
group. 1122 
 1123 
c, As in Extended Data Fig. 4c but for all the infection cohort organs, comparing SVGs 1124 
against day6 post-infection vs. healthy control DEGs. 1125 
 1126 
d-f, Like in Fig. 1j but for kidney (d), liver (e), and lung (f) from the infection cohort.  1127 
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Extended Data Figure 12: ANKA genome read detection analysis for the infection 1128 
cohort. 1129 
 1130 
a, Heatmap showing the scaled pseudobulk expression by brain sample and experimental 1131 
group of the top 50 most variable genes from the P. berghei (ANKA) genome. 1132 
 1133 
b, Distribution of the percentage of ANKA-related read counts per spot across all annotated 1134 
spot clusters of the brain and split by experimental group. 1135 
 1136 
c, d, As in (a,b) but for olfactory bulb. 1137 
 1138 
e, f, As in (a,b) but for kidney. 1139 
 1140 
g, h, As in (a,b) but for liver. 1141 
 1142 
i, j, As in (a,b) but for lung.  1143 
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Extended Data Figure 13: MicroRNA expression analysis for the infection cohort. 1144 
 1145 
a, Small non-coding RNA sequencing samples from the infection cohort projected onto the 1146 
first two principal components of a PCA using the normalized miRNA expression. Each 1147 
biological sample is a dot colored by tissue of origin. Values at axis labels describe the 1148 
percentage of variance explained for each component. 1149 
 1150 
b, Results of the Principal Variance Component Analysis (PVCA) for the normalized miRNA 1151 
expression from the infection cohort. Each bar shows the total percentage of explainable 1152 
variance for a single covariate or a linear combination of such. The category ‘residual’ means 1153 
the total variance left unexplained by all other variables. 1154 
 1155 
c, Heatmap of z-scores for the 542 miRNAs robustly detected in at least one organ for the 1156 
infection cohort. The order of rows (miRNAs) and columns (samples) were determined using 1157 
hierarchical clustering. 1158 
 1159 
d, Heatmap of sample-to-sample spearman correlation analysis. The order of rows (miRNAs) 1160 
and columns (samples) were determined using hierarchical clustering. 1161 
 1162 
e-i, Volcano plots for miRNA differential expression statistics of brain, bulb, kidney, liver, and 1163 
lung samples, comparing infected samples against controls.  1164 
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Extended Data Figure 14: Validation of C4b and Serpina3n upregulation in the aging 1165 
mouse brain. 1166 
 1167 
a, Combined analysis of C4b and Serpina3n by per-spot multiplication of normalized 1168 
expression values across four groups of samples (young, old, control, infected). Shown are 1169 
the combined expression values for Astrocyte assigned spots from the cell binning resolved 1170 
brain1 Stereo-seq samples (left), and the Astrocyte marker enriched spots from the aging 1171 
(middle) and malaria disease (right) mouse brain Visium samples. 1172 
 1173 
b, As in (a) but for the Oligodendrocyte assigned spots (Stereo-seq) and Oligodendrocyte 1174 
marker enriched spots (Visium). 1175 
 1176 
c, Normalized protein expression intensities of C4b and Serpina3n in young (3 month), adult 1177 
middle aged (15 month), and old (24 month) mouse brain cortex (left) and hippocampus 1178 
(right), as originally obtained by Tsumagari et al28.  1179 
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Extended Data Figure 15: Summarized findings on complement and protease inhibitor 1180 
activation. 1181 
 1182 
Members of the Serine protease inhibitor family regulate the expression of the classical and 1183 
lectin complement pathways by interacting with individual proteases. We found a wide-spread 1184 
and strong upregulation of these genes in the aging and malaria diseased mouse within 1185 
different spatial compartments of several peripheral organs and the central nervous system 1186 
(e.g. white matter tract), a gene signature which can also be traced down to individual cell 1187 
types.  1188 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted September 17, 2025. ; https://doi.org/10.1101/2024.11.04.621811doi: bioRxiv preprint 

https://doi.org/10.1101/2024.11.04.621811
http://creativecommons.org/licenses/by-nc-nd/4.0/


