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Mouse lemurs (Microcebus spp.) are an emerging primate model organism, but their
genetics, cellular and molecular biology remain largely unexplored. In an accompanying
paper', we performed large-scale single-cell RNA sequencing of 27 organs from

mouse lemurs. We identified more than 750 molecular cell types, characterized their
transcriptomic profiles and provided insight into primate evolution of cell types. Here
we use the generated atlas to characterize mouse lemur genes, physiology, disease and
mutations. We uncover thousands of previously unidentified lemur genes and hundreds
ofthousands of new splice junctions including over 85,000 primate splice junctions
missing in mice. We systematically explore the lemur immune system by comparing
global expression profiles of key immune genes in health and disease, and by mapping
immune cell development, trafficking and activation. We characterize primate-specific
and lemur-specific physiology and disease, including molecular features of theimmune
program, lemur adipocytes and metastatic endometrial cancer that resembles the
human malignancy. We present expression patterns of more than 400 primate genes
missing in mice, many with similar expression patterns to humans and someimplicated
inhuman disease. Finally, we provide an experimental framework for reverse genetic
analysis by identifying naturally occurring nonsense mutationsin three primate
immune genes missing in mice and by analysing their transcriptional phenotypes.

This work establishes afoundation for molecular and genetic analyses of mouse lemurs
and prioritizes primate genes, isoforms, physiology and disease for future study.

Many of the genes, pathways and principles of modern biology and the
molecular foundations of medicine were uncovered through studies of
canonical genetic model organisms. Nevertheless, new model organ-
isms are being developed to study aspects of biology and medicine
not observed or poorly recapitulated in the canonical models?. The
expansionin emerging model organisms has been fuelled by genomic
advances that have made reference genomes readily attainable and
by gene editing tools such as CRISPR-Cas9 that have made the intro-

remains challenging and time-consuming to establish a rich cellular,
molecular and genetic understanding of anew model. We reasoned that
organism-wide single-cell transcriptomics could greatly facilitate such
understanding. Inanaccompanying paper’, we created a transcriptomic
atlas of more than 750 cell types of the grey mouse lemur Microcebus
murinus, an emerging primate model organism.

Mouse lemurs are an appealing model primate. Practical advantages
include their small size, easy husbandry, short generation time and

duction of targeted mutations practical in many species. However, it  abundanceinnature among primates®. Genomic sequence comparisons
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show that they are genetically intermediate between mice and humans?
(Supplementary Fig.1). Moreover, transcriptomic comparisons using
our newly reported atlas showed that expression patterns of many
human genes and cell types are more similar to their lemur counter-
parts than those of mice’. The physiology of mouse lemurs has been
studied for decades in laboratory colonies, especially their circadian
and seasonal rhythms, metabolism, cognition and ageing*”. Likewise,
theirecology, behaviour and phylogeny have beeninvestigated through
field studies in Madagascar®’. Here we use this new atlas' to character-
izemouse lemur genes, physiology, disease and mutations to provide
afoundation for molecular and genetic studies of this model primate.

The scRNA-seq atlas uncovers new genes

Our droplet-based (10x Genomics (10x)) and plate-based (Smart-seq2
(SS2)) single-cell RNA-sequencing (scRNA-seq) analyses of around
226,000 cells from 27 organs' from 4 aged mouse lemur donors (L1-
L4, with clinical and histological characterization'®; Supplementary
Note 2) provided an extensive amount of transcriptomic sequence
information. About 2 x 10" base pairs (around 10" bp of high-quality
reads each from 10x and SS2 sequencing) were distributed through-
out the approximately 2.5 x 10°bp genome (Mmur 3.0 annotation®),
whichaveraged around 10*-fold coverage of the transcriptome (about
2.5 x10%bp of annotated transcripts from the National Center for Bio-
technology Information (NCBI)). Such deep transcriptome coverage
across most of the cell types of most organs can enhance gene detec-
tion, structure definition and annotation beyond current methods®,
whichrely primarily on phylogenetic sequence comparisons and bulk
RNA sequencing, as done for M. murinus (NCBlannotation release 101,
Ensembl genome browser v.100).

To examine the value of this deep coverage, we first used the scRNA-
seqdatatosystematically detect unannotated genes across the genome.
Ahidden Markov model approach™ was used to identify transcription-
ally activeregions (TARs), which are genomiclocations with significant
scRNA-seq coverage (Fig. 1a). TARs constituted 13% (3.3 x 108 bp) of
the genome, with most (87%, 2.8 x 108bp, 11% of the genome) map-
ping to annotated genes (aTARs) (Fig. 1b). The rest (13%, 4.2 x 10’ bp,
1.7% of the genome) mapped to unannotated regions (uTARs), which
suggested that they could be unannotated genes. uTARs differentially
expressed across cell types accounted for 2.4 +1.5% (mean £ s.d.) of
the unique sequencing reads per cell, with up to 18.5% in sweat gland
cells (Fig. 1c and Supplementary Tables 1 and 2). These differentially
expressed uTARs are probably biologically significant because from
their expression patterns alone, we could cluster cell types and recon-
struct adult developmental programs (for example, spermatogenesis)
with a consistency approaching that using annotated genes (Extended
DataFig.1a-d).

To determine the gene identities of uTARs, we first confirmed that
TAR analysis has high sensitivity for detecting previously annotated
genes (Extended Data Fig. 1f). TARs captured almost all (98%, 4,884
genes) of the top 5,000 NCBI-annotated lemur genes with the high-
est cell-type expression variance in our scRNA-seq dataset. Moreo-
ver, they captured 44% (1,728; Supplementary Tables 1and 2) of the
3,904 genes annotated by Ensembl but not NCBI, and 88% (376) of
the 425 ‘primate-selective’ (PS) genes (see below). We then searched
for homologues of the 4,003 differentially expressed lemur uTARs
in other species (Fig. 1d, Extended Data Fig. 1e and Supplementary
Table1). DNA sequence searches (using BLASTn from the NCBI) identi-
fied homologous genes for 2,368 (59%) of these uTARs. Transcript and
proteinsequence searches (using DIAMOND blast and Infernal cmscan)
identified protein-coding hits for 3,185 (80%) genes, non-coding hits
for 45 (1%) genes and coding and non-coding hits for 231 (6%) genes
(Extended DataFig. 1g).

We also used our scRNA-seq datasets in a targeted approach to aid
genediscoveryinhistorically challenging loci. The B cell receptor (BCR)
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loci, which contain immunoglobulin genes, are difficult to annotate
because they comprise large arrays of related, rapidly evolving genes
and gene segments. Moreover, some segments are extremely short
(for example, 10 bp diversity (D) segments) and widely spaced, and
are brought together by variable-diversity-joining (V(D)J) recom-
bination during B cell development to create antibody diversity™.
Genomic mapping of the immunoglobulin heavy chain (/GH locus)
transcripts in B cells and plasma cells (§S2 dataset) revised /GA and
IGM gene structures and uncovered D and ] gene clusters. Mapping also
tripled the number of identified V genes (from 32 to 92) and identified
15unexpressed V genes as probable pseudogenes (Fig. 1e and Extended
DataFig.1h). Some expressed V genes mappedtoalargeV gene cluster
about5 Mbupstream of the rest of the IGHlocus, which suggested that
itis an orphan cluster. This atlas-enhanced annotation revealed that
the lemur /GH locus has a similar organization to the human locus.
However, the lemur locus is streamlined, with only a single constant
regionfor eachIGHisotype and noIGD, an evolutionarily plasticisotype
lost in many lineages'. Hence the lemur provides a simplified model
for understanding immunoglobulin gene rearrangement, expression
and functions. Analyses of immunoglobulin light chain genes simi-
larly enhanced the structure of /GK and /GL loci (Fig. 1e and Extended
DataFig. 1h). Thus, organism-wide scRNA-seq is an effective way of
detecting missed genes throughout the genome, including complex,
evolutionarily plastic regions.

The scRNA-seq atlas defines splice isoforms

To enhance the characterization of gene structures and splice sites,
we used the algorithm SICILIAN™ to uncover potential splice junc-
tions from sequence reads that mapped to discontinuous positions
along the genome (Fig. 1f and Supplementary Table 3). The current
lemur genome annotation (NCBI, genome size of about 2.5 x 10°bp) has
212,198 assigned splice junctions, 41% fewer than in humans (358,924
in RefSeq hg38, genomesize of around 3.1 x 10°bp) and 33% fewer than
in mice (319,497 in RefSeq mm10, genome size of about 2.7 x 10°bp).
These values suggest that thousands of lemur splice junctions remain
to be discovered. Application of SICILIAN to our scRNA-seq dataset
(Fig. 1f-h) computationally supported nearly all (98%, 202,802 junc-
tions) of the currently annotated splice junctions. However, annotated
junctions accounted for only 9.4% of the SICILIAN-identified junctions
(category A). Newly identified junctionsincluded 67,672 thathad both
5”and 3’ splice sites that have been previously separately annotated
(category B; for example, exon skipping) and 274,991 between an anno-
tated and a novel splice site (category C). Both types were supported
by substantial scRNA-seq reads (on average, 3,711 (category B) and
346 (category C) unique reads per junction). SICILIAN analyses also
detected newjunctions between two novel splice sites (category D) and
junctions that mapped to unannotated genes (category E). However,
these junctions and sites were supported by fewer reads (98 and 121,
respectively), which indicated that some could be a result of noise in
splicing® or are highly cell-type specific.

More than 85,000 of the lemur splice junctions were conserved
in humans but missing in mice (Fig. 1li and Supplementary Table 3).
Among the newly detected junctions, nearly 19,000 were conserved
in humans and/or mice, most of which (59%) belonged to category B.
These results suggest that organism-wide scRNA-seq combined with
the SICILIAN algorithm can greatly enhance RNA splicing and gene
structure characterizationinanew reference genome. Moreover, this
approach can be used to prioritize splice junctions and isoforms for
further study, such as those present in primates but missing in mice.

We next performed differential splicing analysis using multivariate
analysis of variance (MANOVA), whichidentified 545 genes that were the
most differentially spliced across cell typesin the atlas (Supplementary
Table 4). For example, the gene MYL6, which encodes a myosin light
chain that is ubiquitously expressed but poorly characterized®, can
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Fig.1|Organism-wide scRNA-seq uncovers new genes, splice forms and
orthologues. a-d, Discovery of new genes (transcriptionally active regions,
TARs).f-j, Discovery of new splice forms. k-m, Enhancement of gene annotation.
a, Scheme for finding uTARs in the genome. b, Fraction of the genome (base
pairs) that comprise uTARs and aTARs. ¢, Stacked bar plot showing the median
percentage (transcript reads) of differentially expressed uTARs (DE uTARs),
non-DE uTARs and aTARs for each atlas cell type. Example cell types enriched
for DEuTARs are indicated by their designation number. 13, sweat gland; 35,
enterocyte; H2, enterocyte/goblet; 130, pericyte; 179, basophil; 233, corticotroph;
235, lactotroph; 244, ependymal; 248, myelinating Schwann. d, Dot plot of
mean expression (based on unique molecularidentifier (UMI) counts: In[UMl,,/
UMl X10* +1], abbreviated as In[UP10K + 1] in dot heatmaps) and the
percentage of cells (dot size) expressing the indicated DE uTARs during
spermatogenesis. Gene names were assigned using a BLAST sequence homology
search.e, Current (Mmur 3.0, top) and revised (using the scRNA-seq cell atlas,
bottom) annotation of lemurimmunoglobulin (Ig) loci. Numbers above gene
clustersindicate the estimated number of functional genes and those in
parentheses pseudogenes, lacking transcripts. f, Scheme for characterizing
lemur splicejunctions. Bars, exons; lines, introns. g, Splice junction categories.
A, previously annotated; B-E, not annotated, including novel junctions between
two annotated exon boundaries (for example, novel exon skipping, B), between
annotated exonboundary and unannotated locationinthe gene (C), between
two unannotated locationsin the gene (D), and outside annotated genes (E).

h, Percentage of total splice junction counts and reads and mean reads per
junctionfor each category.i, Percentage of lemur splice junctionsin each
category thatare conservedinboth humanand mouse genomes (All), only
inhuman (H&L), only inmouse (L&M) or neither (L).j, Examples of genes

(MYL6, CAST and FAM92A) with cell-specific and tissue-selective alternative
splicing. Plots show the percentage of each isoform (coloured asin the diagram
above) expressedinindicated cell types or compartments. k, Stacked bar plot
showing the percentage of named (white), unnamed (grey) and uncharacterized
(black) genesinlemur, human and mouse genomes, separated by protein-coding
genes (PCGs), non-protein-coding (nPCGs) and all genes (All). 1, Top, three
types of human-lemur-mouse expression homologue triads. Left and middle,
triads of sequence homologues with similar expression profiles that are
assigned (NCBIand Ensembl) as orthologues (solid line) in all three species,
and thelemur orthologueis named accordingly (left) or unnamed (middle).
Right, triads of sequence homologues with similar expression profiles but
not currently assigned as orthologues (dashed line) for at least one species.
Bottom, number of each type when comparing lung or skeletal muscle
cell-expression profiles.m, Dot plot comparison of the mean expression of
selected expression homologue triads of each type across human, lemur

and mouse lung and skeletal muscle cell types. Two lemur unnamed loci
(LOC105862649 and LOC105862489) are assigned (NCBI) as orthologues of
mouse and human CD14, but only LOC105862649 (arrowhead) is an expression
homologue, which suggeststhatitisthetrueorthologue. LOC105874770is
assigned asan orthologue of human ALDH1AIbut not of mouse Aldhlal
(missed).For the three RAMP genes in each species, note that lemur RAMPI and
human RAMP3 are evolutionary outliers (asterisks), with both resembling the
conserved RAMP2 expression pattern. See also Extended Data Figs.1-3 and
Supplementary Fig. 2. Adv, adventitial; Alv, alveolar; AT2, alveolar type 2 cell;
cDC, conventional dendritic cell; FAP, fibroadipogenic progenitor; pDC,
plasmacytoid dendritic cell; PF, proliferating; SPC, spermatocyte; SPG,
spermatogonium; SPT, spermatid.
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be alternatively spliced to include or skip exon 6. Both isoforms are
producedin most cell types but their ratio can markedly differ. In pan-
creatic ocand 3 cells, most transcriptsincluded exon 6, whereas in ductal
andacinar cellsand mostimmune and germ cells, almost all transcripts
excluded it (Fig. 1j and Extended Data Fig. 2). CAST, which encodes a
regulator of membrane fusion, had its exon 7 included in about 50% of
transcripts inendothelial cell types but almost always skipped in other
celltypes (Fig.1jand Supplementary Fig. 2a). Numerous genes showed
sperm-specific splicing and differential splicing during spermato-
genesis (for example, FAM92A; Fig. 1j and Supplementary Fig. 2b-e).

The scRNA-seq atlas aids gene annotation

Gene identity assignments in new reference genomes have tradition-
allyrelied on phylogenetic sequence comparisons and chromosomal
positioning. Thatis, agene is assigned aname that corresponds to the
characterized homologuein other species with the greatest sequence
similarity and conserved chromosomal gene order because such con-
nectionsindicateadirect evolutionary relationship (orthologue). How-
ever, suchanalyses sometimes do notidentify homologues for agene
or can uncover multiple homologues with similar sequence identity,
thereby obscuring the true orthologue’®. Hence, about a quarter of
the genes (around 7,600) in the current lemur genome annotation
(NCBI) have only alocus identifier (for example, ‘Loc_’ or ‘orf’) and no
formal gene name or symbol or description (‘uncharacterized genes’).
Moreover, another quarter (about 8,000) have an initial description
from sequence homology but no name or symbol (‘unnamed genes’)
(Fig. 1k). The fractions of these uncharacterized and unnamed genes
inthe current lemur genome annotation are much greater than those
in the human and mouse genomes. Therefore, we sought to comple-
ment the classical approaches used for gene orthology assignment
and naming by identifying the sequence homologue (or homologues)
with the most conserved expression pattern (‘expression homologue’).

We used the algorithm SAMap" to find for each lemur gene the mouse
and human sequence homologues with the most similar expression
patterns across 32 orthologous lung and muscle cell types, which we
carefully curated in the same way for all three species. This strategy
identified 1,279 expression homologue triadsinlungand 1,686 in mus-
cle (Fig.1l,m, Extended Data Fig. 3 and Supplementary Table 5), most of
which (91%lung, 89% muscle) were triads of named orthologous genes
acrossthethreespecies (for example, ABCA3). This result substantiates
the orthology assignments of traditional approaches (Fig. 11,m). We also
identified 39 (3%) lung and 83 (5%) muscle orthologous gene triads that
showed conserved expression patterns, but for which the lemur locus
remained unnamed in the NCBI annotation. This finding indicates, for
example, that the identified lemur gene LOC105873604 is the ortho-
logue of mouse and human CIQB and should be named accordingly
(Fig.1l,mand Extended Data Fig. 3). There were also instances whereby
multiple unnamed lemur loci had the same NCBI description (for exam-
ple, ‘monocyte differentiation antigen CD14-like’), but acomparison of
expression patterns across speciesidentified the probable orthologue
(LOC105862649 as CD14 given its expression in lemur myeloid cells,
and LOC105862489 as a possible CD14 pseudogene given its sparse
expression) (Fig. 1Im and Extended Data Fig. 3). We also found expres-
sionhomologue triads withincomplete orthology assignmentsin the
NCBIand Ensembl annotations that were completed by cross-species
expression comparisons (for example, lemur LOC105874770 is prob-
ably amissed orthologue of mouse Aldhlal; Fig.1m).

Notably, the analysis uncovered a small fraction (6%) of genes (71 out
of1,279inlung, 98 out 0of 1,686 in muscle) for which the expression pat-
terns were not conserved with their assigned orthologues (Fig. 11, mand
Extended DataFig. 3). For example, in the lung, RAMPI, which encodes
ahormone co-receptor, was highly expressed in endothelial cell types
inlemurs, myeloid cell types in mice and sparsely in humans. In fact,
lemur RAMPI shared alung expression pattern most similar to RAMP2,
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which was selectively expressed in endothelial cells across all three
species. These results suggest that lung endothelial and myeloid cells
have species-specific responses to certain hormones®. This finding
exemplifies rare, species-specific adaptations that have dissociated
gene expression patterns from their conserved protein structure.
Examination of the expression patterns of homologues therefore pro-
vides another dimension for gene naming and orthology assignment
and for exploring the diversification of gene expression in evolution.

