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Predicting Macrophage Spatial Localization from Single-Cell
Transcriptomes to Uncover Disease Mechanisms

Junping Yin, Qi Mei, Hans-Joachim Paust, Ning Song, Yu Zhao, Daniela Klaus,
Melanie Eichler, Yijun Hua, Jie Qin, Weiting Cheng, Christina K. Weisheit,
Veronika Lukacs-Kornek, Isis Ludwig-Portugall, Sibylle von Vietinghoff, Christian F. Krebs,

Johanna Klughammer, Ulf Panzer, Christian Kurts,* and Jian Li*

When cells are isolated for single-cell RNA sequencing (scRNA-seq), their
positional information is inevitably lost. Here, an algorithm termed MERLIN
is described that can reconstruct such information in organs with
compartmentalized anatomy, such as the kidney. Several independent
immune cell scRNA-seq datasets from three renal compartments were
generated to train different machine learning algorithms. A modified
multi-layer Perceptron approach most accurately predicted positions of
resident macrophages, best, achieving over 75% accuracy in both murine and
human kidney datasets. More motile immune cells, like lymphocytes, were
not predictable. Positional transcriptomic fingerprints were enriched in
pathways of microenvironmental responses and cellular adaptation, and
showed a sex bias. MERLIN also predicted positions of resident and recently
recruited macrophages in a crescentic glomerulonephritis mouse model.
Analysis of published scRNA-seq datasets from endotoxin- and
ischemia/reperfusion-induced models of acute kidney injury revealed
proinflammatory responses predominantly in outer medullary macrophages,
consistent with the known pathology. Moreover, the response of cortical
macrophages to commonly used therapies for diabetic nephropathy aligned
with the known clinical drug efficacy. Finally, MERLIN was successfully
trained to predict the spatial distribution of brain microglia. Together, MERLIN
enables spatial interpretation of scRNA-seq datasets in organs with defined
anatomical regions and enhances mechanistic insights into disease
processes.

1. Introduction

Tissue-resident immune cells perform sen-
tinel functions against pathogens and sup-
port homeostasis in all organs.['?] Single-
cell RNA sequencing (scRNA-seq) has pro-
vided new insights into their biology. How-
ever, during immune cell isolation for
scRNA-seq, the information regarding their
cellular positioning within tissues is in-
evitably lost. That Information is critical for
understanding macrophage functions, es-
pecially in organs like the kidney or brain,
which are anatomically structured in dis-
tinct areas with unique functions.

The kidney can be visually distinguished
into cortex, outer medulla (OM) and inner
medulla (IM),>* which play distinct roles
in water and electrolyte homeostasis.!>’]
The cortex contains numerous glomeruli
that filter blood and channel the filtrate into
a tubular network, where water, electrolytes
and nutrients are reabsorbed.*® Each of
these compartments features a distinct mi-
croenvironment, shaped by increasing os-
molarity and electrolyte concentrations and
by decreasing oxygen and nutrient availabil-
ity from cortex to IM."1% Microenviron-
mental cues can shape the transcriptomes
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of intrinsic kidney cells and have been shown to imprint posi-
tional information, for example, in tubular epithelial cells.*) Such
positional information, identified in highly variable expressed
genes (HVG), has been used to infer the location of non-immune
kidney cells in renal compartments.*! It is generally assumed
that the intrarenal position of immune cells cannot be predicted,
because these are motile and may spend too little time in distinct
areas to acquire microenvironmental cues.''] This particularly
applies to immune cells recruited from the blood during inflam-
mation or infection.

The kidney harbors an abundant network of resident immune
cells, composed primarily of macrophages and dendritic cells
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(DCs), which populate the tubulointerstitial space and survey
the microenvironment for signs of infection or injury.[*? During
kidney inflammation, monocytes infiltrate the kidney, differenti-
ate to inflammatory macrophages and dendritic cells and mod-
ify local T cell responses. Glomerulonephritis initially targets the
glomeruli, but inflammation later spreads over the entire kidney,
and either heals or progresses and destroys the kidney. The most
aggressive type, crescentic glomerulonephritis (cGN), has been
studied extensively in animal models, revealing important roles
for T cells, dendritic cells (DCs) and macrophages.(!!]

Although spatial sequencing technologies are increasingly be-
ing applied to elucidate immune responses within intrarenal
niches, 13161 scRNA-seq is still widely used due to its high res-
olution and cheaper price, despite the loss of positional informa-
tion of cells.['-20] Numerous scRNA-seq datasets are deposited
in public databases, whose interpretation would benefit from the
ability to restore the lost positional information, even partially.
However, tools that can extract such information from the tran-
scriptomes of immune cells are missing.

Machine-learning (ML) methods are widely used for artifi-
cial intelligence (Al)-based prediction of big data.?!] Several
studies employed ML to improve the scRNA-seq data analysis,
for instance, cell clustering, multimodal integration and gene
imputation.?>2*] It was speculated that the use of neural net-
works in combination with attention mechanisms might render
ML more effective and accurate in single-cell data analysis.[??]
However, no study has yet employed ML to extract positional in-
formation from immune cells and predict their regional locations
within organs based on scRNA-seq. Here, we show that such data
indeed contains spatial signatures that can be used to predict the
regional location of macrophages in the kidney and the brain as
examples for organs with compartmentalized anatomy.

2. Results

2.1. Generation of a Single-Cell Resolution Immune Cell Dataset
from the Kidney for Positional Analysis

We manually dissected cortex, OM and IM, as three distinct re-
gions from murine kidneys, prepared single cell suspensions
and generated three (Aachen, Bonn and Hamburg) sequencing
datasets using droplet-based scRNA-seq (Figure 1A; Figure S1,
and Table S1, Supporting Information). After filtering out cells
with insufficient RNA quality, we obtained 20266 renal immune
cells composed of 7147, 6158, and 6961 cells in Aachen, Bonn
and Hamburg datasets, respectively (Figure 1B-D; Table S1,
Supporting Information). Unsupervised clustering identified 23
clusters of immune cells (Figure 1B-D; Figure S2A,B, and
Table S2, Supporting Information), which were categorized
into two major types: mononuclear phagocytes consisting of
resident macrophages (Clge, Cd81, H2-Aa),>>?’] monocytes
(Ly6c2, Plac8), DCs (Cd209a, H2-Aa, Clec10a), a few neutrophils
(S100a8) and lymphoid cells consisting of T cells (Cd3g), B cells
(Cd79a), NK cells (Ncr1) and innate lymphoid cells (ILC2) (Gata3,
114), respectively (Figure 1B). As expected, mononuclear phago-
cytes and lymphocytes were most abundant in all compartments.
The frequency of resident macrophages was higher in the OM
and IM compared to the cortex, while T cells were less frequent
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Figure 1. Positional scRNAseq of murine immune cells from the kidney. A) Schematic plot of positional scRNA-seq of murine immune cells sorted from
macro-dissected compartments of kidney. B,C) Integrated (B) and split (C) UMAP plot of the Aachen, Bonn and Hamburg scRNA-seq datasets showing
the composition of immune cell clusters from healthy mouse kidneys. Resident macrophages, DCs, T cells and B cells were marked by dashed circles.
D) Stacked violin plot showing the gene expression of single cell markers for annotation of immune cells. E) Cellular proportions of immune cells in
cortex, OM (OM) and inner medulla (IM) of murine kidneys. Proportions of resident macrophage, DC, T cell and B cell were marked in the plot. RM,

resident macrophage; DC, dendritic cell.