.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted September 17, 2025. ; https://doi.org/10.1101/2024.11.04.621811doi: bioRxiv preprint 

https://doi.org/10.1101/2024.11.04.621811
http://creativecommons.org/licenses/by-nc-nd/4.0/


 41 

References 1189 
 1190 

1 Tian, Y. E. et al. Heterogeneous aging across multiple organ systems and prediction of chronic 1191 
disease and mortality. Nature Medicine 29, 1221–1231 (2023). https://doi.org/10.1038/s41591-1192 
023-02296-6 1193 

2 Schaum, N. et al. Ageing hallmarks exhibit organ-specific temporal signatures. Nature 583, 1194 
596–602 (2020). https://doi.org/10.1038/s41586-020-2499-y 1195 

3 Almanzar, N. et al. A single-cell transcriptomic atlas characterizes ageing tissues in the mouse. 1196 
Nature 583, 590–595 (2020). https://doi.org/10.1038/s41586-020-2496-1 1197 

4 Wagner, V. et al. Characterizing expression changes in noncoding RNAs during aging and 1198 
heterochronic parabiosis across mouse tissues. Nature Biotechnology (2023). 1199 
https://doi.org/10.1038/s41587-023-01751-6 1200 

5 Kimmel, J. C. et al. Murine single-cell RNA-seq reveals cell-identity- and tissue-specific 1201 
trajectories of aging. Genome Research 29, 2088–2103 (2019). 1202 
https://doi.org/10.1101/gr.253880.119 1203 

6 Hajdarovic, K. H. et al. Single-cell analysis of the aging female mouse hypothalamus. Nature 1204 
Aging 2, 662–678 (2022). https://doi.org/10.1038/s43587-022-00246-4 1205 

7 Allen, W. E., Blosser, T. R., Sullivan, Z. A., Dulac, C. & Zhuang, X. Molecular and spatial 1206 
signatures of mouse brain aging at single-cell resolution. Cell 186, 194–208.e118 (2023). 1207 
https://doi.org/10.1016/j.cell.2022.12.010 1208 

8 Jeffries, A. M. et al. Single-cell transcriptomic and genomic changes in the aging human brain. 1209 
bioRxiv, 2023.2011.2007.566050 (2023). https://doi.org/10.1101/2023.11.07.566050 1210 

9 Hahn, O. et al. Atlas of the aging mouse brain reveals white matter as vulnerable foci. Cell 186, 1211 
4117–4133.e4122 (2023). https://doi.org/10.1016/j.cell.2023.07.027 1212 

10 Williams, C. G., Lee, H. J., Asatsuma, T., Vento-Tormo, R. & Haque, A. An introduction to spatial 1213 
transcriptomics for biomedical research. Genome Medicine 14, 68 (2022). 1214 
https://doi.org/10.1186/s13073-022-01075-1 1215 

11 Vandereyken, K., Sifrim, A., Thienpont, B. & Voet, T. Methods and applications for single-cell 1216 
and spatial multi-omics. Nature Reviews Genetics 24, 494–515 (2023). 1217 
https://doi.org/10.1038/s41576-023-00580-2 1218 

12 Ogrodnik, M. et al. Whole-body senescent cell clearance alleviates age-related brain 1219 
inflammation and cognitive impairment in mice. Aging Cell 20, e13296 (2021). 1220 
https://doi.org/10.1111/acel.13296 1221 

13 Yang, A. C. et al. Dysregulation of brain and choroid plexus cell types in severe COVID-19. 1222 
Nature 595, 565–571 (2021). https://doi.org/10.1038/s41586-021-03710-0 1223 

14 Dourado, M., Cavalcanti, F., Vilar, L. & Cantilino, A. Relationship between Prolactin, Chronic 1224 
Kidney Disease, and Cardiovascular Risk. International Journal of Endocrinology 2020, 1225 
9524839 (2020). https://doi.org/10.1155/2020/9524839 1226 

15 Chen, A. et al. Spatiotemporal transcriptomic atlas of mouse organogenesis using DNA 1227 
nanoball-patterned arrays. Cell 185, 1777–1792.e1721 (2022). 1228 
https://doi.org/10.1016/j.cell.2022.04.003 1229 