We also used the atlas to enhance annotation of the major histocom-
patibility complex (MHC) (Extended Data Fig. 4a—e), which encodes
antigen-presenting proteinsin adaptiveimmunity. The MHC is difficult
toannotate because of its extreme evolutionary plasticity”, including
some of the most polymorphic genes in the genome?® due to muta-
tions, gene duplications and deletions that individualize immune
systems and their response to infection. Allele-specific expression
analysis of MHC class Il genes across the atlas established gene copy
numbers. The analysis also distinguished major (highly and broadly
expressed) class Il genes (DQA, DQB, DRA and DRB) from minor genes
expressed at lower levels and in fewer cells (DMA, DMB, DPA and DPB)
and unexpressed putative pseudogenes (DOA and DOB) (Extended Data
Fig. 4c,h). A similar analysis of class I genes distinguished a cluster of
non-expressed pseudogenes (chromosome 6) from a functional cluster
(11expressed genes on chromosome 20q) thatincluded four with high
and widespread expression, which we designate ‘classical’ (Mimu-168,
Mimu-W03, Mimu-W04 and Mimu-249), and three previously thought
to be pseudogenes (Mimu-180ps, Mimu-229ps and Mimu-239ps) based
onsequence analysis? (Extended DataFig. 4a—c,h and Supplementary
Note 3).

Thus, organism-wide scRNA-seq is a powerful complement to phy-
logenetic sequence comparisons for the creation of a high-quality
annotation of agenome.

Immune expression, development and function

Little is known about the cell or molecular biology of lemurs. Our
organism-wide transcriptomic atlas can expedite such understand-
ing. Here we demonstrate how we used the atlas to examine lemur
immune function, a physiologically important process with significant
human-mouse differences?. We mapped global expression patterns
of three key sets ofimmune genes and examined immune cells across
thebody to characterize their development, dispersal and activation.
These analyses revealed generalimmune functionsin lemur as well as
primate specializations.

Classical MHC class I genes were highly and broadly expressed
(Extended Data Fig. 4f-h), a result that reflects their widespread role
in presenting peptides derived from cytosolic proteinsto CDS' T cells®.
However, expressionvaried between compartments (highestinendothe-
lial and immune, intermediate in stromal and epithelial, low in neural
and germ cell), and even within a compartment there were significant
cell-type differences (Extended Data Fig. 4f-h). For example, CXCL10*
capillary cells and lung capillary aerocytes showed the highest expres-
sionof MHC class I genesin the atlas, and non-myelinating Schwann cells
were anotable exception to the generallow expression of these genesin
the neural compartment, suggesting special roles for these cell typesin
protecting the lung and peripheral nervous system againstintracellular
pathogens. MHC class Il genes were more specifically expressed, notably
inprofessional antigen-presenting cells (dendritic cells, macrophages
and B cells) (Extended Data Fig. 4f,h), a result that reflects their role
in presenting fragments of engulfed extracellular pathogens to CD4*
T cells®®. However, they were also expressed across the endothelial com-
partment, like in humans but not in rodents?, and at particularly high
levelsinseveral capillary subtypes (Extended Data Fig. 4f,h). There was
little expressionin stromal, epithelial and neural compartments, except
two stem cell niche cells (adipo-CXCL12-abundant reticular (adipo-CAR)
and osteo-CAR cells) and some mesothelial and lung epithelial (ciliated,
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Fig.2|Organism-wide mapping of chemokine signalling and neutrophil
maturation. a, Dot plot of the mean expression of selected chemokine
receptors and their primary cognate ligands across immune and other major
interacting celltypesin the atlas (10x data). Boxes of the same colour highlight
celltypeshighly expressing areceptor (filled boxes) andits ligand (open boxes).
b, UMAP ofimmune cellsin the atlas (10x and SS2 data) that were integrated
using the FIRM algorithm across all tissues and individuals, coloured by major
immune cell type. Inset (boxed), extracted neutrophil UMAP with cells coloured
by celltype.Blackline, pseudotime trajectory; thingrey lines, individual cell
alignmentsto trajectory. ¢, Neutrophil lineage cells (dots; coloured asinb
inset) along the pseudotime trajectory (x axis) separated by the source tissue
(y axis) and individual lemur (L1-L4; merged on the right). The light blue

AT2) cells (Extended Data Fig. 4h). These high-expressing non-immune
cells presumably have ‘non-professional’ roles alerting the immune
system to extracellular pathogens.

Mapping BCR immunoglobulin gene expression established many
classical features of B cell development and function in the lemur.
Theseincluded expressionin each B cell of adominantimmunoglobu-
lin heavy and light chain isotype, and heavy chain isotype specificity
by tissue, and class switching during B cell development with clonal
expansion in different tissues. We also characterized the heavy chain
complementarity-determining antigen-binding region (CDRH3)
(Extended Data Fig. li-k and Supplementary Table 6).

Expression of chemokines (32 genes) and their receptors (24
genes) (Supplementary Table 7) provided insight into the regulation

background highlights the trajectory location of non-activated, mature
neutrophils (the main circulating neutrophil population in health) with
progenitor or maturing cells to the left and activated neutrophils to the right.
Note thatlemur L1 had progenitor cellsin the blood, which implicated
dysregulation of granulopoiesis. Lemur L2 had maturing neutrophilsin the
blood (clinically called ‘left shift’). Lemurs L1-L3 all had activated neutrophils
inperipheralinflamed tissues, which was probablyinresponse toinfection or
malignancy. Grey dashed linesindicate organs not profiled. See also Extended
DataFigs.5-8, Supplementary Notes 4-7 and Supplementary Figs. 3 and 4.
BM, bone marrow; Br, brain; Eos, eosinophil; GMP, granulocyte-monocyte
progenitor; HPC, haematopoietic precursor cell; Hypo/Pit, hypothalamus/
pituitary gland; LM, limb muscle; SI, smallintestine.

of immune cell trafficking (Fig. 2a, Extended Data Fig. 5 and Supple-
mentary Fig.3). Ligands were broadly expressed across non-germ cell
compartments, whereas receptors were mostly restricted toimmune
populations (Extended DataFig. 5a). For example, we identified specific
cell types (adipo-CAR and osteo-CAR cells) that expressed CXCL12,
which is thought to enable retention of haematopoietic progenitors
(which express its receptor CXCR4) within bone marrow and regulate
therelease of maturing cellsinto the circulation asthey downregulate
receptor expression®2 (Fig. 2a and Supplementary Fig. 3a). We also
identified epithelial cell types that express CCL20, whichisimplicatedin
the recruitment of receptor CCR6-expressing immune cells?. Similarly,
cortical and brainstem neurons were identified to express CX3CL1,
which attracts CX3CRI-expressing microglia®®. Finally, we identified cell
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types and chemokines that may direct diverseimmune cells tolymph
nodes (detailed in Extended Data Fig. 5c, Supplementary Note 4 and
Supplementary Fig. 3c).

Inadditionto theselocal interactions, we globally mapped the lemur
haematopoietic program beginning with bone marrow progenitors
and continuing with their maturation, dispersal and differentiation
throughout the organism and activation in specific tissues. The inte-
grated immune cell uniform manifold approximation and projection
(UMAP) plot (Fig. 2b and Extended Data Fig. 6a—d) reconstructed the
developmental trajectories of major haematopoietic lineages. We
describe the neutrophil lineage here.

Neutrophils are circulating leukocytes that ingest microorganisms
and release granules containing enzymes that kill them. Human and
mouse neutrophilmarkers (CSF3R* and MSR1") identified about 59,000
developing, proliferating and mature lemur neutrophils across the atlas
thatrecapitulated their full trajectory (Fig.2b). The trajectory showed
sequential expression of granulopoiesis genes (Extended DataFig. 6e),
which mimicked the time course of different granule production dur-
ing human neutrophil maturation®. Itincluded antimicrobial enzymes
absentor expressed atlow levelsin the corresponding mouse granules
(DEFA1,DEFA4, BPI,ALPL and ARGI)**. Lemur neutrophils also expressed
multiple human neutrophil genes missing in mice (AZU1, 1L32, TCN1,
FCAR, S1I00A12, CCL14, CCL16 and CXCL8)*° (Extended Data Fig. 6e).

Mapping tissue locations of neutrophils along the trajectory in
each lemur (L1-L4) revealed specific inflammatory sites and global
feedback regulation of haematopoiesis (Fig. 2c and Extended Data
Fig. 7). The expected distribution of neutrophils in health (earliest
progenitors and maturing neutrophils predominantly localized to
bone marrow; mature, unactivated neutrophils enriched inblood and
other tissues) was observed for lemur L4 (Fig. 2c). However, activated
neutrophils (designated CCL13" and IL18BP*, end of trajectory) were
foundinthelung, bladder, kidney and perigonadal fat of lemur L2, the
lung of lemur L1and the uterus of lemur L3 (Fig. 2cand Extended Data
Fig. 6e-g),which were focal sites of inflammation from infection or
malignancy (see below). These advanced neutrophils showed down-
regulation of mature neutrophil markers that facilitate extravasation,
induction of chemokines that promote homing to inflammatory sites
and recruitment of additional neutrophils (CXCL8 (also known as /L8)
and CCLS (also known as RANTES))* and markers of neutrophil ageing
and lymph node trafficking (Extended Data Fig. 6e,g and Supplemen-
tary Notes 5and 6). The CCL13" and ILI8BP* subtypes showed different
tissue distributions across lemurs L1-L3 (Extended Data Fig. 6e-g and
Supplementary Note 6), which suggested that local factors can drive
distinct activation pathways. We also uncovered global responses to
neutrophil activation. Lemur L2 had leukocytosis (32.1k pl™; 4.5-11 k pl™
inhealthy humans) dominated by neutrophils (91%), which were shifted
towardsimmature stages of the trajectory (Fig. 2c). This result provides
amolecular demonstration of the classical ‘left shift’ seen in smears
of human blood, which reflects the movement of immature neutro-
phils from the bone marrow into the circulation to replenish neutro-
phils recruited to an infection site® (Extended Data Fig. 7). Lemur L1
showed a distinctive global pattern, with neutrophils from across the
trajectory in circulation (Fig. 2c), presumably from dysregulation of
granulopoiesis by widespread fibrous osteodystrophy, as seen in the
histopathology analyses.

We ssimilarly mapped development and trafficking of the monocyte-
macrophage lineage, which showed dozens of distinct, tissue-specific
macrophage subtypes, including several locally activated subtypes
(Extended DataFig. 8, Supplementary Note 7 and Supplementary Fig. 4).
By contrast, mature T cells, natural killer (NK) cells, natural killer T
(NKT) cellsand innate lymphoid cells formed asingle isolated cluster, as
did B cells and plasma cells (Fig.2b and Extended DataFig. 6h), which sug-
gestedrapid lymphocyte development with few standing intermediates.

Extended Data Fig. 7 summarizes the expression of the above high-
lighted chemokines and immune regulatory genes that govern the
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trafficking of leukocytes from the bone marrow into the circulation,
extravasationinto inflamed tissues and clearance through the lymphat-
icsinresponse to cancer and infection in lemur L2. This analysis high-
lights how the organism-wide atlas provides arichand dynamic portrait
of the lemur immune system, revealing many cellular and molecular
aspects of development and function, including human-like features
that differ from mice.

Lemur disease and physiology

We leveraged the atlas to explore lemur disease and physiology. The
analysed lemurs were elderly and had human-like pathologies, as
revealed by necropsy®. Both female lemurs (L2 and L3) had endometrial
cancer (Fig.3a,b and Extended Data Fig. 9a-c). This cancer is the most
common malignancy of the female reproductive tract and the fourth
mostcommon cancer inwomen in the United States®, with increasing
incidence and mortality attributed to an ageing population andincreas-
ing obesity**. Animal models of this cancer are limited. Mice do not
naturally acquire endometrial cancer, and although rats do, they and
engineered mouse models generally resemble low-grade type 1rather
than high-grade, intractable type 2 tumours®. The cancer in lemur L2
was uncovered as a previously undescribed lung cell type (Fig. 3c) that
expressed high levels of OXTR (which encodes the oxytocin receptor)
(Fig. 3e), agene known to be highly expressed in female reproduc-
tive tissues®. Comparisons across the atlas revealed their similarity
to uterine epithelial cells (Fig. 3d and Extended Data Fig. 9d,e), and
necropsies established the diagnosis of primary endometrial carcinoma
with metastases to the lung (L2) or to the mesenteric lymph nodes
(L3)%. Organism-wide atlases therefore enabled the identification of
the primary site of cancers of unknown origin, which constitute around
2% of all human cancers®.

The presumptive primary tumour cells in the uterus of lemur L3
(based on co-expression of the human endometrial and ovarian can-
cer markers CA125 (also known as MUC16) and HE4 (also known as
WFD(C2)*), showed enriched expression of OXTR.MYCand ERBB2 (also
knownas HER2) (Fig. 3e), two genes commonly amplified or mutatedin
human type 2 endometrial tumours®, were also enriched. Moreover,
the cells expressed INHBB, which, asahomodimer (activin B), promotes
cancer cell migration and invasion, and its expression correlates with
higher grade endometrial tumours*. The lung metastasis sample also
expressed ERBB2, its binding partner EGFR and specifically the ligand
EGF,whichindicated progression to autocrine mitogenic signalling dur-
ing metastasis. Expression of ESRI (which encodes the oestrogen recep-
tor) was lost* (Fig. 3e), a pattern that correlates with more advanced
human tumours*. Lemur endometrial cancer therefore molecularly
and histologically mimics the aggressive human form, including its
metastatic propensity. However, experimental validation is needed.
Thelemur presents a promising model to explore susceptibility factors,
pathogenetic mechanisms and therapies, in particular anti-angiogenic
(VEGFR), anti-EGF-EGFR and endocrine (for example, ESR1) therapies
giventhe expression of these potential targetsinboth lemur and human
tumours. Conversely, therapies used in humans might help control the
disease in lemurs®,

Anotableaspect of mouse lemur physiology is their marked annual
oscillationsin body weight, temperature and metabolism as theyentera
hibernation-like (torpor) state during the resource-poor winter. Mouse
lemurs therefore provide amodel for primate seasonal rhythms, regula-
tion of metabolism and adipose biology***. We analysed four lemur fat
depotsandidentified hundreds of adipocytes that expressed canonical
adipocyte markers, including lipid biosynthesis and metabolic genes
(forexample, PNPLA2, FASN, GPDI and CIDEC) and adipokines (ADIPOQ
and CFD)* (Fig. 3f-i and Extended Data Fig. 10). We also found rare
adipocytesinseven other tissues (Fig. 3hand Extended Data Fig.10a,d).

Lemur adipocytes showed two notable features. Although they
expressed most of the established adipocyte markers, they did not
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Fig.3|Cellular and molecular characterization of mouse lemur cancerand
fatdepots. a,b,Image ofanintactlung fromlemurL2 (a) and asection stained
with haematoxylin and eosin (b) showing metastaticendometrial tumour
nodules onthe lung surface and extending into the parenchyma® (n=1). Scale
bar,1 mm.c, UMAP of lung cells from lemurs L1-L4 (10x and SS2 data, FIRM-
integrated) coloured by compartment. Note theisolated cluster (arrow) of
epithelial cells, identified as metastatic tumour (Met) cells. d, Sina plot of the
Pearson’s correlation coefficients between lung metastatic cells from lemur
L2andallotheratlas cell types (10x and SS2 data, coloured by compartment).
Note the high correlation with uterine non-ciliated epithelial cells (FXYD4*
MUC16") fromlemur L3, presumptively a primary tumour. e, Dot plot of the
mean expressioninlungand uterus epithelial cell types (separated by lemur,
coloured bars) of endometrial (and ovarian) cancer (EC) serum marker genes
and genes (indicated by anasterisk) known to be amplified, overexpressed or
mutated in EC with their cognate ligands, receptors and/or modulators2,
Lung met > epith, genes enriched in lung metastasis compared with lung
epithelial cell types; Uterus tum > epith, genes enriched in uterine FXYD4"
MUCI16" cells compared with other uterine epithelial cell types. f,g, FIRM-
integrated UMAP of adipocytes and adipo-CAR cells (10x and SS2 data) coloured

strongly express the classical adipocyte hormone leptin (LEP), which
is highly expressed by human and mouse adipocytes and regulates
food intake, energy expenditure and weight*® (Extended Data Fig. 10f).
LEP expression was detected in only 0.6% of lemur adipocytes and at
alowlevel (mean of 3.2 transcripts per 10,000 reads), and even lower
levels in unrelated cell types. However, its receptor LEPR was selec-
tively and highly expressed in a similar cellular pattern as in humans
and rodents**¢ (Extended Data Fig. 10f). Perhaps LEPis inducible in
lemur adipocytes depending on the season, diet or other factors¥, or
some occultcellular source (or another gene) has usurpedits function.

Another aspect of note was the blurring of the distinction between
white and brown adipocytes. Aside from bone adipo-CAR cells, which
may be adipogenic progenitors (Fig. 3f,i), adipocytes formed two con-
tinuous populations distinguished by the expression of uncoupling
protein 1(UCPI), the canonical thermogenic brown adipocyte marker*®
(Fig. 3f,gand Extended Data Fig. 10a-c). We designate the UCP1" popu-
lation as ‘brown-like’ because they also expressed increased levels
of known thermogenesis regulators (for example, CPT1B, SLC27A2,
FABP3and KCNK3)**° (Fig. 3i). We designate the UCP1'°" population as
‘white-like’ because of the enriched expression of many white adipocyte
genes (for example, NNAT and DPT), despite the expression (albeit low)
of the brown-defining gene UCPI. Further blurring the white-brown

by celltype (f) and expression levels of indicated genes (g). Adipocytes form
two main populations, distinguished by the expression of classical white
(forexample, NNAT) and brown (for example, UCPI) adipocyte markers (g),
and designated here as UCP1°" and UCP1", respectively. UCP1"" formed two
subclustersin UMAP that differed only in the total gene and UMI counts per cell
and not the expression of any biologically significant genes (Extended Data
Fig.10a-c). h, Distribution of UCP1" versus UCP1* adipocytes in the indicated
fat depotsand organs (10x and SS2 data from lemur L2 and combined fat
depots fromlemur L4).n,number of adipocytes. BAT, interscapular brown
adipose tissue; GAT, perigonadal adipose tissue; MAT, mesenchymal adipose
tissue; SCAT, subcutaneous adipose tissue. i, Dot plot of the mean expression
oftheindicated cell-type markers and differentially expressed genesin the
indicated cell types (L1-L4,10x data). Notably, the classical brown adipocyte
marker CIDEA and the white adipokine RBP4 (asterisks) were equally expressed
acrossalladipocytes. Symbolsinbracketsindicate the description of genes
identified by NCBlasloci: [GZMBL], LOCI105864431; [AOX2], LOCI05856978;
[AKRIBIOL],LOCI05857399 and LOC105860191;[ATP1A2],LOC105862687;
[COX7A1],LOCI05876884; [Uncharacterized 1], LOC105854963. See also Extended
DataFigs. 9 and 10. Cil, ciliated; Met, metastatic; Non-cil, non-ciliated.

distinction, both the classical brown adipocyte marker CIDEA and the
white adipokine RBP4 were equally expressed across all adipocytes®
(Fig. 3i). These mixed molecular signatures suggest that the white-
brown adipocyte distinctionis less strong in M. murinus, and the con-
tinuum between them suggests potential interconversion between
white-specific lipid storage and brown-specific thermogenesis, perhaps
affording functional plasticity for energy-intensive seasonal cycling.