in OM and IM than in the cortex (Figure 1E; Figure S2C,D, Sup-
porting Information).

2.2. ML-Based Multinomial Classification of Positional
Information from scRNAseq Data
HVG of kidney tubular epithelial cells have recently been shown

to contain positional information.[*! Therefore, we identified

Adv. Sci. 2026, 13, e10924 e10924 (3 of 17)

and merged the top100 HVG genes from the training datasets
and generated the first candidate geneset HVG137 (Figure 2;
Table S3, Supporting Information). Renal resident macrophages
are relatively immotile and long-lived cells,''?4%] suggesting
that their transcriptome might more likely acquire positional
information from the microenvironment. Therefore, we first
investigated the positional signatures of such macrophages
(Figure 3A). Seven ML models were trained on the expression
matrix HVG137 from training datasets, and all of them were able
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to predict the positions of resident macrophages with an accu-
racy over 70%, supporting the validity of the ML model-based ap-
proach (Figure S3, Supporting Information).

Next, we validated the predictive capacity of these trained ML
models in two external datasets. When testing with the use of
the Hamburg dataset, the MLP model trained on the HVG137
geneset predicted with a median accuracy of 70.98%, whereas the
other models showed less than 70% (Figure 3B). The ROC curve
showed that the AUC values of MLP model were above 0.7 in all
three compartments (Figure 3C).

To further validate this model, we analyzed an additional pub-
lic dataset,*") which profiled 6437 immune cells containing 14
clusters, including resident macrophages, DC, T cells, B cells,
etc (Figure 3D; Figure S4A,B, Supporting Information). Consis-
tent with the findings above, resident macrophages were more
frequent in the medulla compared to the cortex, while T cells are
more abundant (Figure S4C,D, Supporting Information). When
we applied the trained ML models to the public dataset, the MLP
model of HVG137 achieved 73.87% of accuracy, and AUC values
were also above 0.7 in all three compartments (Figure 3E,F). Ad-
ditionally, we tested other contemporary machine learning mod-
els, XGBoost, support vector machines (SVM). XGBoost achieved
comparable accuracy (70.12%) to our MLP model, while SVM
showed slightly lower performance (65.32%), likely due to the
high dimensionality and non-linear structure of the data. In sum-
mary, these findings indicated that the HVG genes of resident
macrophages carry positional information.

To extract as many genes carrying such positional informa-
tion as possible, we merged the top100 HVG genes in all train-
ing and predicting datasets and generated a new HVG geneset
with potentially improved predicting capability, termed HVG251
(Table S3, Supporting Information). We trained the HVG251
geneset with the two independent datasets and validated them
with the two external datasets. As expected, the HVG251 geneset
achieved higher predicting accuracy of 79.3% and 78.7% in the
Hamburg and public datasets, respectively (Figure 3G,H). The
AUC values of the MLP model of HVG251 were above 0.75 in
all compartments of both datasets (Figure S5A,B, and Table S4,
Supporting Information). Using a randomized gene set for the
same prediction task resulted in consistently poor predictive per-
formance (Figure S5C,D, Supporting Information). Two addi-
tional feature selection methods, recursive feature elimination
(RFE) and mutual information-based ranking (MIR) were de-
ployed to identify two gene sets, RFE251 and MIR251, respec-
tively. Using both gene sets for the same prediction tasks re-
sulted in a comparable but slightly weaker predictive perfor-
mance (Figure SS5E-H, Supporting Information). These compar-
ison results indicated implied that HVG251 achieves a signifi-
cantly improved predicting accuracy. The HVG251-based algo-

www.advancedscience.com

rithm, integrated with MLP model, was designated as MERLIN
(Machine Learning-Enabled Regional localization of Leukocytes)
and subsequently applied for downstream analysis.

To determine whether we can extract genes carrying positional
information with other approaches, we identified genes differ-
entially expressed among the three compartments by using the
FindAllMarker (FAM) and obtained geneset FAM104 (Figure 2;
Table S3, Supporting Information). We trained the FAM104
geneset using the training datasets and predicted using the Ham-
burg dataset and Public dataset. However, this showed poor pre-
dicting capability with less than 70% accuracy in all ML models
(Figure 3G,H), suggesting that HVG was superior to other gene
sets in identifying positional signatures.

2.3. Analysis of the Genes Used by MERLIN and the Influence of
Ontology and Sex

We next wished to know details about the geneset HVG251 and
FAM104. We observed that only 53 genes overlapping between
them, which accounted for 21% of HVG251 and 51% of FAM104
(Figure 3I; Table S5, Supporting Information). Gene ontology
(GO) enrichment analysis showed that the shared genes in both
datasets were significantly enriched in regulation of TNF pro-
duction and monocyte chemotaxis, in the HVG251 geneset only
in GO pathways of mononuclear cell differentiation, cell chemo-
taxis and leukocyte migration, while the non-overlapped genes
of FAM104 geneset were significantly enriched in responses to
water, to unfolded protein response and regulation of phospho-
rylation (Figure 3],K; Figure S6, and Tables S6-S8, Supporting
Information). Additionally, significantly enriched GO terms with
HVG251 included responses to hypoxia, oxidative stress and reg-
ulation of ROS production (Table S9, Supporting Information),
all of which are closely associated with the hypoxic microenvi-
ronment of the kidney.3!!