16 Marschallinger, J. et al. Lipid-droplet-accumulating microglia represent a dysfunctional and 1230 
proinflammatory state in the aging brain. Nature Neuroscience 23, 194–208 (2020). 1231 
https://doi.org/10.1038/s41593-019-0566-1 1232 

17 Shi, S. M. et al. Glycocalyx dysregulation impairs blood–brain barrier in ageing and disease. 1233 
Nature 639, 985–994 (2025). https://doi.org/10.1038/s41586-025-08589-9 1234 

18 Pietzner, M. et al. Comprehensive metabolic profiling of chronic low-grade inflammation among 1235 
generally healthy individuals. BMC Medicine 15, 210 (2017). https://doi.org/10.1186/s12916-1236 
017-0974-6 1237 

19 Vallianatou, T. et al. Applying Spatial Metabolomics To Investigate Age- and Drug-Induced 1238 
Neurochemical Changes. ACS Chemical Neuroscience 15, 2822–2829 (2024). 1239 
https://doi.org/10.1021/acschemneuro.4c00199 1240 

20 Clarke, H. A. et al. Spatial mapping of the brain metabolome lipidome and glycome. Nature 1241 
Communications 16, 4373 (2025). https://doi.org/10.1038/s41467-025-59487-7 1242 

21 Kim, S. et al. PubChem 2025 update. Nucleic Acids Research 53, D1516–D1525 (2025). 1243 
https://doi.org/10.1093/nar/gkae1059 1244 

22 Ding, J. et al. A metabolome atlas of the aging mouse brain. Nature Communications 12, 6021 1245 
(2021). https://doi.org/10.1038/s41467-021-26310-y 1246 

23 Cao, X. et al. Accelerated biological aging in COVID-19 patients. Nature Communications 13, 1247 
2135 (2022). https://doi.org/10.1038/s41467-022-29801-8 1248 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted September 17, 2025. ; https://doi.org/10.1101/2024.11.04.621811doi: bioRxiv preprint 

https://doi.org/10.1101/2024.11.04.621811
http://creativecommons.org/licenses/by-nc-nd/4.0/


 42 

24 Lord, J. M. et al. Accelerated immune ageing is associated with COVID-19 disease severity. 1249 
Immunity & Ageing 21, 6 (2024). https://doi.org/10.1186/s12979-023-00406-z 1250 

25 Bobak, C. A. et al. Increased DNA methylation, cellular senescence and premature epigenetic 1251 
aging in guinea pigs and humans with tuberculosis. Aging 14, 2174–2193 (2022). 1252 
https://doi.org/10.18632/aging.203936 1253 

26 Rénia, L. & Howland, S. W. Targeting the olfactory bulb during experimental cerebral malaria. 1254 
Trends in Parasitology 30, 375–376 (2014). https://doi.org/10.1016/j.pt.2014.05.002 1255 

27 Szklarczyk, D. et al. The STRING database in 2023: protein–protein association networks and 1256 
functional enrichment analyses for any sequenced genome of interest. Nucleic Acids Research 1257 
51, D638–D646 (2022). https://doi.org/10.1093/nar/gkac1000 1258 

28 Tsumagari, K., Sato, Y., Aoyagi, H., Okano, H. & Kuromitsu, J. Proteomic characterization of 1259 
aging-driven changes in the mouse brain by co-expression network analysis. Scientific Reports 1260 
13, 18191 (2023). https://doi.org/10.1038/s41598-023-45570-w 1261 

29 Yao, Z. et al. A high-resolution transcriptomic and spatial atlas of cell types in the whole mouse 1262 
brain. Nature 624, 317–332 (2023). https://doi.org/10.1038/s41586-023-06812-z 1263 

30 Langlieb, J. et al. The molecular cytoarchitecture of the adult mouse brain. Nature 624, 333–1264 
342 (2023). https://doi.org/10.1038/s41586-023-06818-7 1265 

31 Shi, H. et al. Spatial atlas of the mouse central nervous system at molecular resolution. Nature 1266 
622, 552–561 (2023). https://doi.org/10.1038/s41586-023-06569-5 1267 

32 Ortiz, C. et al. Molecular atlas of the adult mouse brain. Science Advances 6, eabb3446 (2020). 1268 
https://doi.org/10.1126/sciadv.abb3446 1269 