There was no exclusively brown-like fat depot among the surveyed
depots; eachsite contained exclusively white-like adipocytes or amix
(Fig. 3h). Different depots did not cluster separately or differentially
express any biologically significant genes (Extended Data Fig.10a,e),
except gonadal adipocytes, whichwere enriched for SI00AS, SI00A9,
S100A12,IL1B, MT2A and MTIE, which are correlated with inflamma-
tory and feeding status and insulin resistance®**, It will be important
tostudy seasonal changesin gene expressionin each depottoexplore
adipocyte plasticity and its role in seasonal physiology.

Primate genes missing in mice

Lemurs could be valuable in the study of human genes missing or
expressed differently’ in mouse or other model organisms. Compari-
sons of lists of orthologous protein-coding genesin humans, lemurs and
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Fig.4|Lemur expression patterns of PS genes. a, Scheme foridentifyingand
characterizing PS genes. The pie chart shows the fraction of the approximately
20,000 human protein-coding genes withidentified orthologues (in NCBI,
Ensembl and/or Mouse Genome Informatics) inlemur and/or mouse. The 539
(3%) that share an orthologue only with lemur (PS genes) correspond to 481
lemur genes b, Number of PSgenes enriched (or depleted) in a specific tissue
compartment. Cross-compartment, enriched or depleted in >1 compartment.
c,d, Sinaplots showing the expression of example PS genes that are compartment
enriched or depleted (c) or organ-enriched (d) (10x data), with cell types (dots)
grouped by compartment (c) or by organ (d). e, Dot plot of the mean expression
of PSgenes enriched or depleted in the germ compartment. Values are averaged
acrossallcellsintheindicated non-germ compartments and germcell types
(10x data). f, Dot plot of the mean expression of selected PS genesin 63
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orthologous cell typesin human and lemur lung (L), skeletal muscle (M), liver,
testes, and bone marrow and spleen (B/S)'. Rows, orthologous genes (indicated
with human gene symbols). Columns, cell types displayed as paired dots
showing expressionin humans and lemurs. Symbolsinbracketsindicate the
description of genesidentified by NCBlasloci: [TRGC10], LOCI0587825S5;
[AMY2BL], LOC105863954; [MTIEL], LOC105866478;[CARDISL], LOC105862464,
[H2BC12], LOC105858749; [AK1],LOCI05869668; [HSFX4],LOC109730266;
[SPANXN4],LOC105864720; [EXT],LOC105877793; IMT2A], LOC105866476;
[MT2AL], LOC105866477; IMTIXL], LOC105866553; [H2H2BE], LOC105865505;
[RPL36AL],LOCI05873222.D/S, diplotene/secondary; EP, erythroid progenitor;
Hep, hepatocyte; MG, mammary gland; MGP, megakaryocyte progenitor; MK,
megakaryocyte; MuSC, skeletal muscle stem cell; VSM, vascular smooth muscle.
Seealso Supplementary Figs.5and 6.
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Fig.5|Nonsense mutationsinlemurimmune genes and their transcriptional
phenotypes. a, Scheme for finding and transcriptional phenotyping of
nonsense mutationsin the profiled lemurs. b, NMD pathway showing the
degradation of mRNA with anonsense mutation (bottom) but not the
corresponding WT mRNA (top). c-n, Identified heterozygous nonsense
mutations and their transcriptional consequences for three lemur immune
genes presentinlemur and human genomes but missinginthe mouse genome:
CDS8 (c-f), aubiquitously expressed CD2-binding T cell activator; GBP1

(g-j), aninterferon-inducible GTPase highly expressed in endothelial cells; and
LOC105864482 (PYHINI homologue; k-n), aninterferon-inducible protein
abundantinT cellsand NK cells. ¢,g,k, Diagram of mutations (arrowhead) with
the affected exon (E) inred in the affected (heterozygous mutant) individual
lemurs. ‘Stop’indicates achange to astop codonin the mutantallele.d,h,l, Bar
plots of relative transcript read countsin the mutant allele normalized to
counts fromthe WT allele (raw values above bars) for each affected individual
(10x data). Dots, each tissue. Note that transcript reads analysed here are only
those that covered the mutation position. Pvalues, one-tailed binomial test

mice (Supplementary Table 8) identified 539 human genes for which
there were orthologuesinlemur (425 orthologues annotated in NCBI)
but not mice (Fig. 4a and Supplementary Table 9), which we call PS
(primate-selective) genes here for simplicity. At least 24 PS genes cause
human disease or phenotypes® (Supplementary Table 9), whereas oth-
ers have important roles in human physiology, such as motilin (MLN
and the receptor MLNR) in gastrointestinal motility*®, CD58in antigen
presentation, and FCAR (IgA receptor), CXCL8 and SI0O0A12ininflamma-
tion. Gene set enrichment analysis showed that PS genes are enriched
in transcription factor activity and regulation and in herpes simplex
virus linfection, including many zinc finger proteins (Supplementary
Table10). Nearly all (94%) NCBI-annotated PS genes were expressed in
the atlas (Supplementary Table 9). Some were selectively expressed
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(combining reads fromall tissues). Sample size (unique read count) indicated
abovethebar.e,i,m, Dot plots of therelative expression levels of thegenein
mutant (heterozygous) versus WT individuals, normalized to the mean expression
level across all WT cells (dashed line). Dots, cell types separated by each
individual, coloured by compartment (n=46,49 (e); 9,3 (i); 44,19 (m) for WT
and mutant, respectively). P values, two-tailed student t-test. f,j,n, Models of
theeffects of the nonsense mutation on the expression of the mutantand WT
alleles of the gene. f, Simple model showing how NMD degrades only the
mutantand notthe WT transcript. Around 90% depletion of CD58 mutant
transcript (d) resultsin about 45% less transcripts in heterozygous mutants (e).
j,NMD destroys both mutantand WT transcripts (or, thereis attenuation of a
positive-feedbackloop). Thus heterozygous mutants have areductionin total
GBPI transcripts (i) greater than expected (h) from the simple model. n, NMD
destroys mutanttranscripts, but the gene exhibits compensatory transcriptional
upregulation. Despite almost complete (99%) elimination of mutant
transcripts (), heterozygotes show only about 30% less total gene transcripts
than WT animals (m). See also Extended Data Fig. 11. LOF, loss of function.

(or depleted) in specific compartments (166 genes) and/or specific
organs (99 genes) (Fig. 4a-e, Supplementary Fig. 5). Many were spe-
cifictothe male germline,immune cells and neurons, whichindicated
substantial evolutionary gene plasticity in these compartments. Many
PS genes (including some with unknown functions) exhibited similar
expression patterns in humans and lemurs (Fig. 4f, Supplementary
Table 9 and Supplementary Fig. 6), and these should be prioritized for
functional study in lemurs.

Phenotyping natural mutations

A crucial step in establishing a model organismis the development
of methods for functional analyses in vivo of individual genes and
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mutations. We used the atlas to achieve this for lemurs (Fig. 5a and
Extended Data Fig. 11). Whole-genome sequencing was performed, and
natural mutations (single nucleotide polymorphisms and insertions
and deletions) in the profiled lemurs were uncovered by carrying out
comparisons to the reference genome Mmur 3.0. We focused on genes
with putative null (nonsense) alleles that were present in one or two
ofthe profiled lemurs.

Most identified nonsense mutations were heterozygous; therefore,
weleveraged our scRNA-seq datato distinguish transcripts fromeach
allele to quantify the effect of nonsense-mediated mRNA decay (NMD)
(Fig. 5b). For autosomal genes, both alleles are generally transcribed at
similar levels. Butin anindividual with a heterozygous nonsense muta-
tion, transcripts with the mutation would be selectively degraded by
the NMD pathway and hence underrepresented relative to the wild-type
(WT) transcript, with the magnitude of difference reflecting the effi-
ciency of mutant mRNA destruction.

Here we describe the transcriptional phenotypes of nonsense muta-
tionsidentified in four genes for whichhuman orthologues functionas
immune regulators (Fig. 5c-n and Extended Data Fig. 11a-d). Two are
PS genes: CD58 (which encodes a T cell CD2 ligand) and GBPI (which
encodes aninterferon-inducible GTPase ininnate immunity). The third,
LOC105864482, is a homologue of human PYHINI (which encodes an
interferon-inducible protein), with orthologuesrestricted to primates
(and flying lemurs, a close primate relative). For all three genes, non-
sense transcript reads were substantially depleted (74-99%) compared
with WT transcripts in the same individual, which implied efficient
destruction by NMD (Fig. 5d,h,l). For the fourth gene, CLEC4E (which
encodes an immune regulator conserved across humans, lemurs and
mice), mutant transcript reads were 37% depleted, whichimplied less
efficient NMD (Extended Data Fig. 11b). This result is consistent with
thelocation of this mutationin the last exon, which prevents or reduces
NMD¥,

We used the atlas to reveal the indirect consequences of the muta-
tions on expression of the WT allele and overall expression of the
gene by comparing total transcript levels of the gene between het-
erozygous and WT individuals. For CD58, heterozygous individu-
als exhibited about 45% less CD58 expression than WT individuals
(Fig.5e), the level expected based on the observed approximate 90%
depletion in the mutant transcript (Fig. 5d). This finding indicates
that transcription of the WT allele was unaffected by the transcripts
with nonsense mutations (Fig. 5f). However, for LOC105864482,
the heterozygous lemur showed only an approximately 30% overall
reduction in LOC105864482 expression relative to WT individuals
(Fig. 5m) despite almost complete (99%) elimination of the mutant
transcript (Fig. 5I). This result suggests that there is compensatory
upregulation of the WT transcript (Fig. 5n). By contrast, GBPI and
CLEC4E heterozygotes showed more than the expected reduction
in their overall expression (Fig. 5h,i and Extended Data Fig. 11b,c),
which suggested that NMD somehow also reduces (in trans) tran-
scripts of therespective WT allele or positive feedback is attenuated
(Fig.5j). Thus, the atlas enabled the transcriptomic characterization
of nonsense mutations in lemurs and highlighted gene-specific dif-
ferencesin NMD.

Discussion

We used our transcriptomic atlas' to establish a foundation for molecu-
lar and genetic studies of mouse lemurs. We identified and named
thousands of mouse lemur genes and their expression homologuesin
addition to hundreds of thousands of splice forms missed by conven-
tional pipelines, including genes in the most difficult to annotate loci.
We also showed how the atlas can be used to elucidate lemur physiology
with cellular and molecular precision, such as development, traffick-
ing and activation of immune cells, as well as lemur endocrinology*.
By combining the atlas with clinical metadata and histopathology, we
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ascertained richmolecular portraits of lemur disease such as the patho-
genicsequence of endometrial cancer. Such ‘molecular cell autopsies’
represent anew eraof pathology, providing bothlocal and systems-level
understanding of disease and inflammatory processes.

We also used the atlas to identify high priority areas for mouse
lemur studies, in particular genes, physiology and diseases that are
conserved in humans, or specific to lemurs, but absent or divergent
in mice. For example, further investigation into primate-specific
molecular features of the immune program, adipocytes and meta-
staticendometrial cancerisneeded. Our classical autopsies uncovered
other human-like pathologies, including cataracts, osteoarthritis,
chronickidney disease and amyloidosis®, and previous studies have
identified Alzheimer’s-like neurodegenerative disease®. A top priority
for futures studies are the >400 primate genes missing in mice, and
the many others present in mice but for which expression' or splicing
differ from primates.

Finally, our experimental pipeline for reverse genetic analysis tran-
scriptomically characterized natural null alleles in several top priority
genes: primate immune genes missing in mice. In parallel, forward
screens for lemur morphological, physiological and disease pheno-
types identified eight human-like cardiac arrhythmias and mapped
the disease gene for one (sick sinus syndrome), a transporter with
primate-specific pacemaker function®®. Forward and reverse genetic
approaches are now possible for the mouse lemur, although tools
for targeted genetic and transgenic studies (for example, induced
pluripotent stem cells, CRISPR technologies and viral vectors) await
development.

The results from this study and the accompanying paper! have cre-
ated a strong molecular, cellular and genetic foundation that make
mouse lemurs a tractable primate model. This foundation and our
approaches can be used to elucidate almost any aspect of primate
physiology, disease, ecology and evolution, and can be compared to
humans and mice as well as other emerging model organisms and ulti-
mately the full tree of life.
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Methods

uTAR analysis to identify unannotated genes

To uncover uTARs, we used a previously published workflow" for
scRNA-seq data that identifies TARs, genome regions with abundant
transcript alignments. In brief, all mouse lemur 10x datasets were
aligned to the genome assembly Mmur 3.0 using STAR with default
parameters, without gene annotation indexing. Transcribed regions
were predicted using groHMM>’, TARs within 500 bp of another were
combined into asingle TAR and kept if they were expressed in at least
2 cells of the 10x atlas dataset. The detected TARs were then separated
into aTARs and uTARs on the basis of whether the region is currently
annotated as a gene in the NCBI annotation release 101 of Mmur 3.0.
This strategy identified that aTARs and uTARs cover 284 and 42 Mbp,
respectively, of the mouse lemur genome (2,487 Mbp).

Tofilter out transcriptional and sequencing noise from biologically
significant uTARs, we then examined whether a uTAR was differen-
tially expressed across cell types using Wilcoxon rank-sum tests. This
analysis was performed separately for each tissue and individual lemur.
A DE uTAR was defined as a uTAR if it met the following criteria: had
asignificant Bonferroni-corrected P < 0.05 from the two-tailed Wil-
coxon rank-sum test; expressed in >25% of cells of a cell type; and had
a cell-type mean expression level of >1.65 (¢°°) times the average of
other cell types in the same tissue. Some of the uTARs passed the dif-
ferential expression testin multiple cell types and/or tissues. Together,
atotal of 4,003 DE uTARs were identified. To infer their identity, we
applied BLASTnon each of the DE uTARs against the nucleotide collec-
tion (nt) database (with a threshold of maximum e value of 0.01and a
minimum bit score of 50) using either the entire length of the uTAR or
the peak coverage region (full width at half maximum region around
the absolute peak in coverage after Gaussian smoothing in the uTAR
location). Occasionally, multiple uTARs aligned to the same gene in
another species. The genome location and inferred homology of all
DE uTARs and their expression levels across the cells in the atlas (10x
data) are provided in Supplementary Tables 1and 2. There were 30
DE uTARs with a BLASTn result that corresponded to one of the 2,060
human genes without amouse lemur orthologue, which are probably
genes missed from annotations of Mmur 3.0 inthe NCBland Ensemble
databases (for example, GSTA3 in tendon cells of the bone, T/IGDI in
CD4" T cellsand SPRR2G in suprabasal epidermal cells; Supplementary
Table1). Note that 14 out of these 30 genes have no mouse orthologue,
which suggests that these are PS genes.

DE uTARs were also classified as protein-coding or non-coding
using the custom program Nf-core/predictorthologs (https://github.
com/czbiohub-sf/nf-predictorthologs)®®, with sequences containing
95% or more k-mers (k =9) matching a reference database of mam-
malian proteins from UniProt assigned as putatively protein-coding,
and otherwise assigned as non-coding. Coding sequences were then
annotated using DIAMOND blast® and non-coding sequences were
annotated using Infernal cmscan (https://www.ebi.ac.uk/Tools/rna/
infernal_cmscan/), both algorithms that are built into Nf-core/pre-
dictorthologs. Some uTARs had both coding reads and non-coding
reads, which potentially represent incompletely spliced transcripts
or untranslated regions.

To detect the developmental trajectory of the sperm lineage cells
inthe testes 10x dataset using the uTAR expression data, we followed
the same procedure as for detecting the trajectory through gene
expression data, which is described in the accompanying paper’. The
analysis included a total of about 50,000 uTARs that have transcript
reads in the testis dataset. Each uTAR was treated as a gene, and data
were first normalized for scRNA-seq library size (to 10,000 total uTAR
transcripts per cell) and natural log-transformed. The top highly vari-
able uTARs (around 1,500) were then used for principal component
analysis. The top 20 principal components that were not driven by
extreme outlier dataorimmediate early genes were used to construct

atwo-dimensional (2D) UMAP using cell-cell Euclidean distances as
input. The pseudotime developmental trajectory was thenidentified as
the density ridge of the data in this 2D UMAP through automated image
processing. Cells were assigned to the trajectory on the basis of the
shortest connecting distance. The pseudotime trajectory coordinates
of the cells were linearly normalized such that the trajectory started
at 0 and ended at 1, and then were compared with the pseudotime
coordinates derived from the gene-based trajectory using Pearson’s
correlation. The uTAR expression data were similarly pre-processed
(normalized, scaled and UMAP embedded) in other analyses, includ-
ing when comparing the UMAP cell distribution patterns of the 10x
colondataset (Extended Data Fig.1d) and in the silhouette coefficient
analysis (Extended Data Fig. 1a).

To measure the consistency of cell distribution patterns for 10x
datasets embeddedina UMAP using the gene, aTAR and uTAR expres-
sion spaces, silhouette coefficient values were calculated for each
dataset (separated by tissue and individual lemur, and sequencing
channel). Cellswere grouped according to cell-type designation (free
annotation). The silhouette coefficient value for each cell iin adataset
was calculated as s(i) = (b(i) - a(i))/max{b(i),a(i)}, where a(i) is the
mean in-group distance (mean distance of cell i to the other cells in
the same cell type) and b(i) is the minimal out-group distance (mini-
mal distance of cell i to any cell in the tissue of a different cell type).
The cellsilhouette coefficient values were then averaged across each
dataset to derive the dataset-averaged silhouette value, which is an
overall score representing how well each cell type co-clusters and
separates from other cell types in the UMAP embedded space, with
higher positive values representing better separation. The silhouette
coefficient values were calculated separately using the cell-to-cell
distances in UMAPs based on the gene expression, aTAR expression
and uTAR expression spaces, and then compared with a box plot
(Extended Data Fig. 1a).