It has been reported that renal resident macrophages are
derived from either bone marrow or precursors from the
yolk sac.*¥] Yolk sac-derived resident macrophages self-renew
in the kidney and possess a transcriptome distinct from
that of bone marrow-derived macrophages.??3334 By utiliz-
ing the markers described in a recent study*l we were
able to discriminate resident macrophages into yolk sac de-
rived macrophages (self-renewable macrophages) and bone
marrow-derived macrophages (Figure 3L,M; Figure S7A-D, Sup-
porting Information). The accuracy for predicting the posi-
tion of self-renewing macrophages was higher than that of
bone marrow-derived macrophages, in both external validation
datasets (Figure 3N,0).

We noted that the Public dataset contained cells from male and
female mice with similar proportions of resident macrophages

Figure 2. Schematic plot of the workflow for Al-based multinomial classification of the positioning of renal immune cells and its application. Step 1:
Generation of 3 new scRNA-seq datasets and downloading of one public dataset from GEO database. Step 2: Extract potential positional signature genes
by using two algorithms: FindVariableFeatures and FindAllMarker, which generated two genesets HVG geneset and FAM geneset. Expression matrices of
HVG geneset and FAM geneset with positional annotation were extracted and used for downstream Al analysis. Step 3: To predict the positioning of renal
immune cells, seven ML models were utilized to train the Aachen and Bonn datasets. Capability of models was assessed by overall accuracy and ROC
curve for compartments. Step 4: External validation of prediction models by using the Hamburg and Public dataset. Step 5: To evaluate the application
of positional signatures in kidney disease and kidneys from other species, and application of the strategy for identifying positional signatures of other
organs, we produced a scRNA-seq dataset from kidneys of mice with experimental cGN and downloaded a scRNA-seq dataset for human kidneys and
scRNA-seq dataset for the brain.
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(Figure S7E,F, Supporting Information). It has been reported that
sex can affect the transcriptomes of renal epithelial cells,*) sug-
gesting that the HVG251 geneset derived from male mice might
possess a distinct capability to predicting the positioning of cells
from female mice. Indeed, the accuracy and AUC of ROC curves
for all three compartments for predicting the positioning of male
resident macrophages were significantly superior than in female
mice, indicating that sex needs to be considered when positional
prediction datasets are defined (Figure 3P).

2.4. MERLIN Predicts Macrophages Positions also Within the
Human Kidney

Since the transcriptome of resident macrophages in the kidney
has been reported to be conserved across species,**! we aimed to
assess the applicability of MERLIN for analyzing human scRNA-
seq datasets. To this end, we downloaded and analyzed a hu-
man scRNA-seq dataset with positional information of renal im-
mune cells.’! This dataset profiled 7803 immune cells includ-
ing macrophages, neutrophils, as well as T cells and B cells
(Figure 4A,B). Consistent with the findings in mouse kidneys,
more macrophages were present in the medulla compared to the
cortex, and more T cells in the cortex (Figure 4C).

Before applying the ML models of HVG251 trained with
murine data to the human kidney dataset, we utilized the ho-
moloGene database to align genes between both species and gen-
erated a mouse-human common HVG210, after discarding 41
mouse genes that have no human homology. Using the HVG210,
we applied the ML models and found that the MLP model pre-
dicted the spatial positions of human renal macrophages with
an accuracy of 72.12% (Figure 4D), and the AUC values exceed
0.78 across all renal compartments (Figure 4E), indicating that
the conserved mouse-human HVG210 gene set possesses robust
predictive capability for human kidney macrophages, compara-
ble to its performance in the murine dataset.

2.5. MERLIN Predicts Microglia Positions in the Brain

To assess the broader utility of MERLIN, we extended our
analysis to the brain, an organ characterized by highly spe-
cialized regional architecture that may influence immune cell
distribution.*® Its resident immune cells are mainly microglia
cells, which possess a remarkable histological resemblance to

www.advancedscience.com

kidney-resident macrophages. Depending on their positioning,
they may play diverse roles in various neurological disorders.>’]
Recently, Zeisel et al published a scRNA-seq dataset of cells
from brain compartments (Figure 5A).%¢] That dataset con-
tained 5081 immune cells from 5 regions of the brain, in-
cluding olfactory bulb, cerebral cortex, midbrain, amygdala-
striatus, hippocampus-thalamus-hypothalamus, and consisted
mostly of microglia (Figure 5B-D). Another dataset from Saun-
ders et al.’®¥] contained 2125 immune cells from three brain
regions: cerebral cortex, amygdala-striatum and hippocampus-
thalamus-hypothalamus (Figure 5E-G). As in the kidney, we de-
termined the HVG genes from both datasets and merged the top
100 HVGs from each. This resulted in a combined set of 155
HVGs specific to brain microglia (Table S11, Supporting Infor-
mation).

To independently validate the predicting capability of the
155 brain HVGs, we trained the ML models of HVGs on the
Zeisel_dataset and predicted in the Saunders_dataset. Using this
HVGs, the MLP model achieved a prediction accuracy of 74.01%
(Figure 5H), with the AUC values above 0.76 across all brain com-
partments in the Saunders_dataset (Figure 5I). This highlights
the capacity of the HVG signature to capture the spatial identity
of macrophages across distinct organs, extending its predictive
utility beyond the kidney to the brain.

Furthermore, although only 49 genes overlapped between the
kidney and brain HVG sets (Figure 5]), the brain microglia HVGs
were also significantly enriched for biological processes such as
cell chemotaxis and myeloid cell migration—mirroring the en-
richment observed in kidney HVGs (Figure 5K; Table S12, Sup-
porting Information). These findings demonstrated that MER-
LIN can capture spatially informative transcriptional programs
across another organ with compartmentalized architecture.

2.6. MERLIN Predicts Macrophage Positions in Experimental
Glomerulonephritis

Next, we investigated whether MERLIN is also applicable to in-
flammatory kidney disease, given that the phenotype, prolifera-
tive capacity, and functional state of resident macrophages are po-
tentially modulated by inflammatory microenvironments.[2%:39401
It is unknown whether such inflammatory cues may alter po-
sitional signatures of resident macrophages. To study this, we
induced ¢GN in mice (Figure 6A), which causes the formation
of glomerular crescents and proteinuria (Figure 6B-D), typical
for this disease.['?] We profiled 5402 single cells from day 14 of