33 Chen, A. et al. Single-cell spatial transcriptome reveals cell-type organization in the macaque 1270 
cortex. Cell 186, 3726–3743.e3724 (2023). https://doi.org/10.1016/j.cell.2023.06.009 1271 

34 Wang, I. H. et al. Spatial transcriptomic reconstruction of the mouse olfactory glomerular map 1272 
suggests principles of odor processing. Nature Neuroscience 25, 484–492 (2022). 1273 
https://doi.org/10.1038/s41593-022-01030-8 1274 

35 Navarro, J. F. et al. Spatial Transcriptomics Reveals Genes Associated with Dysregulated 1275 
Mitochondrial Functions and Stress Signaling in Alzheimer Disease. iScience 23 (2020). 1276 
https://doi.org/10.1016/j.isci.2020.101556 1277 

36 Grisanti Canozo, F. J., Zuo, Z., Martin, J. F. & Samee, M. A. H. Cell-type modeling in spatial 1278 
transcriptomics data elucidates spatially variable colocalization and communication between 1279 
cell-types in mouse brain. Cell Systems 13, 58–70.e55 (2022). 1280 
https://doi.org/10.1016/j.cels.2021.09.004 1281 

37 Jung, S.-H. et al. Spatiotemporal dynamics of macrophage heterogeneity and a potential 1282 
function of Trem2hi macrophages in infarcted hearts. Nature Communications 13, 4580 (2022). 1283 
https://doi.org/10.1038/s41467-022-32284-2 1284 

38 Kanemaru, K. et al. Spatially resolved multiomics of human cardiac niches. Nature 619, 801–1285 
810 (2023). https://doi.org/10.1038/s41586-023-06311-1 1286 

39 Mantri, M. et al. Spatiotemporal transcriptomics reveals pathogenesis of viral myocarditis. 1287 
Nature Cardiovascular Research 1, 946–960 (2022). https://doi.org/10.1038/s44161-022-1288 
00138-1 1289 

40 Yamada, S. et al. Spatiotemporal transcriptome analysis reveals critical roles for mechano-1290 
sensing genes at the border zone in remodeling after myocardial infarction. Nature 1291 
Cardiovascular Research 1, 1072–1083 (2022). https://doi.org/10.1038/s44161-022-00140-7 1292 

41 Litviňuková, M. et al. Cells of the adult human heart. Nature 588, 466–472 (2020). 1293 
https://doi.org/10.1038/s41586-020-2797-4 1294 

42 Feng, W. et al. Single-cell transcriptomic analysis identifies murine heart molecular features at 1295 
embryonic and neonatal stages. Nature Communications 13, 7960 (2022). 1296 
https://doi.org/10.1038/s41467-022-35691-7 1297 

43 Kuppe, C. et al. Spatial multi-omic map of human myocardial infarction. Nature 608, 766–777 1298 
(2022). https://doi.org/10.1038/s41586-022-05060-x 1299 

44 Ko, T. et al. Cardiac fibroblasts regulate the development of heart failure via Htra3-TGF-β-1300 
IGFBP7 axis. Nature Communications 13, 3275 (2022). https://doi.org/10.1038/s41467-022-1301 
30630-y 1302 

45 Walls, G. M. et al. Spatial Gene Expression Changes in the Mouse Heart After Base-Targeted 1303 
Irradiation. International Journal of Radiation Oncology*Biology*Physics 115, 453–463 (2023). 1304 
https://doi.org/10.1016/j.ijrobp.2022.08.031 1305 

46 Farah, E. N. et al. Spatially organized cellular communities form the developing human heart. 1306 
Nature 627, 854–864 (2024). https://doi.org/10.1038/s41586-024-07171-z 1307 

47 Lake, B. B. et al. An atlas of healthy and injured cell states and niches in the human kidney. 1308 
Nature 619, 585–594 (2023). https://doi.org/10.1038/s41586-023-05769-3 1309 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted September 17, 2025. ; https://doi.org/10.1101/2024.11.04.621811doi: bioRxiv preprint 

https://doi.org/10.1101/2024.11.04.621811
http://creativecommons.org/licenses/by-nc-nd/4.0/