The lists of genes for each category shown in Extended Data Fig. 1f
were obtained as follows. Lists of the top n variable NCBI-annotated
genes were derived by applying variance-stabilizing transforma-
tion to the entire 10x dataset and selecting the genes with top n
transformed variance. The list of the genes annotated by Ensembl
only (not by NCBI) were detected by comparing the genomic posi-
tions of mouse lemur genes annotated in the two databases, search-
ing for the Ensembl-annotated gene with no overlap in NCBI. The PS
genes were derived as described below and listed in Supplementary
Table9.

To determine the amount of transcriptomic sequence information
provided by the mouse lemur scRNA-seq atlas datasets, we estimated
the total number of sequenced base pairs that mapped to the mouse
lemur genome. For the 10x datasets, the total number of aligned
paired-end reads (around 1.63 x 10'°) was multiplied by the number
of base pairs per read (90), which equated to1.46 x 10 bp, although this
number isinflated by PCR duplicates. However, summing the number
of UMIs across all cells in the atlas (around 1.22 x 10°) and multiplying
it by the number of base pairs per read (90) equated to 1.10 x 10" bp,
which is 10-fold less than the estimate with total reads. For the SS2
datasets, the total number of aligned paired-end reads (1.11 x 10'°) was
multiplied by the number of base pairs per read (100), which equated to
1.11 x 10 bp (unique reads are not possible to identify in SS2 datasets).
By comparison, the total number of bulk RNA-seq base pairs used by the
NCBIfor gene prediction and annotation of Mmur 3.0 equates to about
3.4 x10"bp (across around 3.4 x 10° total reads), which was calculated
by summing the number of sequenced base pairs for each RNA-seq run
(alltissues and generic samples included), information obtained from
the Sequence Read Archive (SRA) (biosample identification numbers
and corresponding SRA link available at https://www.ncbi.nlm.nih.
gov/genome/annotation_euk/Microcebus_murinus/101/). However,
this estimateisinflated because itincludes base pairs from unaligned
reads and does not correct for PCR duplicates.
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SICILIAN splicing analysis

Toidentify splice junctions of mouse lemur transcripts, we used SICIL-
IAN, astatistical method used for unbiased and annotation-free detec-
tion of splice junctions'% Raw sequencing reads from the atlas (10x
and SS2 datasets) were first aligned to the mouse lemur genome assem-
bly Mmur 3.0 using the STAR algorithm with parameters chimSegment-
Min =12, chimJunctionOverhangMin =10, chimOutType = “WithinBAM
SoftClipJunctions”, and default values for the rest of the parameters.
SICILIAN then extracts spliced reads that mapped to discontinuous
regions of the genome. These reads could provide evidence for can-
didate splice junction sites but may also reflect sequencing noise or
alignmenterror. For each of these potentially spliced scRNA-seq reads,
SICILIAN estimates aread-level confidence score, which quantifies the
probability that the alignment of the read is true based on features that
influence sequence alignment (for example, sequence entropy of the
read, sequence mismatches and number of mappinglocations for the
read inthe genome). It then incorporates all the read-level scores for
thereadsalignedto each potential splice junction and computes a final
confidence score (empirical P value) for the junction. The empirical
Pvalue was computed for each SS2 celland 10x channelin the dataset,
separated by lemurindividual, then the median was calculated for these
empirical P values across the dataset. Junctions with median empiri-
cal P<0.1were selected for follow-up analyses. The threshold 0.1was
determined as the optimal pointin the receiver operating characteristic
(ROC) curve based onsimulated datain thearticle describing the SICIL-
IAN method" (see ROC in Fig. 1e), which identified that a threshold of
0.15maximizes discovery sensitivity and specificity (Youden’s index)
using bulk simulated RNA-seq data. Here we prioritized specificity to
identify high-confidence novel junctions and therefore used a more
stringent threshold (0.1).

The detected splice junctions were compared with the junctionsin
transcriptsannotated inthe NCBlannotation release 101 of the mouse
lemur genome assembly Mmur 3.0. The detected splice junctions were
categorized into five types (Fig. 1g). Type A refers to junctions that
matched an annotated splicing pattern. Types B-D refer to junctions
that aligned to an annotated gene but the specific splicing pattern is
unannotated. Specifically, type B contains junctionsin which both the
donor (5) and acceptor (3’) splice sites are annotated but not previously
paired (for example, unannotated exon skipping), type C contains
junctionsinwhichonesiteis annotated and the other is not (for exam-
ple, annotated donor site but unannotated acceptor site) and type D
containsjunctionsin which both splices sites are unannotated. Type E
refers to detected junctions that do not align to any annotated gene.

To examine whether the detected splice junctions are conserved
in human or mouse genomes, we used the UCSC LiftOver tool from
the UCSC genome browser®® and computed the fraction of junctions
annotated in the mouse and/or human genome by consideringajunc-
tion as conserved only if it had successful LiftOver conversion to the
other genome (that is, both 5" and 3’ splice sites in the lemur genome
mapped successfully to unique coordinates in the other genome).

To identify cell-type-specific splicing events, we performed two-
tailed MANOVA separately on the 10x data from each tissue. Cell types
with fewer than ten cells or junctions present in fewer than two cells
were removed from the analysis. To highlight splicing events with
global effects, we analysed the genes with at least two spliced reads
mappingtothegeneineachcelltypeinthetissue. Note, however, our
approach caneasily be extended to include more genes expressed in
only a subset of cell types. Let C be the set of cells, and / be the set of
junctions for this gene. Consider cell m € C and junctioni €/ for a
particular gene. Let n,(,f) be the number of reads mapping to junction
{in cell m. The fraction of junctional reads mapping to junctioniin
cell mis therefore defined as follows: £ =n{/¥,, n¥. The dataset
average fraction of junction i was then calculated as follows:
FO=%ccn®/Secc Yo nd. The scaled z score for junction i in

0 _

cellmwas defined as follows: 2 ( [3,e 09 ) Y —f(’))/»/f(') a-r9.
MANOVA was then performed using the cellular z scores of each junc-
tionforthegeneasinputandthe cell type (free annotation) as output.
This analysis generated, for each gene, a P value of all cell typesinthe
tissue having the same multivariate mean junctional expression.
Benjamini-Hochberg correction was then applied to all P values. To
identify alist of candidate junctions with the most significant cell-type
differential splicing, a stringent threshold (corrected P <107'¢) was
used, which resulted in 545 junctions.

SAMap analysis to study the conservation of gene expression
patterns across species

To compare expression patterns of homologous genes across the
human, lemur and mouse genomes, we used the SAMap method™%*.
In addition to the lemur 10x cell atlas datasets, mouse and human 10x
scRNA-seq datasets were retrieved from Tabula Muris Senis® and Tabula
Sapiens®, respectively. We applied SAMap to these datasets to compare
the cell-type expression patterns of homologous genes across the three
species. Although the SAMap algorithm does not require cell-type
labels, having comparable annotations simplifies the interpretation
of the mapping results. Therefore, we limited the analysis to the tis-
sues (lung and skeletal muscle) that were re-annotated using the same
standards as described in the accompanying paper’. This cross-species
data with new unified cell-type designation can be found on Globus
(see Data availability).

SAMap was used to simultaneously map genes and cells across the
three species (human, lemur and mouse). For each pairwise combina-
tion of species, SAMap first detects homologous genes (sequence hom-
ologues) through bidirectional BLAST analysis of the transcriptomes
ofthe two species, as annotated by Ensembl and NCBI. A cross-species
gene-to-gene graph is then generated, with edges connecting a gene
in one species and ahomologous gene in the other species and edge
weights assigned as sequence similarity of the gene pairs. Thehomology
graphs from all pairwise comparisons of species were combined into
one, tripartite adjacency matrix. Using this initial gene graph, SAMap
projectsthe three scRNA-seq datasetsinto ajoint, lower-dimensional
manifold representation. This joint manifold enables estimation of
similarity between cells and genes across species. Note that the SAMap
method considers not only one-to-one orthologuesbutalso integrates
many-to-one, one-to-many and many-to-many orthologous genes as
well as the non-orthogonal relationship between non-orthologous
genes, whichare commonlyignoredin cross-species comparisons given
their complexity. Next, the expression correlations between homolo-
gous genes were calculated in the initial joint manifold to re-weight
the edges of the gene-gene homology graph. Using the re-weighted
homology graph as the new input, SAMap then iterates until conver-
gence to generate a final joint manifold. The expression correlation
between homologous genes of the two species calculated across the
jointmanifold quantifies the similarity of the expression patterns of two
genes. Homologous gene pairs with an expression correlation higher
than 0.3 were deemed expression homologues; that is, homologues
that share similar expression patterns across mapped cells. Triads
of mapped expression homologues from human, lemur and mouse
datasets were identified.

We then examined for each expression homologue triad whether
the three gene pairs were assigned as orthologous genes in NCBland/
or Ensembl (Supplementary Table 8). We further examined for each
expression homologue triad whether the lemur gene is named or
unnamed in NCBl annotation release 101 of the mouse lemur genome
assembly Mmur 3.0 (with only alocusidentifier, forexample, ‘Loc_"or
‘orf’). Expression homologue triads were then categorized into three
types (Fig.11). Type ‘named orthologue’ refers to triads that consist of
three orthologous gene pairs, and the lemur gene is named accordingly.
Type ‘unnamed orthologue’ refers to triads of three orthologous gene
pairs but the lemur gene is unnamed. Type ‘non-orthologue’ refers to



triads that contain atleast one non-orthologous gene pair, regardless
of the naming status of the lemur gene. Supplementary Table 5 lists
the expression homologues detected in this study.

Quantification of genes that are named (with a gene symbol),
unnamed (only a locus identifier, for example, ‘Loc_"or ‘orf’,and a
suggested gene description) or uncharacterized (unnamed and with
no gene description) for Fig. 1k was obtained from the following data-
bases: genome assembly Mmur 3.0 and NCBl annotation release 101 for
mouse lemurs; assembly GRCh38.p13 and NCBIl annotation release 109
for humans; and assembly GRCm38.p6 and NCBI annotation release
108 for mice.

BCR analysis

Toimprove the annotation level of mouse lemur BCR loci (which con-
tain immunoglobin genes), we first used BLAST® with human BCR
genes (retrieved from ImMunoGeneTics (IMGT)®®) to search for unan-
notated variable and constant region genes (for example, /GG) in the
mouse lemur genome (Mmur 3.0, NCBlannotation release 101). We then
built a custom reference database from these retrieved mouse lemur
immunoglobulin genes and the human IMGT sequences to extract
transcripts and to assemble theimmunoglobulin sequence for each of
the 829 B celland plasma cells from the SS2 data analysed using BASIC®.
Immunoglobulin sequences obtained through BLAST searches of the
transcriptomes from a subset of mouse lemur atlas B cells were added
to the custom reference database to further improve alignment. Con-
stant regions from both the heavy and light chain contigs assembled
using BASIC were aligned to the reference database using BLAST, and
thebest hit (withatleast 80 nucleotides of overlap) was used to assign
theisotype (thatis, /GA, IGG, IGM or IGE for the heavy chain, and /GK or
IGL for the light chain) for each cell. Putative Vand] gene families and
the CDR3sequences from both the heavy and light chain contigs were
identified using IgBlast’. In some cases, BASIC was not able to gener-
ate a contig for the heavy and/or light chain; therefore, the isotype
was not assigned for these cells (52 and 10 cells for the heavy and light
chains, respectively). In other cases, BASIC was unable to assemble a
single continuous contig fromboth constant and variable region ends
of either the heavy and/or light chain, and therefore, we submitted
to BLAST and IgBLAST the two contigs constructed from each end
(94 and 100 cells for heavy and light chains, respectively) or the only
constructed contig from oneend (147,1,28 and 2 cells with only heavy
chain constant, heavy chain variable, light chain constant and light
chain variable contigs, respectively). In rare cases, constant-region
isotypes were not assigned for cells for which BLAST returned differ-
ent hits from the variable and constant region ends (16 and 13 cells for
heavy and light chains, respectively). Similarly, V gene families were not
assigned for cells for which IgBLAST returned different hits (alignment
quality V score >100) from the constant and variable contigs (3 and
59 cells for heavy and light chains, respectively). These discrepancies
may be caused by doublets of B cells and plasma cells (although apply-
ing the program Scrublet” with default parameters identified only 3
out of the 80 cells with 2 different BLAST or IgBLAST hits as possible
doublets) or more probably, reflect dual expression as more recently
appreciated’?. CDRH3 lengths were calculated as the number of amino
acids between the canonical C at the 5’ end of the sequence and the 3’
sequence WGXG, where Xis any amino acid. CDRL3 (including A and k
chains) lengths were calculated as the number of amino acids between
the canonical Catthe 5’ end of the sequence and the 3’ sequence FGXG
or WGXG, where X is any amino acid.

Allimmunoglobulin sequences assembled through BASIC were
then used to determine the minimum number of constant and vari-
ableregionallelesinthe mouse lemur genome. These sequences were
aligned using MAFFT”® and then manually corrected using Geneious
Prime (v.2021.1.1; https://www.geneious.com). Because somatic muta-
tion patternsin/GVgenes canrender asingle V geneindistinguishable
from separate but closely related alleles, we estimated a minimum

number of V genes based on the number of V loci that occur in the cur-
rentassembly of the genome. Long-read sequences covering this region
would help determine the true number of V gene loci.

Clonal lineages were identified as groups (n > 2) of cells in a single
individual lemur with the same light chainisotype and identical CDRH3
and CDRL3 lengths, with both having at least 80% identity across the
cells.

MHC gene expression analysis

The methods used to examine mouse lemur MHC gene structure, to
extract MHC gene expression from the atlas and to re-annotate MHC
genes are detailed in a previous study?. In brief, raw fastq files from
10x scRNA-seq data from each organ for all individual lemurs were
mapped againsta MHC reference sequence extracted from the Mmur
3.0 genome assembly according to the bacterial artificial chromosome
(BAC) sequences™”, as well as the known expressed mouse lemur class |
Mimu-WO01-04 (ref. 76) (GenBank accession numbers are provided in
Supplementary Note 3) using bowtie2 (ref. 77). The mapping results
were assessed for mismapping of reads, allelic variation and the pos-
sible presence of additional genes through manualinspection using the
Integrative Genomics Viewer (IGV)”®and Geneious Prime (v.2021.2.2).
The fastq files were also ‘probed in silico’ by searching for reads that
contained sequences specific to the known genes. Thisapproach con-
firmed the absence of expression of particular MHC genes. For the
analysis of expression levels, a reference specific to each individual was
created and used withbowtie2 to map the reads extracted fromthe raw
fastq files for each tissue. The sequences used were restricted to the
final 600 bp (comprising exon 5 through the 3’ UTR) to avoid compli-
cations from potential recombinant sequences. Manual inspection of
theresults fromthe blood 10x scRNA-seq files was used to determine a
mapping quality (MAPQ) threshold for each gene. The sequence align-
ment map (SAM) file from the mapping was converted to aBAM file and
thendividedintoindividual BAMfiles for each gene. These individual
files were then filtered to remove reads below the MAPQ threshold.
For the remaining reads, the cell barcode and UMI were counted. The
expression level was normalized as read counts per 10,000 UMIs and
then natural log transformed. Counts for each MHC gene (raw and
normalized) are availablein the metadatafor every h5adfilein Figshare
(https://figshare.com/projects/Tabula_Microcebus/112227).SS2 data
were not used owing to limited data available regardingallelic variation
and recombination between alleles and/or genes thatis prevalentin the
MHC. The lack of phase information for the SS2 data made it impossible
toaccurately assign all sequences to specific genes (only the terminal
37600-650 bp could be assigned with confidence toaparticular class |
gene). Discarding the upstream information would have biased the
expression-level results. Thus, we chose to focus on the 10x dataset,
for which the majority of the sequences were obtained from a single
region that fell within 600-650 bp of the 3’ end and therefore could
be unambiguously assigned to a specific gene.

Chemokine ligand and receptor expression analysis

Alist of human chemokine receptors was compiled from the litera-
ture’®® and their cognate ligands were obtained from CellPhoneDB®
(Supplementary Table 7). We included the four atypical chemokine
receptors, which induce G-protein-independent downstream sig-
nalling®?, as well as the chemerin (encoded by RARRES2) receptors
(CMKLR1,GPR1and CCRL2) giventheir established dual roleinimmune
and adipokine chemoattraction®. The chemokine CXCL17, without a
known receptor, was also included. Of the 25 identified receptors, a
corresponding lemur orthologue annotated in NCBI was found for all
except CCR2. Of the 45 cognate ligands, a corresponding lemur ortho-
logue was identified for 32. The expression level of each of the lemur
orthologuesacrossall celltypesin the10x datasetis summarizedin Sup-
plementary Fig.3c. Cell-type expression levels for each gene were then
binarized (thatis, expressed or not expressed) based on absolute and


https://www.geneious.com
https://figshare.com/projects/Tabula_Microcebus/112227

Article

relative thresholds for the purpose of building aninteraction network,
per below. First, anabsolute threshold was applied, which required that
ageneisexpressed atnon-zerolevelsin atleast 5% of cells of acell type
and withamean expression level of at least 0.5 across all cells from that
cell type. Second, arelative threshold was applied, whereby for each
gene, a ceiling expression level was defined as the expression level of
the 99th percentile of all cell types that passed the first threshold (to
remove outliers with abnormally high expression levels). Cell types
with areceptor gene mean expression level above 5% of the ceiling were
deemed to be expressing the receptor. A higher threshold (20%) was
applied forligand genes given that ligands are diffusible and therefore
require high levels to be functional.

Tobuild achemokineinteraction network across all cell typesinthe
atlas, connections (edges) were drawn between cell types (nodes)
expressing a ligand and cell types expressing the cognate receptor.
Self-loops were allowed, wherein a cell type expressed both the ligand
and the corresponding receptor. Connections between cell types from
different organs (other than blood) were excluded given the short
effectiveintercellular communication distances of chemokine signals.
Note that edges are directed such that cell type A expressing aligand
and cell type B expressing the cognate receptor formed a separate
edge from cell type B expressing the same ligand and cell type A
expressing the cognate receptor. Multiple connections in the same
direction between two nodes (that is, two cell types with more than
one receptor-ligand interaction) were counted as a single edge. The
network density was calculated as the number of edges identified
divided by the total number of possible edges in the network: @.