Figure 3. Predicting the regional location of kidney immune cells from external datasets. A) UMAP plot highlighting resident macrophages in the kidney.
B) Predicting the accuracy of the HVG137 geneset in the external Hamburg dataset by using ML models trained on resident macrophages from the 2
training datasets. The Hamburg dataset contributed to HVG137 selection; therefore, it was excluded from model training and used solely for validation.
C) ROC curve of MLP model on predicting the location of resident macrophages from the Hamburg dataset. AUC: area under curve. (D) UMAP plot of
the Public dataset of renal immune cells from healthy mice downloaded from a public database. Resident macrophages were marked by dashed circle.
E) Predicting accuracy of the HVG137 geneset in the external Public dataset by using ML models trained on resident macrophages from the 2 training
datasets. F) ROC curve of MLP model on predicting the location of resident macrophages from Public dataset. AUC: area under curve. G,H) Predicting
accuracy of HVG251 (blue) and FAM 104 (red) geneset in external Hamburg dataset (G) or Public dataset (H) by using ML models trained on resident
macrophages from the 2 training datasets. |) Venn diagram of HVG251 (blue) and FAM 104 (red) geneset showing the shared and distinctive genes of
each geneset. Numbers of genes in each group were labelled. J,K) Top10 of significantly enriched GO pathways of genes of HVG251 (J) and FAM 104
geneset (K). L,M) UMAP plot (L) and marker gene expression (M), of bone marrow-derived or self-renewable resident macrophages in the Hamburg
dataset. N,O). Predicting accuracy of HVG251 for bone marrow-derived or self-renewable resident macrophages in the Hamburg dataset. (N) and from
Public dataset (O). P) Predicting the accuracy of HVG251 for resident macrophages from male and female mice in the public dataset. Data presented
as Median + SEM. Statistical significance was determined by using Student’s t-test. P value, *, 0.05.
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cGN (Figure GE,F; Figure S8A,B, and Table S10, Supporting In-
formation). Consistent with previous studies,!'*!) the majority of
inflammatory immune cells in experimental cGN were resident
macrophages, DCs, monocyte-derived infiltrating macrophages,
T cells and B cells (Figure 6G). Compared to healthy mice, resi-
dent and infiltrating macrophages as well as DCs became more
abundant in the cortex (Figure S8C, Supporting Information),
which is expected since glomeruli are located in the cortex.

To test whether the positional signatures from healthy mice
can predict locations of resident macrophages during kidney
disease, we applied the ML models described above to ¢cGN
datasets. We observed a slight reduction of the predicting ac-
curacy of the MLP model of HVG251 to 71.14% (Figure 6H),
and AUC values of each compartment were still above 0.75 in
the cGN dataset (Figure S9, Supporting Information), indicating
that acute inflammation affects positional fingerprints of resi-
dent macrophages in ¢cGN, but this influence was limited. These
findings suggest that the positional signatures of kidney-resident
macrophages were conserved in cGN.

Monocyte-derived macrophages infiltrate the kidney in ex-
perimental ¢cGN and differentiate to macrophages.[''*2] While
doing so, they might acquire positional signatures. However,
when we predicted the positions of monocyte-derived infiltrat-

Adb. Sci. 2026, 13, e10924 e10924 (8 of 17)

ing macrophages with the MLP model trained with the HVG251
geneset from resident macrophages from healthy mice, ac-
curacy was low (Figure 6I). We hypothesized that infiltrating
macrophages might acquire positional signatures distinct from
those of resident macrophages, and determined their specific
HVG geneset in ¢cGN (Table S3, Supporting Information) for
training the MLP machine learning model. Only 17 genes over-
lapped between the HVG genesets from resident and infiltrat-
ing macrophages (Table S3, Supporting Information). We next
hypothesized that monocyte-derived infiltrating macrophages
might require time to acquire distinct positional signatures dur-
ing cGN. Therefore, we distinguished two subsets of infiltrating
macrophages in our scRNA-seq dataset, the subset infil. Mac_1
with higher expression of monocyte features like Ly6c, Plac8 and
Chil3,I¥] and the subset infil._Mac_2 with lower expression of
these features (Figure 6F), assuming that macrophages that had
the time to downregulate monocyte features!**! might acquire
a positional fingerprint during that time. Indeed, this approach
predicted the locations of infil._Mac_2, but not of infil. _Mac_1,
approaching 70% in c¢GN (Figure 6]). These findings indi-
cated that infiltrating macrophages acquire a cell type-specific
positional signature and that such acquisition requires some
time.

© 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH
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2.7. Prediction of Dendritic Cells and Lymphocyte Positions in
Kidney Inflammation

We wished to determine whether our approach can also predict
the location of other immune cells in the kidney, such as conven-
tional DCs (cDCs), another type of mononuclear phagocytes.!'!]
When we trained the ML models using cDCs’ HVG on the train-
ing dataset, none of them predicted the positioning of cDCs in the
Hamburg or the Public dataset (Figure S10A,B, Supporting Infor-
mation), implying the HVG genes of ¢cDCs did not carry enough
extractable positional information.

A recent study suggested that cDCs in many tissues can be
classified as a new subset termed ¢DC3, which arises from
monocyte-DC progenitors, in contrast to ¢cDC2 that originate
from common DC progenitors.[**] We noted that a large number
of renal ¢cDCs indeed expressed marker genes of such cDC3, like
Fegr3, Sirpa and Tmem172a, while only few expressed the ¢cDC2
marker Cd7 (Figure S10C, Supporting Information), suggesting
that many renal cDCs comply with the classification as cDC3. As
shown above, the position of such cells is less predictable than
that of tissue-resident cells, likely because they are constantly
recruited, resulting in a high turnover that leaves little time to
acquire positional fingerprints. Furthermore, numbers of renal
DCs are much lower than those of macrophages, reducing statis-
tical prediction power.

Moreover, HVGs from T cells and B cells did not carry po-
sitional fingerprints, as low accuracy was observed when the
trained ML models of HVGs from T cells or B cells were ap-
plied to predict the positioning of T cells or B cells in the exter-
nal dataset (Figure S10D-G, Supporting Information). ILCs are
thought to be tissue-resident, but are too rare in the healthy kid-
ney to train the ML algorithm. Likely, motile renal leukocytes do
not spend enough time in a kidney compartment to acquire po-
sitional information.

2.8. Predicting Macrophage Positions from Published scRNA-seq
Datasets Provides Mechanistic Insights into Acute Kidney Injury

Next, we wished to use MERLIN to gain mechanistic insights
into other kidney diseases by analyzing published scRNA-seq
datasets. A previous study presented a transcriptomic atlas of
immune cells in acute septic kidney failure.[*®] Across cortex,
OM and IM, macrophage counts were predicted to change
markedly over the 48-h LPS timeline with differing kinetics.
In all regions, numbers deviated from baseline within the first
hours, followed by transient troughs at ~16 h and ~27 h, and
a subsequent rebound by 36-48 h (Figure 7A). These dynam-

www.advancedscience.com

ics align with the organ-wide, phase-structured response in sep-
tic shock, where early inflammatory signaling is followed by a
period of network “shutdown” and reduced cell-cell communi-
cation ~16-27 h, before recovery programs emerge.*’] Previ-
ous immunohistochemistry studies had reported that the OM is
most, and the cortex is least affected in endotoxin-induced kidney
injury.¥#1 Consistently, analysis with MERLIN showed mini-
mal macrophage accumulation in the cortex and pronounced in-
filtration in the OM (Figure 7A). The genes involved in inflam-
matory, immune and cytokine responses were more highly ex-
pressed in OM macrophages compared to those from other renal
regions (Figure 7B).