 43 

48 Abedini, A. et al. Spatially resolved human kidney multi-omics single cell atlas highlights the key 1310 
role of the fibrotic microenvironment in kidney disease progression. bioRxiv, 1311 
2022.2010.2024.513598 (2024). https://doi.org/10.1101/2022.10.24.513598 1312 

49 Raghubar, A. M. et al. Spatially Resolved Transcriptomes of Mammalian Kidneys Illustrate the 1313 
Molecular Complexity and Interactions of Functional Nephron Segments. Frontiers in Medicine 1314 
9 (2022). https://doi.org/10.3389/fmed.2022.873923 1315 

50 Ferreira, R. M. et al. Integration of spatial and single-cell transcriptomics localizes epithelial cell–1316 
immune cross-talk in kidney injury. JCI Insight 6 (2021). 1317 
https://doi.org/10.1172/jci.insight.147703 1318 

51 Hansen, J. et al. A reference tissue atlas for the human kidney. Science Advances 8, eabn4965 1319 
(2022). https://doi.org/10.1126/sciadv.abn4965 1320 

52 Hildebrandt, F. et al. Spatial Transcriptomics to define transcriptional patterns of zonation and 1321 
structural components in the mouse liver. Nature Communications 12, 7046 (2021). 1322 
https://doi.org/10.1038/s41467-021-27354-w 1323 

53 Zhao, R. et al. Single-cell and spatiotemporal transcriptomic analyses reveal the effects of 1324 
microorganisms on immunity and metabolism in the mouse liver. Computational and Structural 1325 
Biotechnology Journal 21, 3466–3477 (2023). https://doi.org/10.1016/j.csbj.2023.06.020 1326 

54 Ding, X. et al. Spatial Transcriptomics Sequencing of Mouse Liver at 2µm Resolution Using a 1327 
Novel Spatial DNA Chip. bioRxiv, 2024.2001.2008.574734 (2024). 1328 
https://doi.org/10.1101/2024.01.08.574734 1329 

55 Kasmani, M. Y. et al. A spatial sequencing atlas of age-induced changes in the lung during 1330 
influenza infection. Nature Communications 14, 6597 (2023). https://doi.org/10.1038/s41467-1331 
023-42021-y 1332 

56 Rendeiro, A. F. et al. The spatial landscape of lung pathology during COVID-19 progression. 1333 
Nature 593, 564–569 (2021). https://doi.org/10.1038/s41586-021-03475-6 1334 

57 Franzén, L. et al. Mapping spatially resolved transcriptomes in human and mouse pulmonary 1335 
fibrosis. Nature Genetics 56, 1725–1736 (2024). https://doi.org/10.1038/s41588-024-01819-2 1336 

58 Jiang, Y. et al. Spatial Transcriptome Uncovers the Mouse Lung Architectures and Functions. 1337 
Frontiers in Genetics 13 (2022). https://doi.org/10.3389/fgene.2022.858808 1338 

59 Madissoon, E. et al. A spatial multi-omics atlas of the human lung reveals a novel immune cell 1339 
survival niche. bioRxiv, 2021.2011.2026.470108 (2021). 1340 
https://doi.org/10.1101/2021.11.26.470108 1341 

60 Cardenas-Diaz, F. L. et al. Temporal and spatial staging of lung alveolar regeneration is 1342 
determined by the grainyhead transcription factor Tfcp2l1. Cell Reports 42, 112451 (2023). 1343 
https://doi.org/10.1016/j.celrep.2023.112451 1344 

61 Xu, Z. et al. Integrative analysis of spatial transcriptome with single-cell transcriptome and 1345 
single-cell epigenome in mouse lungs after immunization. iScience 25, 104900 (2022). 1346 
https://doi.org/10.1016/j.isci.2022.104900 1347 

62 Cerapio, J. P. et al. Integrated spatial and multimodal single-cell transcriptomics reveal patient-1348 
dependent cell heterogeneity in splenic marginal zone lymphoma. The Journal of Pathology 1349 
263, 442–453 (2024). https://doi.org/10.1002/path.6296 1350 

63 Topchyan, P. et al. Spatial transcriptomics demonstrates the role of CD4 T cells in effector CD8 1351 
T cell differentiation during chronic viral infection. Cell Reports 41, 111736 (2022). 1352 
https://doi.org/10.1016/j.celrep.2022.111736 1353 

