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Abstract
The brains of vertebrates are more complex and have a wider diversity of cell types than those of their closest relatives. Whole-genome duplications (WGDs)
occurred during early vertebrate evolution1, but it remains unclear whether the resultant duplicate genes (ohnologues) facilitated cell type evolution. Using
brain single-cell transcriptomes from four vertebrates – human, mouse, lizard, and lamprey – we find major cell type families are conserved with shared core
transcription factors. If WGD was more important for cell type evolution than other types of gene duplication then we predict that cell type markers will be
likely to be ohnologues, and that ohnologue pairs will be used in cell type-specific patterns. We show both predictions hold, demonstrating ohnologues play
more prominent roles in cell type evolution than genes duplicated by other routes. By examining expression of paralogues across cell types and species, we
show that expression changes have been mainly driven by dosage selection and subfunctionalization. We then show these processes boosted cellular
diversity at different anatomical and cell type scales. Our findings demonstrate systematic and long-lasting effects that potentiated vertebrate brain cell type
evolution for hundreds of millions of years following WGD.

Introduction
Susumu Ohno2 hypothesised that vertebrates underwent whole genome duplications (WGDs) sometime in their ancestry, which generated additional genes
important for vertebrate evolution. Evidence for this then came from gene mapping in human and mouse3, followed by gene family comparisons between
vertebrates, amphioxus and tunicates4; together these data resolved into the 2R hypothesis, which stated that two WGDs occurred in early jawed vertebrate
evolution. Recent studies show the first WGD predated the separation of cyclostome and gnathostome lineages, while subsequent WGDs occurred
independently in each lineage1,5. WGD is not the only way that genes can duplicate, however, and their impact must be distinguished from additional genetic
material generated by the frequent and extensive duplications that occur by other routes, which we here call small-scale duplication (SSD)6. Most duplicated
genes are lost following duplication, but retained genes may undergo complementary loss of function (subfunctionalization) and/or evolve new functions
(neofunctionalization)7. Retained genes are also frequently co-opted into evolving gene regulatory networks (GRNs)8,9, and this is proposed to drive new uses

in the development and specification of tissues, organs, and cell types9,10. 

The origin and evolution of cell types has gained much attention in the past 20 years11–15, with recent deployment of single-cell and single-nucleus RNA-
sequencing (sc- and snRNA-seq) allowing systematic description of cell types based on their transcriptomes. An evolutionary definition of cell types has also
been proposed defined by common descent regardless of form and function12. New cell types can evolve by duplication and divergence (the sister cell type

model) which often come from anatomically and developmentally distinct regions, and cell type is an inherently hierarchical concept12,16. In many cases, as
with gene paralogues, individual cell types are species/clade-specific17. These issues highlight the importance of investigating cell type evolution at both
different hierarchical levels and across different regions of the body.

Vertebrates possess well-developed brains that enable quick and coordinated responses to environmental stimuli and facilitated vertebrate adaptation to
diverse ecological niches. Compared to their closest invertebrate relatives - tunicates and amphioxus - vertebrate brains are highly regionalised and complex
with many novel cell types. Previous studies13,18–20 have demonstrated the similarities and differences of neural cell types within and between vertebrate
species. However, ancestral repertoires of neural cell types and their core transcription factor (TF) programmes in vertebrates remain poorly understood. The
roles of WGD and SSD paralogues in brain cell type evolution are still obscure.

In this study, we analysed four vertebrate whole brain single-cell transcriptomes and inferred the ancestral repertoires of neural cell type families. We
identified core TF programmes for 11 conserved major cell type families in all vertebrates, and 15 restricted to jawed vertebrates. We systemically
distinguish the roles of ohnologues and SSD paralogues in cell type evolution, with differences mainly due to differential retention after WGDs of TF and other
genes involved in developmental regulation, and those encoding important effectors. We found dramatic shifts in expression patterns within paralogue
families and argue subfunctionalization is more predominant than neofunctionalization, consistent with previous results21–25. We also found cell type non-
specific dosage selection following duplication. Importantly, our conclusions apply across spatial and evolutionary scales, from neural cell families in major
brain divisions to cell types in lineage-specific cerebellar nuclei. These findings suggest ohnologues act as ‘parts stores’, promoting cell type evolution during
both early vertebrate evolution soon after WGD and over the subsequent hundreds of millions of years.