Another publication contained transcriptomes of immune
cells at 1, 3 and 14 days after ischemia/reperfusion injury
(IRI).13% Analysis with MERLIN revealed that macrophage num-
bers increased rapidly after short duration IRI across all regions,
with the strongest expansion in the OM, followed by IM and cor-
tex (Figure 7C). Interestingly, macrophage numbers in short IRI
declined in the IM after 3 days, but increased again after 14 days
(Figure 7C). IM macrophages expressed genes involved in the
hypoxia response already before IRI, whereas an upregulation
was seen in all compartments after inducing IRI (Figure 7D).
Macrophages in the OM, and lesser so, in the cortex showed the
highest enrichment for anaerobic glycolysis and inflammatory
response signatures (Figure 7E), consistent with their reported
ability to use this pathway to generate energy under low oxygen
conditions.®! This ability may push macrophages into glycolysis-
driven expression of proinflammatory genes (Figure 7F), known
to promote kidney injury in IRL,1**%] explaining why IRI-induced
damage is observed primarily in the cortex and OM. Together,
these findings validated MERLIN in 2 more kidney disease mod-
els and allowed new mechanistic insights.

2.9. MERLIN Elucidates Therapeutic Responses in Experimental
Diabetic Nephropathy

Finally, we used MERLIN to analyze an accelerated diabetic
nephropathy (DN) model, incorporating scRNA-seq data 2
days or 2 weeks following disease initiation and therapeutic
intervention.>3) MERLIN predicted that macrophages accumu-
lated in all compartments, especially in the OM (Figure 8A), con-
sistent with previous studies implicating medullary macrophages
in DN progression.[5+%]

A clinical hallmark manifestation of DN is glomerulosclero-
sis, i.e. a process occurring in the cortex. We therefore focused
our analysis on cortical macrophages and found a disproportional
activity in pathways involved in M1 and M2 differentiation, in fi-

Figure 5. MERLIN predicts microglia positions in the brain. A) Schematic plot of dissected compartments of the brain: Olfactory bulb (OB), cerebral
cortex (Ctx), midbrain (MD), amygdala-striatum (AS), hippocampus-thalamus-hypothalamus (HTH). B) UMAP plot of scRNA-seq Zeisel_dataset of
brain immune cells. C) Featureplots showing gene expression of single cell markers for annotation of cell subsets of human brain immune cells in
Zeisel_dataset. Light gray indicated low expression while navy blue indicated high expression. D) Cellular proportion of immune cells in each brain
compartment Zeisel_dataset. E) UMAP plot of scRNA-seq Saunders dataset of brain immune cells. F) Featureplots showing the gene expression of
single cell markers for annotation of cell subsets of human brain immune cells in Saunders_dataset. Light gray indicated low expression while navy
blue indicated high expression. G) Cellular proportion of immune cells in each brain compartments in Saunders dataset. H) Predicting accuracy of
external validation of brain HVG155 on microglia in Saunders dataset. I) ROC curve of MLP model on predicting the location of microglia from murine
Saunders dataset. AUC: area under curve. ]) Venn diagram of murine brain HVG155 (orange) and kidney HVG251 (blue) geneset showing the shared
and distinctive genes of each geneset. Number of genes in each group were labelled. K) Top10 significantly enriched GO pathways of genes in brain
HVG155 geneset.
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Figure 6. MERLIN predicts macrophage positions in experimental glomerulonephritis. A) Experimental plan for cGN in the C57BL/6) mice. Kidneys of
mice were analyzed at day 14 after induction. B) Histology picture of PAS-stained kidney sections from healthy and cGN mice. Arrow indicating a crescent
in the glomerulus. Scale bar, 50um. C,D) Quantitative analysis of kidney crescents score of kidneys (B) and urine albumin concentration (C) from healthy
and cGN mice. E) UMAP plot of scRNA-seq dataset of renal immune cells from experimental cGN mice at day 14 after inducing experimental cGN. F)
Stacked Violin plot showing the gene expression of single cell markers for annotation of cell subsets of renal immune cells. G) Cellular composition of
cell subsets of renal immune cells in cortex, OM and IM of kidney from cGN mice. H) Predicting accuracy of HVG251 (blue) and FAM104 (red) geneset
of resident macrophages in cGN dataset. 1) Predicting accuracy of HVG251 geneset of monocyte-derived infiltrating and resident macrophages in the
cGN dataset. J) Prediction accuracy based on HVGs of recently and previously infiltrated macrophages.

brosis and inflammation (Figure 8B), all of which have been im-
plicated in DN pathogenesis.>**¢] This was confirmed by path-
way enrichment analysis, which showed in cortical macrophages
high enrichment of several inflammatory, stress and fibrosis re-
sponses (Figure 8B), all of which have been implicated in DN
pathogenesis.[>>°]

The dataset also included groups of mice treated with an ACE
inhibitor, an SGLT2 inhibitor, a glitazone, and various combina-
tions. All treatments led to a reduction in macrophage numbers

Adv. Sci. 2026, 13, e10924 €10924 (11 of 17)

across renal compartments, with the most pronounced effect
observed under combination therapy (Figure S11, Supporting
Information). When we examined pathogenic programs, MER-
LIN revealed a consistent upregulation across all pathogenic pro-
grams in cortical macrophages at two days after disease induc-
tion in cortical macrophages (Figure 8C). This upregulation was
strongest with the SGLT?2 inhibitor, intermediate with ACE in-
hibition, and mild with rosiglitazone. Notably, the ACE+SGLI2
combination produced an even more pronounced upregulation

© 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH


http://www.advancedsciencenews.com
http://www.advancedscience.com

ADVANCED
SCIENCE NEWS

ADVANCED
SCIENCE

Open Access,

www.advancedsciencenews.com

A

M LPs_Ohr M LPS_thr [ LPS_4hr M LPS_16hr M LPS_27hr WM LPS_36hr M LPS_48hr

1400 -

1050

0 -Illlll IIIIIII
Cortex oM

Cell Number
~
o
5]

w
a
=]