64 Zhang, Y. et al. Microbiota-mediated shaping of mouse spleen structure and immune function 1354 
characterized by scRNA-seq and Stereo-seq. Journal of Genetics and Genomics 50, 688–701 1355 
(2023). https://doi.org/10.1016/j.jgg.2023.04.012 1356 

65 Williams, C. G. et al. Plasmodium infection induces phenotypic, clonal, and spatial diversity 1357 
among differentiating CD4+ T cells. Cell Reports 43, 114317 (2024). 1358 
https://doi.org/10.1016/j.celrep.2024.114317 1359 

66 Schäbitz, A. et al. Spatial transcriptomics landscape of lesions from non-communicable 1360 
inflammatory skin diseases. Nature Communications 13, 7729 (2022). 1361 
https://doi.org/10.1038/s41467-022-35319-w 1362 

67 Lähnemann, D. et al. Eleven grand challenges in single-cell data science. Genome Biology 21, 1363 
31 (2020). https://doi.org/10.1186/s13059-020-1926-6 1364 

68 Sziraki, A. et al. A global view of aging and Alzheimer’s pathogenesis-associated cell population 1365 
dynamics and molecular signatures in human and mouse brains. Nature Genetics 55, 2104–1366 
2116 (2023). https://doi.org/10.1038/s41588-023-01572-y 1367 

69 Lee, H.-G., Lee, J.-H., Flausino, L. E. & Quintana, F. J. Neuroinflammation: An astrocyte 1368 
perspective. Science Translational Medicine 15, eadi7828 (2023). 1369 
https://doi.org/10.1126/scitranslmed.adi7828 1370 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted September 17, 2025. ; https://doi.org/10.1101/2024.11.04.621811doi: bioRxiv preprint 

https://doi.org/10.1101/2024.11.04.621811
http://creativecommons.org/licenses/by-nc-nd/4.0/


 44 

70 Barth, E. et al. Age-dependent expression changes of circadian system-related genes reveal a 1371 
potentially conserved link to aging. Aging 13, 25694–25716  1372 
https://doi.org/10.18632/aging.203788 1373 

71 Fu, S. et al. Centenarian longevity is positively correlated with IgE levels but negatively 1374 
correlated with C3/C4 levels, abdominal obesity and metabolic syndrome. Cellular & Molecular 1375 
Immunology 17, 1196–1197 (2020). https://doi.org/10.1038/s41423-020-0386-y 1376 

72 Rai, M., Curley, M., Coleman, Z. & Demontis, F. Contribution of proteases to the hallmarks of 1377 
aging and to age-related neurodegeneration. Aging Cell 21, e13603 (2022). 1378 
https://doi.org/10.1111/acel.13603 1379 

73 Dunkelberger, J. R. & Song, W.-C. Complement and its role in innate and adaptive immune 1380 
responses. Cell Research 20, 34–50 (2010). https://doi.org/10.1038/cr.2009.139 1381 

74 Aulak, K. S., Davis III, A. E., Donaldson, V. H. & Harrison, R. A. Chymotrypsin inhibitory activity 1382 
of normal C1-inhibitor and a P1 Arg to His mutant: Evidence for the presence of overlapping 1383 
reactive centers. Protein Science 2, 727–732 (1993). https://doi.org/10.1002/pro.5560020504 1384 

75 Duranton, J., Boudier, C., Belorgey, D., Mellet, P. & Bieth, J. G. DNA Strongly Impairs the 1385 
Inhibition of Cathepsin G by α1-Antichymotrypsin and α1-Proteinase Inhibitor*. Journal of 1386 
Biological Chemistry 275, 3787–3792 (2000). https://doi.org/10.1074/jbc.275.6.3787 1387 

76 Santamaria, M. et al. Nuclear α1-Antichymotrypsin Promotes Chromatin Condensation and 1388 
Inhibits Proliferation of Human Hepatocellular Carcinoma Cells. Gastroenterology 144, 818–1389 
828.e814 (2013). https://doi.org/10.1053/j.gastro.2012.12.029 1390 

77 Krishnarajah, S. et al. Single-cell profiling of immune system alterations in lymphoid, barrier and 1391 
solid tissues in aged mice. Nature Aging 2, 74–89 (2022). https://doi.org/10.1038/s43587-021-1392 
00148-x 1393 