Nn odes

The density was calculated separately for the following networks:
interactions across all cell types in the atlas; only immune cell types;
only non-immune cell types; and between immune and non-immune
celltypes.

Cross-organimmune cell analysis

Immune subpopulations were identified and annotated through the
systematic subclustering of the lymphoid and myeloid compartment
ineachtissue for every individual lemur, then adjusted throughinspec-
tion using cellxgene after integration of tissues across all individuals
to ensure consistency of cell-type labelling, as described in the accom-
panying paper'. Clusters branching off the main group were labelled
with a differentially expressed gene (DEG) (for example, neutrophil
(CCL13"), neutrophil (ILI8BP*) and B cell (SOX5%)), and cells express-
ing proliferative markers (MKI67 and TOP2A) were appended with
‘PF’ (for example, B cell (PF)). For macrophages, their identities as
tissue-resident macrophages based on published marker genes (see
supplementary table 1in the accompanying paper') was indicated
by appending the corresponding name (for example, macrophage
(Kupffer cell), macrophage (microglial cell)), given that a clear dis-
tinction from monocyte-derived macrophages was challenging (with
the exception of lung tissue-resident alveolar and monocyte-derived
interstitial macrophages, which were confidently distinguished on
the basis of canonical markers and labelled as such). Identification of
DEGs for each subpopulation was performed using two-tailed Wilcoxon
rank-sum tests, selecting genes with log fold change >1and P < 0.05
after adjustment by using Benjamini-Hochberg correction.

For the cross-organ monocyte-macrophage analysis, all granulo-
cyte-monocyte precursors, monocytes and macrophages from the
atlas were extracted for further analysis. Data were integrated across
the four lemur individuals and then across the scRNA-seq methods
(10x and SS2 datasets) using the FIRM algorithm®* to correct for batch
effects. Inthis integrated UMAP, monocyte populations co-clustered
across tissues, whereas macrophage populations were generally
separated by tissue. We therefore tried additional FIRM integration
across tissues; however, tissue-specific separation of macrophage
types and bladder monocytes from lemur L2 remained. Therefore,
we did not perform tissue-level FIRM integration for the final UMAP

to avoid potential computational bias from overcorrection. We then
examined the expression levels of known monocyte and macrophage
markersreported intheliterature as well as the distribution of mono-
cytesand macrophages fromeachtissue in the FIRM-integrated UMAP
(Extended Data Fig. 8 and Supplementary Fig. 4). In addition to the
tissue-specific and tissue-resident populations highlighted in Sup-
plementary Fig. 4, we found that pancreatic and heart macrophages
formed separate populations. However, these results were excluded
from further analysis because they probably resulted from technical
issues. That is, the DEGs for pancreatic macrophages were broadly
expressedinother cell types of the same tissue (signal spreading), and
the heartsample had overall fewer transcripts per cell (lower quality).

The neutrophil developmental trajectory was based on embedding
of neutrophils in the FIRM-integrated UMAP of the entire atlas (as
described in the accompanying paper?). This resulted in co-clustering
of neutrophils by theindividual and tissue, which enabled recapitula-
tionof the developmental trajectory. We also tried FIRM integration of
neutrophils alone (by individual and scRNA-seq methods). However,
this resulted in separation of neutrophils by tissue and individual,
which was largely driven by batch effects (no biologically meaningful
DEGs were identified across most clusters). This result suggests that
neutrophils are more molecularly homogeneous across tissues com-
pared with other cell types such as macrophages. The trajectory was
obtained using an in-house algorithm that detects the density ridge
of the cell distribution on the FIRM-integrated UMAP embedding, as
described inthe accompanying paper’, with the direction of the trajec-
tory manually assigned on the basis of the expression of neutrophil
maturation markers. Similar to the neutrophils, the FIRM-integrated
UMAP of B cells and plasma cells showed global separation of plasma
cells and B cells. However, further cell separation was driven by batch
effects. In the atlas-wide UMAP, the clear separation between B cells
and plasma cells precluded further trajectory analysis.

Endometrial cancer analysis

Uterine cancer was identified by scRNA-seq and later confirmed by his-
topathologyinboth of the female lemurs (L2 and L3). Both had metas-
tases, with L2showing spread to the lungand L3 toanintra-abdominal
lymphnode. We analysed lung metastasisinlemur L2 and the primary
tumour in lemur L3. The uterus of L2 was not analysed by scRNA-seq
because we were unaware of the tumour at the time of tissue collec-
tion. For lemur L3, we were unable to sequence the metastasis given
the liquefactive necrotic nature of the tissue.

To compare the novel lung epithelial cell cluster in L2 (retrospec-
tively identified as endometrial tumour cells metastasized from the
uterus) with all other cell types of the atlas, we examined the correla-
tion scores (Fig. 3d) and UMAP embedding (Extended Data Fig. 9¢)
of their gene expression profiles using the methods described in the
accompanying paper’. Here we extracted results of the metastatic
tumour cell type. In brief, to calculate the cell-type pairwise correla-
tionscores with the lung metastatic tumour cell typeinlemur L2, atlas
data were first integrated across individuals, tissues and scRNA-seq
methods (10x and SS2) using FIRM®*, and FIRM-generated principal
component coefficients were calculated for each cell. The coefficients
were then averaged across all cells of a cell type and used to calculate
the Pearson’s correlation scores between every atlas cell type and the
metastatic cells. The lung cell type in L2 that is a hybrid of metastatic
and AT2 cells, which could be doublets of the two cell types (although
Scrublet” only identified one of these five cells as a possible doublet)
was excluded from the analysis. The lung metastatic tumour cells in
L2 had high correlation (0.94) with the uterine non-ciliated epithelial
cells (FXYD4"MUCI16%) in L3, the presumptive primary tumour. Other
celltypes with high correlation scores to the metastatic cellsincluded
kidney ductal and secretory cells (0.80-0.95), pancreatic ductal cells
(0.85-0.88), other uterine epithelial cells (0.70-0.89), fat urothelial
cells (0.87), liver cholangiocytes (0.86) and brain ependymal (0.65).



Togenerate the cell-type UMAP (Extended Data Fig. 9e), gene expres-
sion levels were averaged across cells for each cell type (10x dataset,
excludinglow-quality cell types and ones represented by <4 individual
cells). Expression levels were normalized (0 to1scale) to the maximal
value of each gene across all cell types, and the normalized cell-type
gene expression matrix was projected onto a 2D space with cosine
distances between pairs of cell types as input.

Differential gene expression analysis was performed on lung
metastatic cells versus all other lung epithelial cells and on uterine
FXYD4*MUCI16" epithelial cells versus all other uterine epithelial cells
(10x datasets) using two-tailed Wilcoxon rank-sum tests (P < 0.05, after
adjustment using the Benjamini-Hochberg method), and selected
examples are presented in Fig. 3e.

Adipocyte analysis

Adipocytes and adipo-CAR cells were extracted from the FIRM-scaled
andintegrated data of the entire atlas (1,231 cells, 10x and SS2 datasets,
seeaccompanying paper'). The top 3,000 highly variable genesin the
FIRM-transformed gene count table of adipocytes and adipo-CAR cells
were selected, and dimensionality reduction by principal component
analysis was performed (top 13 principal components) to generate a2D
UMAP of adipocytes and adipo-CAR cells. Differential gene expression
analysis on the UCP1"&" and UCP1"°" adipocyte populations (L2and L4,
10x data) was performed using two-tailed Wilcoxon rank-sum tests
(P<0.05, after adjustment using the Benjamini-Hochberg method),
and example genes were selected for presentationin Fig. 3i. Similarly,
differential gene expression analysis was performed between the adi-
pocytes of each fat depot of L2 (BAT, GAT, MAT and SCAT), and the top
ten genes enriched in each depot were selected for presentation in
Extended Data Fig.10e.

Most of the adipocytes in the atlas were isolated from fat depots,
for which the tissue-dissociation protocol was designed to enrich for
the stromal vascular fraction and exclude adipocytes (see the supple-
mentary methods in the accompanying paper’). Most were from L2
(Extended Data Fig.10a), whose adipocytesin fat depots surrounding
several tissues (for example, kidney, spine and uterus) were generally
small, predominantly multilocular, densely stained and mitochon-
drialrich (Extended DataFig.10d). These are also features of brown or
beige adipocytes in humans and mice. They intermingled with small,
unilocularadipocytes withasingle lipid droplet, which resemble white
adipocytes. By contrast, adipocytes from L3 and L4 were generally
larger and most were unilocular (Extended Data Fig. 10d). These may
be harder to capture using current scCRNA-seq protocols, so may have
contributed to the lower yield of adipocytes for L3 and L4.

Identification of PS genes and analysis of their expression
patternsinlemur and human genomes

Alist of human and lemur orthologous genes with no corresponding
mouse orthologue was compiled by merging human, mouse lemur and
mouse homology assignments from NCBI, Ensembl and MGl databases
using a similar method used to compile the list of one-to-one-to-one
gene orthologues for the comparison of cell types across the three
species in the accompanying paper'. We began by compiling allhuman
protein-coding genes annotated in NCBI (taxonomy identifier (ID):
9606), then merged the corresponding mouse lemur and mouse
orthologues from NCBI (gene_info.gz and gene_orthologs.gz from
https://ftp.ncbi.nlm.nih.gov/gene/DATA/, accessed February 2020 and
August 2023). We next added Ensembl gene ID numbers, gene names
and lemur or mouse orthologue assignments from Ensembl Biomart
(Ensembl Genes v.99, February 2020), using the Ensembl gene ID (vari-
able ‘Gene_stable_ID’) for each NCBIgene ID (variable ‘NCBI_gene_ID’)
in Ensembl Biomart. MGl mouse gene ID numbers, gene names and
orthologue assignments (none provided for lemur) from the Jackson
Laboratory (HOM_MouseHumanSequence.rpt from http://www.infor-
matics.jax.org/downloads/reports/, Feb 2020) were added using the

MGl homologyID (variable ‘HomoloGene_ID’) attributed to each NCBI
gene ID (variable ‘EntrezGene_ID’) in the MGl database. The Online
Mendelian Inheritance of Man (OMIM)* genetic disorder phenotype
associated with each human gene (genemap2.txt from https:/www.
omim.org/downloadsJanuary 2022, variable ‘Phenotypes’) was added
using the gene name (variable ‘Approved_Gene_Symbol’) in the OMIM
database.

A human gene was identified as sharing an orthologue with lemurs
if at least one such assignment was made by either Ensembl or NCBI,
and/or assharing an orthologue withmouse if at least one such assign-
ment was made by NCBI, Ensembl or MGI (Supplementary Table 8).
This approachresulted in 539 humangenes with an assigned lemur, but
no mouse, orthologue (that is, PS genes), which corresponded to 388
unique lemur Ensembl gene IDs and to 425 unique lemur NCBI genes
IDs (notall orthologues are annotated in both NCBI and Ensembl). Note
that gene orthology assignments from NCBI, Ensembl and MGl are
periodically updated; thus, these numbers may change in the future.
Transcripts were detected for 401 out of the 425 PS NCBI-annotated
genes, and their expression patterns across all lemur atlas cell types
(10x dataset) were visualized in heatmaps and dot plots and qualita-
tively categorized by whether their expression was enriched (higher
orrestricted expression) or depleted in one or more tissues or organs
or compartments (Supplementary Table 9 and Supplementary Fig. 5).
Expressed genes that did not show any of these expression patterns
were categorized as ‘not enriched in any category’.

Gene set enrichment analysis of the 539 PS genes was performed
using gprofiler2in R%, searching for overrepresented gene sets (rela-
tiveto allhuman-annotated genes) in gene ontology terms, biological
pathways, regulatory DNA elements, human disease gene annotations
and protein-protein interaction networks, using default parameters
(forexample, user_threshold = 0.05, correction_method = “g SCS” for
Fisher’s one-tailed test with multiple testing correction).

We further analysed evolutionary conservationin the expression pat-
terns of the PS genes that have one-to-one orthology mapping between
humans and lemurs (Supplementary Table 9). The analysis followed a
similar pipeline as described in the accompanying paper’, in which we
compared across human, lemur, mouse and macaque using one-to-one
orthologues (that is, not including any PS genes). We analysed cells
fromthe lung, skeletal muscle, liver (epithelial cell only), testis (germ
cell only), as well as bone marrow and spleen (immune cells only). To
unify cell-type annotation, data of different species were integrated
using Portal with around 15,000 one-to-one orthologues, and cells
were re-annotated for consistent designation across all species. Here
we applied the same cross-species cell type annotation and compared
between humanand lemur only, with lemur data from the Tabula Micro-
cebus atlas' and human data from the Human Lung Cell Atlas” (lung),
ref. 86 (testis) and Tabula Sapiens®® (rest of the tissues).

With manual curations, we identified a total of 398 PS genes with
one-to-one orthology mapping between humans and lemurs. Note that
NCBI and Ensembl occasionally have inconsistent orthology assign-
ments. For example, one database may assign a one-to-one mapping,
whereas the other database may assign a one-to-many mapping. Insuch
cases, we prioritized NCBI mapping but also maximized coverage by
retaining the orthologues withidentical gene symbols or descriptionin
both species. Next, we analysed 346 of the PS genes that were reported
in all scRNA-seq datasets described above. Because the number of
annotated genes were different between humans and lemurs, we nor-
malized the transcript counts of the PS genes against the background
ofall one-to-one orthologues and then log transformed the expression
levels (thatis, In(UP10K +1)). For each PS gene, mean expression (E,,,,) in
the maximally expressed cell type in each species was quantified. Next,
we filtered for PS genes with notable expression across the analysed
celltypes, requiring £,,,,, > 0.5 in each species, or £,,,,, > 0.1in each spe-
ciesand £, > 1.5in at least one species. This resulted in a total of 93
PS genes for which we quantified their expression pattern similarity
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between humans and lemurs. Mean cell type expression levels across
the orthologous cell types were normalized by £, of the same species,
and Pearson’s correlation coefficients between humans and lemurs
were calculated and reported in Supplementary Table 9. Most (55%,
51out of 93) of the analysed PS genes had a correlation coefficient
above 0.5, which indicated conservation in their expression patterns
between lemurs and humans.

Analysis of natural mutations

We performed whole-genome sequencing for each of the four lemurs
(L1-L4) used to create the atlas, along with 31 additional lemurs origi-
nating from the same laboratory colony (median 54x coverage). Meth-
odsforthe whole-genome sequencing and analysis pipeline are detailed
inarecent study*® and in the accompanying paper’. In brief, genomic
DNA libraries were generated through Tn5-based tagmentation, and
indexed and PCR-amplified for 150 bp paired-end short-read lllumina
sequencing. Sequencing reads were aligned to the current Mmur 3.0
genome assembly (NCBIRefSeq assembly accession GCF_000165445.2)
and germline variants were identified using the Sentieon DNAseq work-
flow. Variants were annotated and filtered, and functional impact pre-
dictions were made using the SnpEff & SnpSift toolbox. This resulted in
around 45 million total variants across all 35 lemurs. To identify func-
tionally significant rare nonsense variants relevant for this study, we
first filtered for three criteria: (1) allele frequency < 0.5; (2) base call
quality > 99.9%; and (3) homozygous or heterozygous variants present
in at least one of the lemurs (L1-L4) used for the atlas. This resulted
in 6,905 variants. Next, we refined this list by filtering for variants for
whichtheirrespective genotypes wereidentified in all sequenced ani-
mals, focusing on nonsense variants by looking at those predicted to
cause frameshift mutations, alterationsin the stop codon and variants
computationally predicted to cause NMD. This narrowed our final list
to 713 unique variants found in 713 genes (1 per gene).

To analyse the transcriptional impact of these nonsense variants,
we compared cell-type-specific gene expression of the affected gene
in the four lemurs used to create the atlas. We prioritized genes that
were abundantly expressed and potentially functionally important (for
example, absent inmice). Cell-type specific sScCRNA-seq reads wereiden-
tified by their 10x barcodes, parsed from the original post-alignment
BAM  files for each lemur and counted using Samtools (v.1.16.1) across
therespective gene. This enabled discernment of the number of reads
with the reference allele versus those with the alternative allele at the
variantlocus, along with the total number of reads mapping to the gene.
Quantifying and analysing the differing allelic expression patterns of
these genes, in the presence and absence of the variant, enabled us to
verify nonsense variants linked to significant reductionsin gene expres-
sion. Tocompare gene expressionin WT and mutant individuals, cells
were grouped by their cell-type designation (without distinguishing
their tissue of origin). Cell-type average expression was then calculated
for each individual separately (excluding cell types with <35 profiled
cells (10x)). Cell types with no expression or low expression of the gene
(In(UP10K +1) < 0.3) in control animals were not plotted in Fig. 5e,i,m
and Extended Data Fig. 11c.