C

M Control M IRI_short_1 I IRI_short 3 M IRI_short_14
600 1
3 450
5
2 300
8
N J
: |
Cortex oM M
M Control W IRI_short_1 M IRI_short_3 M IRI_short_14

Normalised Enrichment Score

Cortex oM M
Anaerobic glycolysis (GO: 0006096)

Defense response L]
o ® 20
Acute inflammatory response- ° ® 25
® 30
- Regulation of inflammatory response .
M

O

www.advancedscience.com

B Pathway Enrichment in OM Mac vs. other Mac
Inflammatory response- [ ]
Immune response- o
Response to cytokine L Gene counts
* 10

Cytokine production involved in immune response- L]
e 15

Adaptive immune response

Immune system process- *

60 62 64 66 68
Enrichment Score (ES)

M Control M IRI_short_1 W IRI_short 3 M IRI_short_14

Normalised Enrichment Score

Cortex oM M
Response to hypoxia (GO: 0036293)

M

I Control B IRl _short_1 M IRI_short 3 M IRI_short_14

° 3

S

3

@

€ 225

8

E

£

]

T 15

fir}

3

'Té 0,75

: L 1 .

Cortex OoM IM

Inflammation (GO: 0006954)

Figure 7. Predicting macrophage positions from published scRNA-seq datasets provides mechanistic insights into acute kidney injury. A) Time kinetics
of normalized cell counts in the cortex, OM and IM of the kidney before and after LPS. B) Gene enrichment analysis showing enriched pathways of
differentially expressed genes between macrophages in OM and other compartments after LPS. C,D) Bar plots showing normalized cell counts (C),
enrichment scores of hypoxia pathways (D), anaerobic glycolysis E), and inflammatory pathways F) in the cortex, OM and IM of kidneys from control

and IRI mice.

than either monotherapy. In contrast, whole-kidney macrophage
analysis showed only muted or absent changes, substantially un-
derestimating the early response (Figure 8D). These observations
align with clinical phenomena, including the transient “eGFR
dip” observed after initiating SGLT2 inhibitors due to adenosine-
mediated afferent vasoconstriction, ™8] and the modest crea-
tinine rise after ACE inhibition, reflecting efferent arteriolar
dilation.[5%¢%) Rosiglitazone treatment is less effective in patients,
consistent with the minor early changes observed here.[6162]

By two weeks, cortical macrophages displayed attenuation of
the same programs across all treatment groups (Figure 8E). The
SGLT2 inhibitor induced the strongest suppression of proinflam-
matory and fibrotic signatures, ACE inhibition showed a delayed
but clear reduction, and rosiglitazone produced only modest im-
provements without full normalization (Figure 8E). The combi-
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nation of ACE and SGLT2 inhibition achieved the most profound
effect, nearly normalizing all four GO terms. In whole-kidney
analyses, these week-2 improvements appeared blunted and in-
consistent, masking the magnitude and timing of treatment-
specific responses (Figure 8E). These analyses illustrated that the
analysis of cortical macrophages in DN more closely mirrors clin-
ical observations than whole-kidney macrophage analysis.[61:6%]

3. Discussion and Conclusion

The present study demonstrates that the transcriptomes of
kidney-resident immune cells carry spatial information that al-
lows predicting their regional location.[**] To show this, we pro-
filed the transcriptomes of 20266 immune cells from several
independent scRNA-seq datasets isolated from three anatomi-
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Figure 8. MERLIN elucidates therapeutic responses in experimental diabetic nephropathy. A) Time kinetics of normalized cell macrophage in the cortex,
OM and IM of the kidney in db/db mice 2 days or 2 weeks after injection of an AAV expressing renin. B) Gene enrichment analysis showing enriched
pathways of differentially expressed genes between macrophages in the Cortex and other compartments. C-E) This panels display heatmaps illustrat-
ing the scores of M1-like and M2-like macrophage polarization, fibrotic activity, and proinflammatory signaling in macrophages without (C) and with

treatment 2 days (D) or 2 weeks (E) after injecting AAV.

cal compartments of healthy murine kidneys. By employing ML
models, we extracted positional information, which allowed pre-
dicting qualitatively the position of tissue-resident and late infil-
trating macrophages with good accuracy depending on the ML
algorithm used.

For feature selection as input for ML models, we applied both
FindAllMarkers and FindVariablesFeatures methods from the Seu-
rat package and the HVG251 generated by FindVariableFeatures
contains more positional information than FAM104 produced by
FindAllMarkers. A possible explanation could be that the FAM104
set includes only the most deregulated genes, consistent with
recent studies.*! Pathway enrichment analysis indicated that
HVG251 was enriched in pathways associated with leukocyte
migration and chemotaxis, which is plausible given that these
mechanisms guide the migration and positioning of immune
cells.[03-6%] We also examined transcription factors and metabolic
genes within HVG251 that may mediate compartment-specific
macrophage behavior. For example, Hifla, Nrf2, and Slc2al were
more highly expressed in medullary macrophages, consistent
with adaptation to hypoxic and glycolytic environments. The se-
lection of highly variable genes (HVGs) was central to MER-
LIN’s predictive framework. While HVGs are traditionally used
for cell-type discrimination in scRNA-seq, our findings suggest
that they also encode positional information in long-lived, tissue-
resident immune cells. Comparative analyses showed that HVG-

Adv. Sci. 2026, 13, e10924 €10924 (13 of 17)

based models outperformed those using random genes, DEGs
(FAM104), RFE251, and MIR251, supporting their relevance for
spatial inference.

Among the seven ML models tested, MLP proved most ef-
fective in extracting the positional fingerprint. MLP is based on
a neural-artificial network.*®] Our study explored another uti-
lization of this model by modifying the attention mechanism
for dealing with scRNA-seq data, as proposed by a previous
study.[??] The attention mechanism maximizes the learning effi-
cacy while minimizing information loss at each step during train-
ing. This may explain why the modified MLP performed better
than the other ML algorithms examined here. The suitability of
a ML model depends on various factors, including quality and
quantity of data, feature selection, hyperparameter tuning, en-
semble method, evaluation metrics and others. Importantly, it
was necessary to combine two independent scRNA-seq datasets
to avoid inherent overfitting phenomena. We validated our ap-
proach using seven widely used ML models, performed inter-
nal 100 folder cross-validation and used two additional external
validation datasets. It is possible that training with more than 2
scRNA-seq datasets can further improve performance.