78 Vicuña, L. et al. The serine protease inhibitor SerpinA3N attenuates neuropathic pain by 1394 
inhibiting T cell–derived leukocyte elastase. Nature Medicine 21, 518–523 (2015). 1395 
https://doi.org/10.1038/nm.3852 1396 

79 Yang, A. C. et al. A human brain vascular atlas reveals diverse mediators of Alzheimer’s risk. 1397 
Nature 603, 885–892 (2022). https://doi.org/10.1038/s41586-021-04369-3 1398 

80 West, E. E. & Kemper, C. Complosome — the intracellular complement system. Nature Reviews 1399 
Nephrology 19, 426–439 (2023). https://doi.org/10.1038/s41581-023-00704-1 1400 

81 Hadjilaou, A., Brandi, J., Riehn, M., Friese, M. A. & Jacobs, T. Pathogenetic mechanisms and 1401 
treatment targets in cerebral malaria. Nature Reviews Neurology 19, 688–709 (2023). 1402 
https://doi.org/10.1038/s41582-023-00881-4 1403 

82 Grant, R. A. et al. Circuits between infected macrophages and T cells in SARS-CoV-2 1404 
pneumonia. Nature 590, 635–641 (2021). https://doi.org/10.1038/s41586-020-03148-w 1405 

83 Wendisch, D. et al. SARS-CoV-2 infection triggers profibrotic macrophage responses and lung 1406 
fibrosis. Cell 184, 6243–6261.e6227 (2021). https://doi.org/10.1016/j.cell.2021.11.033 1407 

84 Sounart, H. et al. Dual spatially resolved transcriptomics for human host–pathogen 1408 
colocalization studies in FFPE tissue sections. Genome Biology 24, 237 (2023). 1409 
https://doi.org/10.1186/s13059-023-03080-y 1410 

85 Real, E. et al. A single-cell atlas of Plasmodium falciparum transmission through the mosquito. 1411 
Nature Communications 12, 3196 (2021). https://doi.org/10.1038/s41467-021-23434-z 1412 

86 Afriat, A. et al. A spatiotemporally resolved single-cell atlas of the Plasmodium liver stage. 1413 
Nature 611, 563–569 (2022). https://doi.org/10.1038/s41586-022-05406-5 1414 

87 Ruberto, A. A. et al. Single-cell RNA sequencing reveals developmental heterogeneity among 1415 
Plasmodium berghei sporozoites. Scientific Reports 11, 4127 (2021). 1416 
https://doi.org/10.1038/s41598-021-82914-w 1417 

88 Bando, H. et al. CXCR4 regulates Plasmodium development in mouse and human hepatocytes. 1418 
Journal of Experimental Medicine 216, 1733–1748 (2019). 1419 
https://doi.org/10.1084/jem.20182227 1420 

89 Hentzschel, F. et al. Host cell maturation modulates parasite invasion and sexual differentiation 1421 
in Plasmodium berghei. Science Advances 8, eabm7348 (2022). 1422 
https://doi.org/10.1126/sciadv.abm7348 1423 

90 Howick, V. M. et al. The Malaria Cell Atlas: Single parasite transcriptomes across the complete 1424 
Plasmodium life cycle. Science 365, eaaw2619 (2019). 1425 
https://doi.org/10.1126/science.aaw2619 1426 

91 Ngara, M. et al. Exploring parasite heterogeneity using single-cell RNA-seq reveals a gene 1427 
signature among sexual stage Plasmodium falciparum parasites. Experimental Cell Research 1428 
371, 130–138 (2018). https://doi.org/10.1016/j.yexcr.2018.08.003 1429 

92 Rood, J. E., Maartens, A., Hupalowska, A., Teichmann, S. A. & Regev, A. Impact of the Human 1430 
Cell Atlas on medicine. Nature Medicine 28, 2486–2496 (2022). https://doi.org/10.1038/s41591-1431 
022-02104-7 1432 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted September 17, 2025. ; https://doi.org/10.1101/2024.11.04.621811doi: bioRxiv preprint 

https://doi.org/10.1101/2024.11.04.621811
http://creativecommons.org/licenses/by-nc-nd/4.0/