Reporting summary
Furtherinformation onresearch designis available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability

Tabula Microcebus mouse lemur scRNA-seq gene expression counts
and UMl tables, and cellular metadata used in this study are avail-
able from Figshare (https://figshare.com/projects/Tabula_Microce-
bus/112227)¥, and can be explored interactively using the UCSC Cell
Browser onthe TabulaMicrocebus portal (https://tabula-microcebus.
ds.czbiohub.org/). A histological atlas of all the tissues analysed is

also available on the portal. Raw sequencing data (fastq files) are
available from Globus (https://app.globus.org/file-manager?origin_
id=c9fc0al5-54a0-4182-8d64-fd8afc12flfc&origin_path=%2F). For
sequence alignment, M. murinus genome assembly (Mmur 3.0, NCBI
accession GCF_000165445.2) and gene annotation file (NCBI Refseq
annotation release 101) were obtained from NCBI FTP sites (https://
www.ncbi.nlm.nih.gov/datasets/genome/GCF_000165445.2/; https://
ftp.ncbi.nlm.nih.gov/genomes/all/annotation_releases/30608/101/).
To classify DE uTARs as protein-coding or non-protein-coding, the
reference database of mammalian proteins from UniProt was used
(https://www.ebi.ac.uk/reference_proteomes/). Human BCR genes
were retrieved from IMGT (https://www.ebi.ac.uk/ipd/imgt/hla/), and
lemur MHC genes were retrieved from GenBank (accession numbersin
Supplementary Note 3). A list of cognate ligands to human chemokine
receptors was manually downloaded from CellPhoneDB (https://www.
cellphonedb.org/index.html, March 2024). For cross-species analysis,
human 10x data were from Tabula Sapiens® for the liver, spleen and
bone marrow (https://figshare.com/projects/Tabula_Sapiens/100973)
and the Human Lung Cell Atlas” for the lung (https://www.synapse.
org/#!Synapse:syn21041850/wiki/600865). Human testis drop-seq
data were from a previous study®® (https://www.ncbi.nlm.nih.gov/
geo/query/acc.cgi?acc=GSE142585). Mouse data were all from 10x
data of Tabula Muris Senis® (https://figshare.com/articles/dataset/
Processed_files_to_use_with_scanpy_/8273102/2), except for the tes-
tis, which was based on a previously published 10x dataset® (https://
www.ebi.ac.uk/biostudies/arrayexpress/studies/E-MTAB-6946). For
orthologous gene compilation and to quantify named, unnamed and
uncharacterized genes, data were obtained from NCBI (gene_info.gz
andgene_orthologs.gz from https://ftp.ncbi.nlm.nih.gov/gene/DATA/),
Ensembl Biomart (Ensembl Genes v.99) and MGl (HOM_MouseHu-
manSequence.rpt from http://www.informatics.jax.org/downloads/
reports/). The list of human genes with associated genetic disorders
was obtained from OMIM (genemap2.txt from https:/www.omim.org/
downloads). Source data are provided with this paper.

Code availability

Custom computer codes are available on Globus (https://app.globus.
org/file-manager?origin_id=c9fc0al5-54a0-4182-8d64-fd8afc12flfc
&origin_path=%2F). Additional software and packages used are
described below. Raw sequencing data were processed using Cell
Ranger (v.2.2, 10x Genomics) for 10x data and with STAR aligner
(v.2.6.1a), skewer (v.0.2.2), RSEM (v.1.3.1) and HTSEQ (v.2.0) for SS2
data. Downstream analyses were performed using R (v.4.3.0), Python
(v.3.6 and v.3.9) and Matlab (v.2020b). Seurat (R package, v.2.3.0),
Scanpy (v.1.8) and cellxgene (v.1.0.1) were used for cell clustering and
annotation. Cell gradients were generated using Slingshot (v.2.14.0)
and acustom program developed in Matlab (trajectory analysis: https://
github.com/Shixuanl/scRNAseq_trajectory_analysis) using Matlab
built-in functions (for example, pca), the Image Processing Toolbox
(Matlabv.2020b) and aMatlab umap package (https://www.mathworks.
com/matlabcentral/fileexchange/71902). scRNA-seq data integra-
tionused custom programs developed by co-authors, including FIRM
(https://github.com/mingjingsi/FIRM) and Portal (https://github.
com/YangLabHKUST/Portal). TAR analysis used an author-generated
program (http://github.com/fw262/TAR-scRNA-seq), groHMM tool
(v.1.40.3), BLASTn (https://blast.ncbi.nlm.nih.gov/Blast.cgi), an
author-generated program Nf core/predictorthologs (https://github.
com/czbiohub-sf/nf-predictorthologs), DIAMOND blast (https://
github.com/bbuchfink/diamond) and Infernal cmscan (https://
www.ebi.ac.uk/Tools/rna/infernal_cmscan/). SICLIAN analysis used
an author-generated program (https://github.com/salzmanlab/
SICILIAN) and the UCSC LiftOver tool (https://genome.ucsc.edu/
cgi-bin/hgLiftOver). SAMap analysis used anauthor-generated program
(https://github.com/atarashansky/SAMap, v.1.0.15). BCR analysis used
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BLASTn (https://blast.ncbi.nlm.nih.gov/Blast.cgi), IgBLAST (https://
www.ncbi.nlm.nih.gov/igblast/), BASIC (v.1.5.0), MAFFT (v.7) and
Geneious Prime (v.2021.1.1). MHC analysis used bowtie2 (v.2.3.5), IGV
(v.2.8.0) and Geneious Prime (v.2021.2.2). Gene set enrichment analysis
used gprofiler2in R (v.0.2.1). Natural mutant analysis used Sentieon
(v.202308.03). For datavisualization, dot plots, sina plots, violin plots,
line plots, bar plots, box plots, heatmaps, pie charts, interaction plots,
error bars and contour figures were generated using the following
Python, R and Matlab packages: Python: pandas (v.1.1.5), numpy
(v.1.19.3), anndata (v.0.7.4), scanpy (v.1.6.0), matplotlib (v.3.3.2), igraph
(v.0.7.1), seaborn (v.0.9.0) and ‘louvain’ (v.0.6.1); R packages: ggplot2
(v.3.4.4), gplots (v.3.1.3), readr (v.2.1.4), dplyr (v.1.1.2), reshape2 (v.1.4.4),
patchwork (v.1.1.3), RColorBrewer (v.1.1.3), ggrepel (v.0.9.4), aplot
(v.0.1.10), ggdendro (v.0.1.23), Matrix (v.1.6.4), here (v.1.0.1), pheatmap
(v.1.0.12), tidyr (v.1.3.0), cowplot (v.1.1.1) and circlize’ (v.0.4.15); and
Matlab built-in functions: plot, scatter, violinplot, imagesc, contour,
bar, box, errorbar and pie.

59. Chae, M., Danko, C. G. & Kraus, W. L. groHMM: a computational tool for identifying
unannotated and cell type-specific transcription units from global run-on sequencing
data. BMC Bioinformatics 16, 222 (2015).

60. Botvinnik, O. B. et al. Single-cell transcriptomics for the 99.9% of species without
reference genomes. Preprint at bioRxiv https://doi.org/10.1101/2021.07.09.450799 (2021).

61.  Buchfink, B., Xie, C. & Huson, D. H. Fast and sensitive protein alignment using DIAMOND.
Nat. Methods 12, 59-60 (2015).

62. Olivieri, J. E. et al. RNA splicing programs define tissue compartments and cell types at
single-cell resolution. eLife 10, €70692 (2021).

63. Navarro Gonzalez, J. et al. The UCSC Genome Browser database: 2021 update. Nucleic
Acids Res. 49, D1046-D1057 (2021).

64. Tarashansky, A. J., Xue, Y., Li, P., Quake, S. R. & Wang, B. Self-assembling manifolds in
single-cell RNA sequencing data. eLife 8, 48994 (2019).

65. The Tabula Muris Consortium. A single-cell transcriptomic atlas characterizes ageing
tissues in the mouse. Nature 583, 590-595 (2020).

66. The Tabula Sapiens Consortium. The Tabula Sapiens: a multiple-organ, single-cell
transcriptomic atlas of humans. Science 376, eabl4896 (2022).

67. Altschul, S. F., Gish, W., Miller, W., Myers, E. W. & Lipman, D. J. Basic local alignment
search tool. J. Mol. Biol. 215, 403-410 (1990).

68. Lefranc, M.-P. et al. IMGT®, the international ImMunoGeneTics information system®
25 years on. Nucleic Acids Res. 43, D413-D422 (2015).

69. Canzar, S., Neu, K. E., Tang, Q., Wilson, P. C. & Khan, A. A. BASIC: BCR assembly from
single cells. Bioinformatics 33, 425-427 (2017).

70. Ye,J.,Ma, N., Madden, T. L. & Ostell, J. M. IgBLAST: an immunoglobulin variable domain
sequence analysis tool. Nucleic Acids Res. 41, W34-W40 (2013).

71.  Wolock, S. L., Lopez, R. &Klein, A. M. Scrublet: computational identification of cell
doublets in single-cell transcriptomic data. Cell Syst. 8, 281-291(2019).

72. Shi, Z. et al. More than one antibody of individual B cells revealed by single-cellimmune
profiling. Cell Discov. 5, 64 (2019).

73. Katoh, K., Misawa, K., Kuma, K.-I. & Miyata, T. MAFFT: a novel method for rapid multiple
sequence alignment based on fast Fourier transform. Nucleic Acids Res. 30, 3059-3066
(2002).

74. Averdam, A. et al. A novel system of polymorphic and diverse NK cell receptors in primates.
PLoS Genet. 5, 1000688 (2009).

75. Averdam, A. et al. Sequence analysis of the grey mouse lemur (Microcebus murinus) MHC
class Il DQ and DR region. Immunogenetics 63, 85-93 (2011).

76. Flugge, P, Zimmermann, E., Hughes, A. L., Glinther, E. & Walter, L. Characterization and
phylogenetic relationship of prosimian MHC class | genes. J. Mol. Evol. 55, 768-775 (2002).

77. Langmead, B. & Salzberg, S. L. Fast gapped-read alignment with Bowtie 2. Nat. Methods
9, 357-359 (2012).

78. Thorvaldsddttir, H., Robinson, J. T. & Mesirov, J. P. Integrative Genomics Viewer (IGV):
high-performance genomics data visualization and exploration. Brief. Bioinform. 14,
178-192 (2013).

79. Travaglini, K. J. et al. A molecular cell atlas of the human lung from single-cell RNA
sequencing. Nature 587, 619-625 (2020).

80. Takeda, A. et al. Single-cell survey of human lymphatics unveils marked endothelial cell
heterogeneity and mechanisms of homing for neutrophils. Immunity 51, 561-572 (2019).

81. Efremova, M., Vento-Tormo, M., Teichmann, S. A. & Vento-Tormo, R. CellPhoneDB:
inferring cell-cell communication from combined expression of multi-subunit ligand-
receptor complexes. Nat. Protoc. 15, 1484-1506 (2020).

82. Nibbs, R. J. B. & Graham, G. J. Immune regulation by atypical chemokine receptors.

Nat. Rev. Immunol. 13, 815-829 (2013).

83. Ferland, D. J. & Watts, S. W. Chemerin: a comprehensive review elucidating the need for
cardiovascular research. Pharmacol. Res. 99, 351-361(2015).

84. Ming, J. et al. FIRM: Flexible integration of single-cell RNA-sequencing data for large-scale
multi-tissue cell atlas datasets. Brief. Bioinform. 23, bbac167 (2022).

85. Kolberg, L., Raudvere, U., Kuzmin, I., Vilo, J. & Peterson, H. gprofiler2—an R package for
gene list functional enrichment analysis and namespace conversion toolset g:Profiler.
F1000Research 9, 709 (2020).

86. Shami, A. N. et al. Single-cell RNA sequencing of human, macaque, and mouse testes
uncovers conserved and divergent features of mammalian spermatogenesis. Dev. Cell
54, 529-547 (2020).

87. Tabula Microcebus Consortium. Tabula Microcebus. Figshare https://figshare.com/
projects/Tabula_Microcebus/112227 (2021).

88. Ernst, C., Eling, N., Martinez-Jimenez, C. P., Marioni, J. C. & Odom, D. T. Staged
developmental mapping and X chromosome transcriptional dynamics during mouse
spermatogenesis. Nat. Commun. 10, 1251 (2019).

89. Watson, C.T. et al. Complete haplotype sequence of the human immunoglobulin
heavy-chain variable, diversity, and joining genes and characterization of allelic and
copy-number variation. Am. J. Hum. Genet. 92, 530-546 (2013).

90. Collins, A. M., Wang, Y., Roskin, K. M., Marquis, C. P. & Jackson, K. J. L. The mouse antibody
heavy chain repertoire is germline-focused and highly variable between inbred strains.
Philos. Trans. R. Soc. Lond. B Biol. Sci. 370, 20140236 (2015).

91. Boyd, S.D. et al. Individual variation in the germline Ig gene repertoire inferred from
variable region gene rearrangements. J. Immunol. 184, 6986-6992 (2010).

92. Popov, A. V., Zou, X., Xian, J., Nicholson, I. C. & Briggemann, M. A human immunoglobulin
A locus is similarly well expressed in mice and humans. J. Exp. Med. 189, 1611-1620 (1999).

93. Pham, T.D. et al. High-fat diet induces systemic B-cell repertoire changes associated with
insulin resistance. Mucosal Immunol. 10, 1468-1479 (2017).

94. Zemlin, M. et al. Expressed murine and human CDR-H3 intervals of equal length exhibit
distinct repertoires that differ in their amino acid composition and predicted range of
structures. J. Mol. Biol. 334, 733-749 (2003).

95. Sankar, K., Hoi, K. H. & Hotzel, I. Dynamics of heavy chain junctional length biases in
antibody repertoires. Commun. Biol. 3, 207 (2020).

96. Wroblewski, E. E., Parham, P. & Guethlein, L. A. Two to tango: co-evolution of hominid
natural killer cell receptors and MHC. Front. Immunol. 10, 177 (2019).

97. Maccari, G. et al. IPD-MHC 2.0: an improved inter-species database for the study of the
major histocompatibility complex. Nucleic Acids Res. 45, D860-D864 (2017).

Acknowledgements This work was supported by The Chan Zuckerberg Biohub to S.R.Q.; the
Howard Hughes Medical Institute and the Vera Moulton Wall Center for Pulmonary Vascular
Disease to M.A.K.; the Hong Kong University of Science and Technology (start-up grant R9364),
the Hong Kong University of Science and Technology Big Data for Bio Intelligence Laboratory
(BDBI) and the Chau Hoi Shuen Foundation (R9056) to A.R.W.; the Hong Kong Research Grant
Council (16307818, 16301419, 16308120, 16307221 and C6021-19E), the Hong Kong University
of Science and Technology (start-up grant R9405) and the Hong Kong University of Science
and Technology Big Data for Bio Intelligence Laboratory (BDBI) to CY.; the National Natural
Science Foundation of China (12201219), the Shanghai Sailing Program (21YF1410600) and
the Shanghai Key Program of Computational Biology (23JS1400500 and 23JS1400800) to
J.M.; NIH R35 GM139517, RO1 GM116847, R35 GM139517 and NSF MCB1552196 to J.S.; NIH
DP2AI138242 and CZI 2023-323354 to |.DV.; NIH AG068667, AR073248 and AGO36695 to
T.A.R.; a NovoNordiskFonden Start Package (0071116) to A.d.M.; NIA TK99AG066963 to T.H.A.;
NIH RO1Al024258 to P.P. and L.A.G.; NIH R35GM136433 and NIH RO1GM061986 to M.T.F.; the
Independent Research Fund Denmark (DFF-5053-00195) and the Lundbeck Foundation (R232-
2016-2459) to J.F.; the Wu Tsai Neurosciences Institute to TW.-C.; NSF BCS 0647402 to L.S. and
E.C.K.; a Urology Care Foundation Research Scholar Award Program and AUA Western Section
Research Scholar Fund Il to H.S.; Research to Prevent Blindness and NEI P30-EY026877 to the
Stanford Department of Ophthalmology to AY.W.; NIH ROINS050835 to L.L.; NIH AG077443 to
K.L.and T.M.; NSF-DBI-1701984 and NSF-DEB-2148914 to A.D..; the European Community’s 7th
Framework Programme (FP7/2007-2013) under grant agreement number 278486 (DEVELAGE),
Fonds Unique Interministériel and Région Languedoc-Roussillon under grant agreement
number 110284 (DiaTrAl) and the Fondation Plan Alzheimer (PRADNET) to J.-M.V.and C.L.;
NIH RO1DC016892 to W.-J.L.; NIH P30DK116074 to Y.H.; a Wu Tsai Neurosciences Institute
Interdisciplinary Scholar Award to S.L.; National Sciences and Engineering Research Council
of Canada fellowship PGS-D2 to M.F.ZW.; NSF Graduate Research Fellowship DGE-1656518
and Stanford Graduate Fellowship to J.O.; Cancer Systems Biology Scholars Fellowship (grant
R25 CA180993) and Clinical Data Science Fellowship (grant T15 LM7033-36) to R.D.; Stanford
Graduate Fellowship/HHMI/NIH CMB training grant to Y.Z.; American Cancer Society
Postdoctoral Fellowship to S.J.; Walter V. and Idun Berry Postdoctoral Fellowship to A.RY.;

NSF Graduate Research Fellowship and Stanford Graduate Fellowship to Y.O.; NSF Graduate
Research Fellowship to CV.D.; postdoctoral fellowships from the DFG (NE 2006/1-1) and
California TRDRP (25FT-0011) to P.N.; Life Sciences Research Foundation Fellowship, Open
Philanthropy Project, NIH 5 T32 Al07290, Stanford Center for Computational, Evolutionary
and Human Genetics and Stanford School of Medicine Dean’s Postdoctoral Fellowship to
H.K.F.; Department of Defense National Defense Science and Engineering Graduate Fellowship
(DoD NDSEG), Developmental and Stem Cell Biology Graduate Program and University

of California San Francisco to AT.; and a Stanford Knight-Hennessy Fellowship to PV.L.

Author contributions Full details of author contributions can be found in Supplementary
Note 1.

Competing interests The authors declare no competing interests.

Additionalinformation

Supplementary information The online version contains supplementary material available at
https://doi.org/10.1038/s41586-025-09114-8.

Correspondence and requests for materials should be addressed to Stephen R. Quake or
Mark A. Krasnow.

Peer review information Nature thanks the anonymous reviewers for their contribution to the
peer review of this work.