A recently published tool, NovoSpaRc, has been reported to
extract positional information from scRNA-seq data from tissue
cells.[*%7] However, we found that this tool failed to predict the
locations of renal macrophages (data not shown). This may be
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explained by the design of NovoSpaRc, which is specialized at
reconstructing the location of non-hematopoietic immotile cells.
However, macrophages are motile, albeit less so than lympho-
cytes for instance. Thus, MERLIN was unable to predict the po-
sitions of T and B cells, which may be explained by the limited
time these motile cells have for acquiring a positional fingerprint
typical for a given microenvironment. Unexpectedly, MERLIN
also failed to extract positional fingerprints from cDCs, although
these cells are tissue-resident to some extent. This may be due
to the finding that renal cDCs arise from circulating monocyte-
progenitors, as postulated in a recent study, which designated
such cells as DC3.[*] In addition, DCs are not long-time resident
as macrophages are, but enter, exit and move through the kidney,
limiting their time to integrate positional information into their
transcriptomes.!'1'28] Finally, the number of DCs in the kidney is
much lower than that of macrophages, which reduces statistical
power. In our benchmarking, we used recommended pipelines
and default parameters for NovoSpaRc, but did not perform ex-
tensive hyperparameter tuning or retraining. As such, the com-
parison should be interpreted as a qualitative reference rather
than a definitive performance ranking. Future work may involve
adapting these frameworks specifically for immune cell local-
ization and conducting more rigorous head-to-head evaluations
under matched conditions. Currently, existing mapping algo-
rithms such as Tangram,! CellTrek,[*®) and CytoSPACEU" align
scRNA-seq data with spatial transcriptomic data from the same
source to improve tissue cartography and sequencing resolution.
By contrast, MERLIN differs in both purpose and implementa-
tion. It uses previously generated scRNA-seq training data with
anatomical annotation to subsequently infer positional informa-
tion from independent scRNA-seq datasets. Once such training
datasets are available, Merlin only needs scRNA-seq data, and no
spatial transcriptomic scaffolds from the same source.

When we analyzed immune cells in a glomerulonephritis
model, MERLIN still predicted resident macrophages positions,
albeit with slightly reduced accuracy. It also permitted predict-
ing the positions of infiltrating macrophages that had spent some
time within the kidney to acquire positional transcriptome infor-
mation. Notably, sex disparity was evident as well, implying that
the sex of the training and prediction datasets needs to be con-
sidered.

At this point, we used the MERLIN analytic pipeline to anal-
yse several published scRNAseq datasets from kidney disease
models such as IRI or endotoxin shock.”!] MERLIN accurately
predicted the OM as the compartment in which macrophages
are most activated and where histopathological damage is most
severe. The biphasic macrophage trajectory in endotoxin shock
maps onto the sepsis timeline, where the kidney transitions
from inflammatory activation to temporary communication col-
lapse and then to repair.[*l The relatively low increase in the
cortex aligns with a recent study concluding that macrophage—
endothelial crosstalk in the cortex limits local inflammatory dam-
age during sepsis,|*’! further supporting region-specific behavior.

Analysis of the IRI dataset revealed a regionalized
macrophage response dominated by accumulation and gly-
colytic/inflammatory programs in the OM. These findings
align with the unique oxygen biology of the OM, where the
corticomedullary gradients and countercurrent exchange render
the thick ascending limb and adjacent interstitium containing
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macrophages chronically hypoxia-prone and sensitive to IRI.I"?]
Hypoxia signaling and glycolytic activation in OM macrophages
suggest HIF-driven immunometabolic reprogramming toward
a pro-inflammatory phenotype, which is well known to promote
pathology in IRLI>73! Interestingly, IM macrophages showed
strong hypoxia signaling before IRI, consistent with the extreme
dysoxia in the IM. Only their numbers declined after IRI,
suggesting that hypoxia- or nutrient-stress—induced death as a
plausible cause, given that renal macrophage pyroptosis has been
documented in IRI, and that its inhibition is renoprotective.l”®]
Future studies examining region-resolved macrophage death
pathways in IRI may test this hypothesis.

Analysis of a scRNAseq dataset of diabetic mice receiving
different treatments further illustrated how compartmentalized
analysis with MERLIN can facilitate mechanistic discoveries. We
found that analysis of cortical macrophages provided a sharper
and more clinically relevant window into drug responses during
DN than whole-kidney macrophage analyses. All therapies trig-
gered early proinflammatory and fibrotic programs 2 days after
treatments, most striking with SGLT2 inhibition and most mod-
est with rosiglitazone. Combination therapy produced an ampli-
fication not captured by total macrophage analysis. These dynam-
ics reflect known early hemodynamic perturbations in patients:
SGLT?2 inhibitors cause a transient eGFR dip due to restoration of
tubuloglomerular feedback;!*’*%77] ACE inhibitors induce a mod-
est early creatinine rise via efferent vasodilation.*") Rosiglita-
zone, by contrast, exerted weaker and slower effects explained
by systemic insulin sensitization and fluid-retention.[®162] By
two weeks, cortical macrophages showed attenuation of inflam-
matory and fibrotic programs with all therapies, strongest un-
der SGLI?2 inhibition, delayed with ACE inhibition and modest
with rosiglitazone. Combination therapy nearly normalized these
programs. These transcriptional dynamics parallel clinical out-
comes, where SGLT2 inhibitors and ACE inhibitors are known
to slow DN progression, while thiazolidinediones provide only
limited renal benefit.[07778] Thus, cortical macrophage profiling
with MERLIN captured biphasic treatment responses involving
acute aggravation followed by attenuation and the differential
clinical effectivity of the three drug classes studied,[®"*?] which
more closely mirrored clinical observations than whole-kidney
macrophage analysis. As with any statistical analysis, these find-
ings do not establish causality between cortical macrophage acti-
vation and clinical drug responses in DN. Nevertheless, the cor-
relation was remarkable, and causality should be tested in future
studies.

MERLIN also allowed regional analysis in the brain, another
organ with distinct macro-anatomical structure,”*%% extending
the application scope of MERLIN to other organs. Interestingly,
the HVG within the transcripts of murine kidney and brain were
both highly enriched in pathways related to mononuclear phago-
cyte differentiation, leukocyte migration and chemotaxis. This
suggests that the positional information-carrying genes may be
similar across organs.