 45 

93 Flotho, M. et al. ZEBRA: a hierarchically integrated gene expression atlas of the murine and 1433 
human brain at single-cell resolution. Nucleic Acids Research 52, D1089–D1096 (2024). 1434 
https://doi.org/10.1093/nar/gkad990 1435 

94 Han, L. et al. Cell transcriptomic atlas of the non-human primate Macaca fascicularis. Nature 1436 
604, 723–731 (2022). https://doi.org/10.1038/s41586-022-04587-3 1437 

95 Jacobs, T., Plate, T., Gaworski, I. & Fleischer, B. CTLA-4-dependent mechanisms prevent T cell 1438 
induced-liver pathology during the erythrocyte stage of Plasmodium berghei malaria. European 1439 
Journal of Immunology 34, 972–980 (2004). https://doi.org/10.1002/eji.200324477 1440 

96 Chun, G. et al. SAW: an efficient and accurate data analysis workflow for Stereo-seq spatial 1441 
transcriptomics. Gigabyte 2024, 0 (2024). https://doi.org/10.46471/gigabyte.111 1442 

97 Fang, S. et al. Stereopy: modeling comparative and spatiotemporal cellular heterogeneity via 1443 
multi-sample spatial transcriptomics. bioRxiv, 2023.2012.2004.569485 (2023). 1444 
https://doi.org/10.1101/2023.12.04.569485 1445 

98 Finak, G. et al. MAST: a flexible statistical framework for assessing transcriptional changes and 1446 
characterizing heterogeneity in single-cell RNA sequencing data. Genome Biology 16, 278 1447 
(2015). https://doi.org/10.1186/s13059-015-0844-5 1448 

99 Sun, S., Zhu, J. & Zhou, X. Statistical analysis of spatial expression patterns for spatially 1449 
resolved transcriptomic studies. Nature Methods 17, 193–200 (2020). 1450 
https://doi.org/10.1038/s41592-019-0701-7 1451 

100 Zhu, J., Sun, S. & Zhou, X. SPARK-X: non-parametric modeling enables scalable and robust 1452 
detection of spatial expression patterns for large spatial transcriptomic studies. Genome Biology 1453 
22, 184 (2021). https://doi.org/10.1186/s13059-021-02404-0 1454 

101 Palla, G. et al. Squidpy: a scalable framework for spatial omics analysis. Nature Methods 19, 1455 
171–178 (2022). https://doi.org/10.1038/s41592-021-01358-2 1456 

102 Gerstner, N. et al. GeneTrail 3: advanced high-throughput enrichment analysis. Nucleic Acids 1457 
Research 48, W515–W520 (2020). https://doi.org/10.1093/nar/gkaa306 1458 

103 Fehlmann, T. et al. miRMaster 2.0: multi-species non-coding RNA sequencing analyses at scale. 1459 
Nucleic Acids Research 49, W397–W408 (2021). https://doi.org/10.1093/nar/gkab268 1460 

104 Kozomara, A., Birgaoanu, M. & Griffiths-Jones, S. miRBase: from microRNA sequences to 1461 
function. Nucleic Acids Research 47, D155–D162 (2018). https://doi.org/10.1093/nar/gky1141 1462 

105 Aparicio-Puerta, E. et al. miEAA 2023: updates, new functional microRNA sets and improved 1463 
enrichment visualizations. Nucleic Acids Research (2023). https://doi.org/10.1093/nar/gkad392 1464 

106 Schmid, R. et al. Integrative analysis of multimodal mass spectrometry data in MZmine 3. Nature 1465 
Biotechnology 41, 447–449 (2023). https://doi.org/10.1038/s41587-023-01690-2 1466 

107 Pang, Z. et al. MetaboAnalyst 6.0: towards a unified platform for metabolomics data processing, 1467 
analysis and interpretation. Nucleic Acids Research 52, W398–W406 (2024). 1468 
https://doi.org/10.1093/nar/gkae253 1469 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted September 17, 2025. ; https://doi.org/10.1101/2024.11.04.621811doi: bioRxiv preprint 

https://doi.org/10.1101/2024.11.04.621811
http://creativecommons.org/licenses/by-nc-nd/4.0/