Reprints and permissions information is available at http://www.nature.com/reprints.


https://blast.ncbi.nlm.nih.gov/Blast.cgi
https://www.ncbi.nlm.nih.gov/igblast/
https://www.ncbi.nlm.nih.gov/igblast/
https://doi.org/10.1101/2021.07.09.450799
https://figshare.com/projects/Tabula_Microcebus/112227
https://figshare.com/projects/Tabula_Microcebus/112227
https://doi.org/10.1038/s41586-025-09114-8
http://www.nature.com/reprints

Article

b uMAPs of testis germ cells (L4) €

a on H * Male germ cell type markers
b By genes (aTARs) 9 VP
3 os0{ & g 3] SOHLH1 ;] ACRV1 .
b5 : 2(:
2 :
©  0.25 2 o
2 ! 5 . .o =*
3 o . B 0 &
A 1000
5 : . R PIWIL1 S
S
-0.25 . _ 5
T T T S _ T+
Genes aTARs  UTARs 33
5% g2
i 53
=) -
SE °
v 0 02 04 06 08 1
Pseudo-time (UTAR)
Spermatogonium
Early spermatocyte
Pachytene spermatocyte
05 Diplotene/secondary spermatocyte
0l 5= 0d= 5, Early spermatid
. 0 02 04 06 08 1 0 02 04 06 08 1 [Aa‘f;fg,”,}a;'ﬁd
0 0204 0608 10 Pseudo-time (uTARs)
Pseudo-time (genes)
D
d umaAPs of colon cells (L4) e o é}‘t';&“‘ f 100 g Sequence homology of
N J
By genes (aTARs) S g 4003 DE-uTARSs
N &bg?\“ Qg NCBI genes, top variable
@ @@ OV W & »
& coon SN SIS & 751 (100, 2000, 5000)
cell L L LSS
. fypes SRERDEIEE S |Aigenes 45
5 50 (28984) @)
o o
d : g
[
° >
o - o 3 254 Non-
o o . = coding
@-0 ©0-0 Coding
S Q. 01304 e
RS o ° 0 05 10 15 20
CALD1 4~ © o - Filtering threshold
. RFP24- 0 o0
o« GSTA11P - © -
£  PIMA{00O0@@0®
2 TMA H0 © © [eI°T ]
2 PRR13 -0 o © ° O
2 RPLPIHo 0 00000®
= RPL36H° - © 00000
@ RPS17-° > c Q@000
3 NFICH: - - QO -
SSR4+: - = QQo00Q
MRPL23 4= ° - 800 o Q
RPL14 4+ - = QO Og
LDHA A+ = OO ©
GOLGA7-+ + ©00 0
PCMLA+ © © -0
NKCH: « © o
NKC o
FRMPD4 - °
NKC °
VLDLRA: o - ©000@
LSP1 ° 0@
=T re0@
In(UP10K+1) g5 % OIS 95 50 75100
h i Heavy chain isotype N
Ig heavy (IGH) Ig kappa (IGK) Ig lambda (IGL) Bone | L4 87
14Vs gy A E " 18Vs c 26Vs 13Vs  15Vs c ¢ c Bone | L2 I I 57
Mouse lemur Chr. 3 f— Chr. 4 Chr. 21 - .I L marrow | L4 [T 12
(Mmur3.0) — (rev) (rev) i (fwd) N iy | 2 1 117
31Vs(6) A EG M 24Js Ds_46Vs (9) C13Js C24Js53Vs (6) 15Vs (1) 39Vs (6) 8 JC clusters Kidney | |y o . 17
Mouse lemur cpy. 3 7 ¢ lI l I _I _I _I _I
° . hr. 4 Chr. 21 ] L2 . s
(revised)
e S i (re) >0 (fwd) PENTEEs | o o N 27
# of alleles L2 L2 L2 Small || I 75
expressed L4 L4 7 T intestine
3846Vs Spleen | -2 I 157
A2 EG4 G2 ATEG3G1 DM 6JsDs (83.85 C5Js  31-35Vs (41) 29-33Vs (41)  4-5JC clusters x (2-3) L4 T I 130
RS A LR S o 22 JEHIH A 41— |/ ——
o =" L [ I 45
chr. 12 A2 EG2a G2b G3G1DM 4JsDs (55) C4Js (1)  94-96Vs (78) V2V3 c2 Vi C3C1 Light chain isotype
Mouse St} - chr.6 chr. 16H—| -[-—I-I-H -l —_— |2 381
(rev) > (rev) — 48
Constant region isotype  Variable region genes 2 Vy, family usage 381
Heavy chain [A| [0} Mol All |L4 48
Light chain [ L ViV2 V3 VA VT
—_—
0 02 04 06 08 1
j Fraction of total
B LemurL2 (N =238) Individual

M Lemur L4 (N = 289)
W Human (N = 9,334,299)
W Mouse (N = 695,612)

-
Small
intestine

10

20
CDRH3 length (aa)

Extended DataFig.1|See next page for caption.

Ou Qu
Heavy chain isotype



Extended DataFig.1| Comparison of expression patterns of uTARs and
annotated genes, and Ig genestructures. a. Box plot of average silhouette
coefficient values of the atlas datasets (separated by tissue, individual, and
sequencing channel, N =41) based on expression of annotated genes, aTARs,

or uTARs. Box, meants.d.; red triangles, L4 colon example dataset asshownin
panel d. Note the positive uTAR-based silhouette values of most datasets,
supporting effective clustering of cells according to cell types by uTARs alone.
b.UMAP of lemur male germ cells from testis (L4,10x) embedded based on
expression of either annotated genes' (top) or uTARs alone (middle), colored by
spermatogenesis stage (color codein c). Black line, pseudotime trajectory,
witharrowindicating maturation direction; thin gray lines, individual cell
alignments to trajectory. Dot plot (bottom) compares cellular pseudotime
trajectory coordinates from annotated genes (x-axis) vs. uTARs (y-axis).
Dashedblackline, 1:1relationship; r, Pearson’s correlation coefficient. c. Left,
expression of selected sperm cell markersingermcellsordered by the
pseudotime developmental trajectory calculated by uTAR expressionasinc.
Right, number of expressed annotated genes (top) or uTARs (middle), and
percentuTARreads of total TARs (bottom), ineach cell along trajectory. Note
similar pattern of transcriptional downregulation of both uTARs and annotated
genesduring spermatogenesis.d. UMAP of colon cells (L4,10x) embedded
based onexpression of annotated genes (top) or uTARs (bottom), colored by
celltypeasine.e.Dot plot showing mean expression of selected DE uTARs
across L4 coloncell types. Gene names for each DE uTAR based onsequence
homology (identical namesindicate multiple uTARs aligned to the same genein
another species). f. Percent of genes detected by TAR analysis as a function of
thefiltering threshold used to define cell type selective expression (i.e., TAR
expressioninany celltype >e~threshold times that of the average of other cell
types). Gene categories used include: the top 100 (black),2000 (dark gray),
and 5000 (light gray) variably-expressed genes annotated in Mmur 3.0 NCBI
annotation, all genes (blue), PS genes (yellow), and genes annotated in Mmur
3.0 Ensembl annotations but missing from NCBI (green). g. Venn diagram
ofthe 4003 DE-uTARs with sequence homology to coding regions (>1 hit by
DIAMOND blastp analysis) and/or non-coding regions (>1 hit by Infernal
cmscan analysis), according to Nf-predictorthologs analysis. h. Extension of
schematicinFig. le withlemur (top), human®®’ (middle) and mouse®® (bottom)
Iglocifor heavy chain (left) and k (center) and A (right) light chains, located on
the forward (fwd) or reverse (rev) strand of the indicated chromosomes (chr)

and colored asinkey. Top lemur line shows annotationas in NCBI's Annotation
Release 101 of Mmur 3.0; line below shows revised annotation using the atlas.
Filledboxes, constant (A, E, G, D, Mfor heavy, C for light chains), variable (V),
joining (J) and diversity (D) regions; open boxes, pseudogenes. Above Vregions
arethe estimated number of functional V genes (varies per individual) and, in
parentheses, the estimated number of V pseudogenes (lack transcripts). Note
smaller V cluster -5 Mb downstream of constant region in heavy locus which
may beanassembly error (mainV clusteris upstream). Arrows below clusters
indicate genes oriented opposite to direction of constant regions, and those
with numbersindicate subset of those genes that are flipped. Values below
lemurlociingrayindicate number of expressed alleles for each constantregion
isotypeineachlemur profiled. i. Bar graph showing fraction of Band plasma
cells (§S2) by their expressed Ig heavy chain (top), light chain (middle) isotype,
and heavy chain variable domain (VH) family member (bottom), separated by
individual (L2, L4) and colored asin panel h (gray, unassignedisotype). N, number
of cellsanalyzed. Fractions for heavy chainisotypesare also shown separately
for organs with =5 cells, revealing tissue specialization (e.g., IGA-expressing
cells prominentinsmallintestine and pancreas). Note V,,gene families related
tohuman/GHVI,3and 4, show the broadest expression, asin human and
mouse®®?*!; however, light chainisotype /GL is more commonly expressed
than/GK, in contrast to humanand mouse B cells where /GK predominates®?.
j.CDRH3lengths (number of amino acids, aa) for L2 and L4 (SS2), compared to
that of healthy humans and lab mice. N, number of analyzed cells for lemurs and
number of unique clones for humans and mice, including allisotypes. Human
and mouse data courtesy of Scott Boyd’s group and Tho Pham®** (source data).
CDRH3lengths over 30 are not displayed because they are rare in human/
mouse and did not occurinthelemurs analyzed. Note CDRH3 lengthinlemur
isgenerally shorter thanin humanand more comparable to that of mouse.
Thoughitisknownthat CDRH3 regionlength varies with age, disease state,
and B cell maturity in order to affect antigen-binding affinity, the functional
relevance of inter-species variation is unsettled”. k. Band plasmacell clones
identified by their CDRH3 sequence. Each cloneisrepresented asafilled circle,
withits outline colorindicating the lemur from which the clone was found and
thefill colorindicating the heavy chainisotype(s) of the clone. All clones consisted
oftwo cells exceptinspleen whichisathree-cell clone. Dashed outlines represent
which organ(s) the constituent cells of the clone were found in. Circles between
two dashed outlinesindicate that the clone was found in both organs.
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Extended DataFig. 2| Expression of alternatively spliced isoforms across
atlas cell types. Stacked bar graphs showing percent of indicated splice
isoforms expressed across atlas cell types for MYL6 that is differentially spliced
across compartments, formatted asin Fig. 1j. Cell types shown are those with
spliced transcripts of thegenein>300 reads across >10 cells (except for sperm
cellswith fewer reads/cells). Cell types are labeled by their tissue source and

designation number', and colored by compartment. Top, transcript structure
shownwithspliceisoforms labeled by corresponding NCBI Refseq ID and with
exons affected by alternative splicinginred. Left, diagrams of mapped read
buildupsin Ex5-Ex7 genomic region are shown for the indicated cell types with
weight of the connecting arcs reflecting the number of mapped reads (shown)
thatspaneachjunction.Seealso Supplementary Fig. 2.
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Extended DataFig.3|Additional examples of expression homologue triads.
Dot plotsasin Fig. 1Im with additional examples of expression homologue triads
(named, unnamed, missed orthologue, and non-orthologue types) across
human, lemur, and mouse lung and skeletal muscle cell types indicated.
Correspondingtriad diagrams are shown on theright. Note, three RAMP
expression homologuetriads are detected: two non-orthologues (i.e., huRAMP2-
le RAMPI*- ms Ramp2, hu RAMP3*-le RAMP2 - ms Ramp2) and one named

orthologue (huRAMP2-1e RAMP2 - ms Ramp2). Asterisk indicates the outlier
non-orthologous gene. The shared expression patterns of lemur RAMPI and
human RAMP3with RAMP2 suggests that lemur RAMP1and human RAMP3 have
evolvedto engage in similar physiological functions as the species-conserved
RAMP2 or to modulate RAMP2-mediated ligand signaling in lung endothelial
cells. Similar non-orthologous expression homologues were identified for
TEKT1/3, ADAMTS8/S15,and AEBP1/CPXM1.
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Extended DataFig. 4 |Structure and global expression pattern of mouse
lemur MHCclassIand Il genes. a. Schematic of mouse lemur MHC locus on
chromosome (chr.) 6. Filled rectangles, expressed genes; openrectangles,
pseudogenes. Numbers below DRB, DQA, and DQB indicate the number of
genesannotated by NCBI, though Guethlein et al.? suggest asingle gene for
each family. Dashed lines, extended areasin genome assembly. g1, LOC105855356
inNCBI; g2, L0CI105855357; g3, LOCI05858107.b. Schematic of MHC class 1 gene
locus onlemur chr.20.Top line, gene order asannotated by NCBI's Refseq
Annotation Release 101. The three genomic segments are separated by gaps
(slanted lines) in Mmur 3.0 genome assembly. Second line, proposed
reorganization of assembly based onrearrangement of three segments to
match gene order of asequenced BAC” (third line). Note gene content in Mmur
3.0 assembly and BAC differ due to haplotype variability in the individuals
sequenced. Dashed lines connect corresponding genes. Fourth (bottom) line,
proposed revision of structure and annotation of this locus based on above and
the expression patternof these genesinthe lemur atlas. Dashed boxes, genes
varyingin either presence, copy number or expression status. W03 and W04
aresequences derived from the original study on the lemur MHC”®. Based on
sequence similarity, 168, W03and W04 could represent divergent allelic variants
(or separate genes).202(g10) and 202P (g9) are a pair of phylogenetically
related genes annotated by NCBI; there was no evidence supporting themas
separate genesin atlas expression data, suggesting 202Pis a pseudogene,
genomic polymorphism, oranassembly error. g4, LOC105855949in NCBI; g5,
LOCI05855951;g6,LOCI05870766; g7,LOCI05870764; g8,LOCI05870765; g9,
LOCI105870769; g10,LOCI05870767; g11,LOC105870762. c. Number of putative
alleles foreach MHC gene in the four lemurs (L1-4), and number of genes
annotated inthe BAC and by NCBI. Note some class I sequences differ only by a
few base pairsamong haplotypes?, therefore the number of alleles in the panel
representsour best estimate but may be inexact due to sequencingerrors or

other technical artifacts. C, genes that exhibit copy number variation; P, genes
thathave atleastoneallele thatis a pseudogene;?, insufficient number of reads
forareliableallele count; NA, gene absent from BAC sequence.d. Comparison
of mouse lemur MHC class1and class Il regions with that of other primates

and mouse”7>¢7 Note lemur MHC class I region on chr. 6 contains only
pseudogenes (opened boxes) whereas functional class I genes (filled boxes) are
translocated to chr.20. Darkblue, classical MHC class 1 genes (high, widespread
expression); light blue, non-classical MHC class I genes (lower expression and/
ortissue-specific expression), orange, MHC class Il Agenes; red, MHC class 11 B
genes. Gray dashed box, genes with haplotypic variability in gene number or
expression status. Cyan dashed boxes enclose mouse MHC haplotype T, M,

and Qregions with expanded gene families. Dashed lines, extended areasin
genome assembly. e. Schematic of the three Mimu-DRB genes in lemur genome
assembly Mmur 3.0. DRBI-10is predicted to encode a full length DRB1
polypeptide, whereas DRBI-1and DRBI-4 areincomplete and contain non-MHC
sequences (gray shading) but would together encode a functional DRB
polypeptide, suggesting that these sequences were misassembled and belong
together toformasecond complete DRBI allele?. Thin vertical lines, positions
that differ between the three sequences.f. Sina plots of summed expression of
classical class 1, non-classical class 1, and class IMHC genes, respectively and
averaged across celltypes. g.Sina plots of ratio of summed non-classical to
summed classical MHC class I expression, averaged across cell types and
plotted separately by compartment. Note consistently lower levels of non-
classical vs. classical MHC class I expression across almost all atlas cell types
(dots), except afew highlighted cell typesinthe neuraland germ compartments.
Ste, brainstem; Cor, brain cortex; Ret, retina; Tes, testis. h. Dot plot of mean
expression of each MHC gene across all atlas molecular cell types (10x, L1-L4),
ordered by compartmentand labeled by tissue and designation number'. Gray
dashedboxes, cell types highlighted in main text.
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Extended DataFig.5|Expression of chemokinesandreceptorsacrossatlas  c.Extension of Fig.2awith dot plot of mean expression of selected chemokine

celltypes. a. Heat map showing percent of chemokine ligands (n = 32), typical receptors and their primary cognate ligands acrossimmune and other major
receptors (20), and atypical receptors (4) expressed across atlas celltypes (10x,  interactingcelltypesintheatlas (10x). Gray boxes, cell types with inflammation
L1-L4), ordered by designation number and tissue. b. Rank of cell types based and diseaserelated expression patterns. See Supplementary Note 4 and

onthepercent of expressed chemokine ligands (left), typical receptors (center),  Supplementary Fig. 3 for further analysis.
and atypicalreceptors (right). Cell types (dots) colored by tissue compartment.
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Extended DataFig. 6 | FIRM-integrated UMAP of atlasimmune cellsand
further characterization of neutrophils and Blymphocytes. a-d. UMAP of
atlasimmune cells asin Fig. 2b but colored by proliferation state (a), scRNA-seq
method (b), individual (c), and tissue of origin (d). e. Heatmap showing relative
expression along neutrophil trajectory (10x) of lemur orthologues of human
neutrophil markers. Colored barindicates cell type designation asin Fig.2b
inset. Foreach gene, expression values (In(UP10K + 1)) were normalized toits
maximalvalue (99.5 percentile) intrajectory. Non-activated neutrophils in
plot were uniformly subsampled (10%). Note human-like sequential expression
ofgranulopoiesis marker genes; azurophilic (primary) granules (AZU1, MPO,
ELANE) in early stages, followed by specific (secondary) granules (LTF, CAMP,
LCN2), gelatinase granules (MMP9,ARGI), and finally secretory vesicles (ALPL,
MME) in mature neutrophils. *, genes without amouse orthologue; +, genes not
expressed in mouse neutrophils. [1, description of genes identified by NCBI as
loci: [CTSG], LOCI05866609; [DEFA4L], LOCI05881499; [DEFAI], LOC105881500;
[CCL8], LOC105885739;[CCL4], LOC105881712.f.UMAPs of lung neutrophils
(10x) of theindicated individuals, with cells colored by cell type designation.
Note the two subtypes of activated neutrophils (CCL13+and ILI8BP+) cluster

separately from the main neutrophil population (non-activated) inbothLland L2.