Studying further organs will require the generation of sScRNA-
seq training datasets. Doing so by dissecting macro-anatomically
discernable compartments, as done here, allows only mi-
croanatomical positional prediction, which is much inferior to
“true” spatial sequencing technologies. However, it may be pos-
sible to increase the resolution by generating training datasets
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using such spatial technologies. Thereby, MERLIN can comple-
ment true spatial techniques by its ability to utilize the numerous
scRNA-seq datasets from mice and humans with various diseases
published in online repositories. Furthermore, MERLIN can pro-
cess entire organs, whereas spatial sequencing techniques can
only examine a small area of an organ in a tissue section and may
miss areas of pathological importance, unless numerous sections
are analyzed, which is time- and very cost-intensive.

In conclusion, we present MERLIN as a robust, cost-efficient,
and effective method for inferring the regional localization of
macrophages from their single-cell RNA transcriptomes in both
physiological and pathological contexts. Our findings demon-
strate that regional analysis of macrophage transcriptomes can
yield novel pathophysiological insights and therapeutic targets.
Although the present study could only begin to address the com-
plexities of the kidney diseases studied here, the results are con-
sistent with current knowledge and extend them by new, testable
hypotheses for future investigation. MERLIN may provide a use-
ful framework for elucidating the roles of resident immune cells
in the kidney, the brain, and, prospectively, in other organ sys-
tems. Validation in organs with more complex anatomy or in
disease microenvironments will be important future steps. Fur-
thermore, extending MERLIN to additional datasets, including
multiplexed imaging, may allow extending its application across
diverse tissue architectures. While MERLIN is not currently po-
sitioned as a clinical diagnostic tool, it may offer scientific use-
fulness by enabling spatially resolved analysis of immune cell
states from scRNA-seq data. In disease models such as glomeru-
lonephritis, ischemia/reperfusion injury, and diabetic nephropa-
thy, MERLIN revealed compartment-specific macrophage pro-
grams, including hypoxia signaling, glycolytic activation, and fi-
brotic responses, that are not apparent in whole-kidney analyses.
These findings provided mechanistic insight into regional im-
mune dynamics and may inform therapeutic targeting. As spatial
transcriptomics and single-cell technologies become more inte-
grated into translational research, tools like MERLIN can help
bridge molecular profiling with anatomical context, supporting
the development of precision medicine strategies that account
for tissue microenvironment and immune cell localization.

4. Experimental Section

Mice: Male 10-week-old C57BL/6) mice were purchased from Charles
River and housed in the animal facility of the RWTH Aachen University,
University Clinic Bonn and University Clinic Hamburg-Eppendorf. Nephro-
toxic nephritis was used as an experimental cGN mouse model and in-
duced by treating the mice with nephrotoxic serum derived from sheep im-
munized with mouse kidney cortex extracts as previously described.[4131]
To collect the urine, mice were put individually in metabolic cages
overnight. The level of urine albumin was determined using ELISA kit
(Biomol, E99-134). Animal experiments were approved by the Landesamt
fir Natur, Umwelt und Verbraucherschutz of North Rhine-Westphalia, Ger-
many.

Single Cell RNA Sequencing of Renal Immune Cells:  Murine kidneys
from healthy or cGN mice were perfused with ice-cold PBS, dissected into
cortex, OM, and IM, and digested in RPMI 1640 medium with collagenase
and DNase. The resulting single-cell suspension was filtered, stained with
LIVE/DEAD™ dye and CD45 antibody, and sorted for immune cells using
BD ARIAI11. Sorted cells were loaded into a 10x Genomics Chromium chip,
libraries were prepared using the 10x Genomics Single-Cell Gene Expres-
sion Kit, and sequenced on Illumina NovaSeq 6000 after quality control.
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Analysis of Single-Cell RNA Sequencing Data: The raw sequencing
reads were demultiplexed using 10x Genomics Cell Ranger, generating
FASTQ files. Alignment and quantification followed, producing a gene
expression matrix mapped to the mm710 reference genome. The ma-
trix was then imported into Seurat (v4.0, R v4.1) for processing, inte-
grating datasets from healthy and cGN mice using IntegrateData. Cells
were filtered based on gene count (200-4000) and mitochondrial con-
tent (>20% removed; Figure 1). LogNormalization, scaling, PCA (2000
variable genes, vst method), and clustering were performed with Seurat’s
defaults. UMAP (20 PCs, resolution 0.5) visualized clusters, which were
annotated using SingleR (ImmGen) and known biological markers as re-
cently described.[81] The annotated gene expression matrix was extracted
for machine learning analysis.

Generation of Highly Variable Expressed Genes (HVGs):  HVGs were cal-
culated specifically for resident macrophages within each training dataset
(Aachen and Bonn) using the FindVariableFeatures function in Seurat v4.0,
with default parameters (mean.var.plot method, selection of top 100 genes
per dataset). These HVGs were then merged to generate the HVG137 and
HVG251 gene sets.

External Validation of Murine Renal Immune Cells: For external vali-
dation, we used the Hamburg dataset and a public single-cell RNA-seq
dataset (GSE129798) from the GEO database. The Public dataset included
murine immune cells from kidney compartments of healthy C57BL/6)
mice, sequenced using 10x Genomics Chromium v2. Both datasets were
processed using Seurat in R, following the original authors’ settings, and
their expression profiles were extracted for multinomial classification val-
idation with machine learning models.

Application of Spatial Signatures in Human Kidney:  To measure the pre-
dictive accuracy of murine spatial signatures across species, we down-
loaded a scRNA-seq dataset of mature human kidney with compartment
information from a published paper. In this dataset, the human kidneys
were dissected into cortex, OM and IM as we did on the murine kidneys.
Single cells from these three compartments were prepared by enzymatic
digestion and profiled by using Chromium single cell 3’ kit. Gene expres-
sion profiles of a certain immune cells subset were extracted and utilized
for prediction of positioning of renal immune cells.

Statistics:  All statistics were performed in the R software (Version 4.1).
Student’s t-test was applied to determine the statistical significance of the
difference between two individual groups. Multiple testing correction was
done by using Benjamini-Hochberg (BH) adjustment. A p-value lower than
0.05 was considered as statistically significant.

Data Availability: The scRNA-seq datasets generated in this study
have been deposited in the Gene Expression Omnibus (GEO) database
of the National Center for Biotechnology Information and are accessi-
ble via accession number GSE262968. The published scRNA-seq datasets
of murine kidney, human kidney and murine brain used in this study
are accessible in the original studies Endotoxin injury GSE151658;46] IRI
GSE180420;1°%1 diabetic nephropathy GSE184652.153] Further data gener-
ated in the present study are available in the Supplementary material. The
source code is available in the figshare database with the following link:
https://doi.org/10.6084/m9.figshare.28599722.
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Supporting Information is available from the Wiley Online Library or from
the author.
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