g.Heatmap showingrelative expression of the indicated marker genes for
mature and activated neutrophils as well as DEGs for each activated neutrophil
subtypes. Bars at top show for each neutrophil, its tissue source (top set of
bars), individual lemur source (middle), and cell type designation (bottom).
Noteboth activated neutrophil subtypes were found in more than one
individual and from multiple tissues. Expression values for each gene were
normalized to the maximal value (99.5 percentile) for the gene across all cellsin
the neutrophil trajectory. The mature (non-activated) neutrophils are highly
abundantso uniformly subsampled (20%) in plot at late stage (>0.7) of the
pseudotime trajectory.* genes withouta mouse orthologue. /IFITM3L],
LOC105874071; [Uncharacterized 1], LOCI05867541; [CCL2L], LOC105859340
andLOCI105885684, [CCL13], LOC105859268; [Uncharacterized 2], LOCI05856756;
[CCL3L],LOC105881608.h. Dot plot showing mean expressionin Blymphocyte
lineage cells of marker genes for B cells, plasma cells, and top DEGs in the
SOX5+ B cell population compared to other B cells (10x, L1-L4). Lemur B cells
and plasmacellsinthe atlas appear relatively homogenous molecularly, except
for SOX5+ B cell populationidentified in L4’s pancreas (with nearby lymph
nodes).See Supplementary Note 6 for further analysis.
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Extended DataFig.7| Control ofimmune cell development, activation, and
senescence. Atlas-informed control of multi-organ tumor progression and the
localand systemicinflammatory programsinL2, diagnosed with endometrial
cancer (Step1), metastatic spread to lung (2), secondary bacterial infection
inbothorgans, plus suppurative cystitis (3) and suspected inflammationin
perigonadal fat (4). Involved cell typesinbone marrow (bottom left), circulating

inblood vessels (middle), in the inflamed tissues (top), and inlymph nodes
(bottomright) are shown along with their marker genes, and the signals
(ligand-receptor pairsintanboxes, colored asin Fig. 2a) proposed to control
thelocaland systemicinflammatory steps (5-9) areindicated. Detailed
descriptioninSupplementary Note 5. Schematic created in BioRender.
Ezran, C.(2025) https://BioRender.com/r8i9ddj.
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Extended DataFig. 8|See next page for caption.
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Extended DataFig.8|Monocyte and macrophagelineage development
and tissue specialization.a. UMAP of atlas monocyte, macrophages, and their
progenitors, integrated by FIRM across tissues and individuals (10x and SS2,
L1-L4), colored by major cell types (top left), lemur individual (top middle),
scRNA-seq method (bottom left), tissue source (bottom middle), and major
groups of tissue-specific/resident macrophages (right). Note separate
clustering of different macrophage subtypes as well as aunique population of
activated monocytes (L2 bladder and perigonadal fat). b. Dot plot showing
mean expression of classical marker genes for hematopoietic precursors,
granulocyte-monocyte progenitors (GMP), monocytes, macrophage, and
tissue-resident macrophage markers across monocyte/macrophage cell types
and their progenitors, separated by tissue. Note some markers are shared
between multiple cell types (see Supplementary Table1in theaccompanying
paper'). [CD14L], LOC105862649; [CD163], LOC105869074,; [CD209L],

LOCI05885453.c. Dot plot showing mean expression across cell type asin b of
top DEGsintheindicated tissue-resident macrophage populations compared
toall other macrophage populations./CD300C], LOC105878881; [HLA-DRBIL],
LOC105876782; [HLA-DQA2], LOC105869752; [CCL3L], LOCI05882215; [TLL],
LOCI05872655; [SIGLECS], LOCI05866341; [SIGLEC7], LOC105882132; [FCGR3AL],
LOC105873562; [KRT76L], LOC105871481; [PRXL2A], LOCI05863040.d. Dot plot
showing mean expression of the top DEGs in the population of separately-
clustered monocytes from L2 bladder and perigonadal fat compared to the
other atlas monocytes/macrophages (blood, lung shown), separated by
individual. DEGsinclude inflammation-associated genes CD274/PD-L1,
IL23A,AREG, CSF3,IL1A, suggesting these could be activated populations.
[Uncharacterized 1], LOC105869025.See Supplementary Note 7 for further
analysis.
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Extended DataFig. 9 |Further characterization of uterine tumor cellsand
metastasis to lung. a-c. H&E sections of primary endometrial tumor cellsin
theuterusofL2 (a, N =2), which metastasized to the lung (b, close up of Fig.3b,
N=1),and of endometrial tumor cells of L3 (c), which metastasized locally.
Scalebar, 20 pm (all panels). Full set of micrographs are available on Tabula
Microcebusweb portal.d. UMAP of lung cells (left, L1-L4,10x and SS2) and
uterine cells (right, L3,10x) integrated by FIRM and colored by (top to bottom)
compartment, epithelial cell type designation (non-epithelial cellsin grey),
expression level of uterine marker OXTR, and expression level of human
endometrial cancer marker MUC16/CA125, respectively. Note isolated cluster
oflung epithelial cells (arrow, from L2), identified as metastatic tumor cells and

cluster of uterine epithelial cells (arrowhead, from L3), designated as non-
ciliated epithelial cell of uterus (FXYD4+ MUCI6+), presumed to be primary
endometrial tumor cells. e. UMAP of all atlas cell types showing their mean
transcriptional similarity (L1-L4,10x)". Each data pointis acell type (unique
combination of tissue and free annotations), colored by compartment. Boxed
inset shows close-up of indicated UMAP region with cell types colored by
compartment (circle fill) and tissue of origin (circle border), and labeled by cell
type designation. Note metastatic tumor cells (Met, arrow) from L2 lung and
adjacent (molecularly similar) uterine non-ciliated epithelial cells (FXYD4+
MUCI6+,arrowhead) fromL3, supporting uterine origin of the metastatic tumor.
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Extended DataFig.10|See next page for caption.




Extended DataFig.10|Further characterization oflemur adipocytes and

their expression patterns. a. FIRM-integrated UMAP of adipocytes and adipo-

CARcells (10x and SS2) asin Fig. 3f with cells colored by (left toright) cell type
designation, scRNA-seq method, individual lemur source, and tissue source,
respectively.b. UMAP as above colored by expression level of indicated
adipocyte markers (ADIPOQ, CIDEC) and example DEGs in UCPIlo (CHITI,
APOE) and UCPIhi (FABP3,KCNK3) adipocytes.c. UMAP as above colored by
thenumber of scRNA-seq reads per cell (UMIs, 10x; transcripts, SS2, left) and
number of genes detected per cell (right). Note the heterogeneity of UCPIlo
population, which forms two subclusters distinguished by total read per cell
andgenes detected per cell, but not by any biologically significant DEGs. d. H&E-
stained sections of fat tissues from L2 (left) and L4 (right) that are near the
kidney (top) and paraspinal muscle (bottom), N = 4. Scale bar, 50 um (all panels).
Fullset of micrographsavailable online on Tabula Microcebus web portal.
e.Dotplot of mean expression of the top 10 DEGs in each of the four fat depots:
BAT, interscapular brown adipose tissue; GAT, perigonadal; MAT, mesenchymal;
SCAT, subcutaneous (L2,10x). /Uncharacterized 1], LOCI05856764;

[Uncharacterized 2], LOCI05867540, [COX7A1], LOCI05876884; [Uncharacterized
3],LOC105867541; [MT2A], LOC105866476; [MTIE], LOC105866554,; [CTRBIL],
LOC105875474; [MAGEBI16L], LOC105877758; [PRSSIL], LOC105873340; [IGLL1],
LOC109729893; [IGLLS5], LOC105882024; [RPS3], LOC105862350; [RPS20],
LOCI05874908; [RPS271], LOC109731171; [RPL32], LOC105861123; [RPLPI],
LOC105859117; [RPS15A], LOC105857549; [RPL29], LOC105863618; [FTL],
LOC105870251.f. Dot plot of expression of adipokines LEPand ADIPOQ as well
astheirreceptorsacross atlas cell types (L1-L4,10x). Note abundant and
specific expression of ADIPOQbut lack of LEPexpressioninadipocytes.
Curiously, LEPtranscripts are detected in the AKRIBI+ kidney loop of Henle
cells (LoH), mesothelial cells,and some vascular-associated smooth muscle
cells (SMC), although at very low levels. In contrast, LEPR shows expected
expressioninvarious cell typesincluding tendon cells, fibroblasts, and
endothelial cells, and high LEPR expression is found in mesenchymal progenitor
celltypessuchasosteo-CARand adipo-CARcells. Also note ubiquitous expression
of ADIPOR1 across almost all atlas cell types, and enriched expression of ADIPOR2
inspermlineage cellsand adipocytes*.
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Extended DataFig.11|Further characterization of theidentified nonsense
mutationsidentified in the profiled lemurs. a-d. Gene schematic (a), bar plot
(b) and dot plot (c) of gene expression, and model of NMD regulation of the
gene’s expression (d) asin Fig. 5c-n but for CLEC4E, afourth gene witha
nonsense mutationidentified inalemurintheatlas (L4). CLEC4E isaninnate
immuneregulator expressed in neutrophils and monocytes. (c) N cell types =
19, 6 for wildtype and mutant, respectively. e. Length of preserved and
C-terminus depleted portion of the mutant protein predicted for the four
characterized genes withanonsense mutation, based on the position of the
nonsense mutationinthe gene. Numbers atright of barindicate the total

length of the protein (black) and the percent of the depleted portion (red).
f.Percentof transcript reads that cover the mutation position among all
transcripts reads thatalignto the corresponding gene in the affected
individual (10x). g. Dot plot showing mean expression of the four characterized
genesacross 63 orthologous cell types in human, lemur, and mouse'. Rows are
orthologous genes, indicated by their respective human gene symbols. * lemur
homologue for human gene PYHNIis LOC105864482. Columns are cell types,
displayed as trios of dots showing the respective expression, from left to right,
inhuman, lemur, and mouse. Red cross, gene missing in mouse genome.
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Software and code

Policy information about availability of computer code

Data collection Illumina NovaSeq 6000 Sequencing System was used to collect sequencing data.

Data analysis Custom computer codes are available on Globus (https://app.globus.org/file-manager?origin_id=c9fc0al15-54a0-4182-8d64-
fd8afc12f1fc&origin_path=%2F). Additional softwares and packages used are described below. Raw sequencing data were processed by Cell
Ranger (v2.2, 10x Genomics) for 10x data and by STAR aligner (v2.6.1a), skewer (v0.2.2), RSEM (v1.3.1), and HTSEQ (v2.0) for smartseq2 data.
Downstream analyses were performed using R (v4.3.0), Python (v3.6 and 3.9), and Matlab (v2020b). Seurat (R package, v2.3.0), Scanpy (v1.8),
and cellxgene (v1.0.1) were used for cell clustering and annotation. Cell gradients were generated using Slingshot (v2.14.0) and a custom
program developed in Matlab (Trajectory analysis: https://github.com/Shixuan1/scRNAseq_trajectory_analysis) using Matlab built-in functions
(e.g., ‘pca’), the Image Processing ToolboxTM (Matlab v2020b), and a Matlab umap package (https://www.mathworks.com/matlabcentral/
fileexchange/71902). scRNA-seq data integration used custom programs developed by co-authors, including FIRM (https://github.com/
mingjingsi/FIRM) and Portal (https://github.com/YanglLabHKUST/Portal). TAR analysis used an author generated program (http://github.com/
fw262/TAR-scRNA-seq), groHMM tool (v1.40.3), BLASTn (https://blast.ncbi.nlm.nih.gov/Blast.cgi), an author generated program Nf core/
predictorthologs (https://github.com/czbiohub-sf/nf-predictorthologs), DIAMOND blast (https://github.com/bbuchfink/diamond), and Infernal
cmscan (https://www.ebi.ac.uk/Tools/rna/infernal_cmscan/); SICLIAN analysis used an author generated program (https://github.com/
salzmanlab/SICILIAN) and the UCSC LiftOver tool (https://genome.ucsc.edu/cgi-bin/hgLiftOver); SAMap analysis used an author generated
program (https://github.com/atarashansky/SAMap, v1.0.15); Ig/BCR analysis used BLASTn (https://blast.ncbi.nlm.nih.gov/Blast.cgi), |g BLAST
(https://www.ncbi.nlm.nih.gov/igblast/), BASIC (v1.5.0), MAFFT (v7), Geneious Prime (v2021.1.1); MHC analysis used Bowtie2 (2.3.5),
Integrative Genomics Viewer (v2.8.0), and Geneious Prime (v2021.2.2); Gene set enrichment analysis used gprofiler2 in R (v0.2.1); Natural
mutant analysis used Sentieon (v202308.03). For data visualization, dot plots, sina plots, violin plots, line plots, bar plots, box plots, heatmaps,
pie charts, interaction plots, error bars and contour figures were generated using Python packages ‘pandas’ (v1.1.5), ‘numpy’ (v1.19.3),
‘anndata’ (v0.7.4), ‘scanpy’ (v1.6.0), ‘matplotlib’ (v3.3.2), ‘igraph’ (v0.7.1), ‘seaborn’ (v0.9.0), and ‘louvain’ (v0.6.1); R packages
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‘ggplot2’ (v3.4.4), ‘gplots’ (v3.1.3), ‘readr’ (v2.1.4), ‘dplyr’ (v1.1.2), ‘reshape2’ (v1.4.4), ‘patchwork’ (v1.1.3), ‘RColorBrewer’ (v1.1.3),
‘ggrepel’ (v0.9.4), ‘aplot’(v0.1.10), ‘ggdendro’ (v0.1.23), ‘Matrix’ (v1.6.4), ‘here’ (v1.0.1), ‘pheatmap’ (v1.0.12), tidyr (v1.3.0), ‘cowplot (v1.1.1),
and ‘circlize’ (v0.4.15); and Matlab built-in functions ‘plot’, ‘scatter’, ‘violinplot’, ‘imagesc’, ‘contour’, ‘bar’, ‘box’, ‘errorbar’ and ‘pie’.
For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Tabula Microcebus mouse lemur scRNA-seq gene expression counts/UMI tables, and cellular metadata used in this study are available on Figshare (https://
figshare.com/projects/Tabula_Microcebus/112227), and can be explored interactively using the UCSC Cell Browser on the Tabula Microcebus portal (https://tabula-
microcebus.ds.czbiohub.org/). Histological atlas of all tissues analyzed is also available on the portal. Raw sequencing data (fastq files) are available on Globus
(https://app.globus.org/file-manager?origin_id=c9fc0al5-54a0-4182-8d64-fd8afc12f1fc&origin_path=%2F).

For sequence alignment, Microcebus murinus genome assembly (Mmur 3.0, NCBI accession: GCF_000165445.2) and gene annotation file (NCBI Refseq Annotation
Release 101) were obtained from NCBI’s FTP sites (https://www.ncbi.nIm.nih.gov/datasets/genome/GCF_000165445.2/; https://ftp.ncbi.nlm.nih.gov/genomes/all/
annotation_releases/30608/101/). To classify DE-uTARs as protein-coding or non-protein coding, the reference database of mammalian proteins from UniProt was
used (https://www.ebi.ac.uk/reference_proteomes/). Human BCR genes were retrieved from IMGT (https://www.ebi.ac.uk/ipd/imgt/hla/) and lemur MHC genes
were retrieved from GenBank (accession numbers in Supplementary Notes). A list of cognate ligands to human chemokine receptors was manually downloaded
from CellPhoneDB (https://www.cellphonedb.org/index.html, March 2024).

For cross-species analysis, human 10x data were from the Tabula Sapiens for the liver, spleen, and bone marrow (https://figshare.com/projects/
Tabula_Sapiens/100973) and the Human Lung Cell Atlas for the lung (https://www.synapse.org/#!Synapse:syn21041850/wiki/600865). Human testis drop-seq data
were from Shami et al. (https://www.nchi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE142585). Mouse data were all from 10x data of the Tabula Muris Senis (https://
figshare.com/articles/dataset/Processed_files_to_use_with_scanpy /8273102/2), except for the testis which was based on 10x data from Ernst et al. (https://
www.ebi.ac.uk/biostudies/arrayexpress/studies/E-MTAB-6946).

For orthologous genes compilation and to quantify named/unnamed/uncharacterized genes, data were obtained from NCBI (gene_info.gz and gene_orthologs.gz
from https://ftp.nchi.nlm.nih.gov/gene/DATA/), Ensembl Biomart (Ensembl Genes version 99), and MGl (HOM_MouseHumanSequence.rpt from http://
www.informatics.jax.org/downloads/reports/). List of human genes with associated genetic disorders was obtained from Online Mendelian Inheritance in Man:
(genemap?2.txt from https://www.omim.org/downloads).

Source data for figures are provided with this paper.
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Human research participants

Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender N/A

Population characteristics N/A
Recruitment N/A
Ethics oversight N/A

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|X| Life sciences |:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size A total of 4 mouse lemurs were used in this study. The sample size was determined by the availability of the animals in accordance with the
approved animal protocol.

Data exclusions  During pre-processing of single-cell RNAseq, some cells were identified as low quality, doublets, and/or sequencing contaminants. See
description in Methods of accompanying manuscript (Tabula Microcebus Consortium et al., A molecular cell atlas of mouse lemur, an




emerging model primate). In follow-up analysis, such data were excluded and indicated in the corresponding Methods and/or Figure Legend.

Replication 4 mouse lemur individuals were used as biological replicates in this study. The number of individuals profiled for each tissue is indicated in
accompanying manuscript Fig. 1c (Tabula Microcebus Consortium et al., A molecular cell atlas of mouse lemur, an emerging model primate).
To ensure consistency across replicates, all scRNA-seq data were integrated together into the same UMAP embedded space (accompanying
manuscript Extended Data Fig. 1c). We confirmed that the same cell types from different individuals clustered together. Cell types that were
found in only one individual and clustered separately were assigned a unique cell type designation (indicated with asterisk in accompanying
manuscript Supplementary Fig. 1). Downstream analyses were done with the combined dataset across all individuals. Exception included:
immune response analysis (Fig. 2c, Extended Data Fig. 6 f-g) which differed for each individual based on clinical pathologies described in
Supplementary Results; tumor analysis (Fig. 3a-e, Extended Data Fig. 9) with lung metastasis found in one individual and uterine cancer found
in two individuals but profiled in only one individual (unknown that these lemurs had tumors at time of tissue harvesting); and natural mutant
analysis (Fig. 5, Extended Data Fig. 11) that analyzed only the profiled individuals that were subsequently found to have specific mutations.

Randomization  Animals were not randomized in this study as no hypothesis was being tested; this study focuses on data mining and analysis.

Blinding This is not applicable as the study does not involve allocation of participants/samples.
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Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
[] Antibodies X[ ] chip-seq
[] Eukaryotic cell lines XI|[ ] Flow cytometry
|:| Palaeontology and archaeology |Z| |:| MRI-based neuroimaging

[X] Animals and other organisms

[] clinical data

XXOXKXX &

[ ] Dual use research of concern

Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
Research

Laboratory animals Experimental species is gray mouse lemur (Microcebus murinus). Lemur 1: male, age 9.8 yr; Lemur 2: female, age 10.1 yr; Lemur 3:
female, age 11.8 yr; Lemur 4: male, age 11.8 yr.

Wild animals The study did not involve wild animals.
Reporting on sex Two female and two male animals were sampled in this study. No sex-based analysis were performed given the small sample size.
Field-collected samples  The study did not involve field collected samples.

Ethics oversight The study was performed with approval by the Stanford University Administrative Panel on Laboratory Animal Care (APLAC #27439)
and in accordance with the Guide for the Care and Use of Laboratory Animals.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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