Results
Major cell type families are conserved in vertebrate brain

To compare vertebrate brain cell types, we surveyed scRNA and snRNA data from four species (human, mouse, lizard, and lamprey)13,26–28. No comparable
whole brain single-cell data from fish are currently available. We included developmental data from one outgroup, the cephalochordate amphioxus. Although
tunicates are more closely related to vertebrates, they are rapidly evolving and secondarily simplified, with few neurons at the developmental stage
comparable to vertebrate brains29–31. Vertebrate data were filtered to retain only brain tissues at juvenile or adult stages, and low-quality cells were removed.
To help balance the number of cells for cross-species integration and accommodate different proportions of neurons and glia, we randomly down-sampled
the human and lizard atlases to 105 neurons and 105 non-neural cells while retaining the full brain atlases for mouse (67,937 neurons and 60,395 non-
neuronal cells) and lamprey (18,166 neurons and 41,472 non-neuronal cells). Since atlases for different species were produced by different methods, we
reanalysed each species with Self-Assembling-Manifold (SAM)32, then performed iterative clustering to generate finer clusters of cells (Methods). This
resulted in 241, 167, 202, and 141 clusters for human, mouse, lizard, and lamprey, respectively. We attributed clusters to cell types based on reference
annotation, expression of markers (Supp. Table 1, Extended Data Fig. 1, and Methods)33,34, and SAMap35 mapping (see below). On average, 94% of clusters
were reliably assigned to cell types in four species (Supp. Table 2). 
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Cell types can emerge through duplication and divergence within cell evolutionary lineages12,16, conceptually similar to gene duplications forming lineage-
specific paralogues17. This makes cross-species comparison unsuitable for assessing one-to-one cell type homology at high resolution in evolutionarily

distant species17. The conservation of brain regionalisation and its molecular and developmental basis across vertebrates36, instead led us to focus on cell
type families at the same hierarchical layer. Cell type families can be defined as a set of cell types using the same regulatory programmes driving
differentiation and identity37 (for example, as defined by Core Regulatory Complexes (CoRCs)12, Character Identity Networks (ChINs)38, and terminal
selectors33). To execute this, cell type family specific TFs were predicted and conserved TFs were used to define cell type families in vertebrates (Methods,
Fig. 1c and Supp. Table 3). Homeodomain TFs were the most represented TF type in cell type specific TFs and the only enriched class in all four species
(Hypergeometric test, adjusted P < 0.01; Extended Data Fig. 2a and Methods), supporting previous observations on their roles as terminal selectors in
vertebrates and invertebrates33,34,39.

To conduct cross-species comparisons, we separated neurons and non-neurons to generate two atlases for each species (Fig. 1b) and then performed
SAMap35, a specialized approach for stitching multiple species into a common space while accounting for in- and out-paralogues. In most cases, clusters
were mapped to clusters within the same cell type families (Extended Data Fig. 2b,c), with around 76% and 91% of bidirectional linkages connecting clusters
within the same neuronal and non-neuronal families, respectively. These cell type families were also represented by a conserved TF programme (Fig. 1c and
Supp. Table 3). However, some discrepancies were noted. Lamprey erythrocytes mapped to jawed vertebrate oligodendrocytes with low mapping scores and
a low number of supporting gene pairs (median = 0.19; 157 vs 906 gene-pairs on average for homologous astrocytes, and Methods). Lamprey
rhombencephalon GABAergic neurons shared several TFs (Bhlhe22, Lbx1, Lhx1/5, Neurodo1/2, En2, Hoxb3 and Tfap2a/b) with jawed vertebrate
counterparts. However, mapping relationships between lamprey rhombencephalon and jawed vertebrate rhombencephalon cells were unstable, with low
mapping scores and associations with several other neuronal families. No lamprey rhombencephalon clusters expressed the excitatory neuron marker
Slc17a6/7, and markers for the cerebellum (Purkinje cell marker: Car8; Cerebellar granule cell markers: Math1 and Barhl1)40 were not expressed in any
clusters of lamprey hindbrain or midbrain (Extended Data Fig. 2d). 

In summary, we found most major cell type families are shared across vertebrates except for oligodendrocytes and cerebellar cell types. These outcomes are
consistent with several observations: the absence of myelination in lamprey brains41, the lack of a well-defined cerebellum in lampreys42,43, and findings from
single-cell analyses comparing lamprey and mouse brains28. In addition, we identified a set of conserved TFs that can be used to define major cell type
families across vertebrates, including lamprey, suggesting these cell type families evolved before the divergence of cyclostome and gnathostomes and that
their core regulatory programmes are at least partially conserved.

WGD was more important than SSD in cell type diversity and evolution

To address how and to what extent ohnologues and SSD paralogues contribute to cell type diversity and evolution, we identified ohnologues, SSD paralogues,
and differential expressed genes (DEGs or ‘markers’) across cell type families (Methods). We then asked whether ohnologues or SSD paralogues were DEGs
at the cell type family level. A single-cell dataset from amphioxus at late neurula stage45, filtered to retain only CNS cells, was used as a ‘control’ for analysing
relationships between extensive SSD paralogues and DEGs. The Odds Ratios (ORs) in Fisher’s exact test between SSD paralogues and DEGs were lower than
1 for most cell type families in all five species (Fig. 2a, OR < 1 between combined DEGs and SSD paralogues for all species, P < 0.001), suggesting SSD
paralogues in chordates are not likely to be cell type markers. In contrast, the ORs between ohnologues and DEGs were above 1 for most cell type families in
the four vertebrates (Fig. 2a, OR > 1, P < 0.001, between combined DEGs and ohnologues for all species). This shows ohnologues have a significant tendency
to be markers. In line with this, the percentage of SSD paralogues in markers was generally lower than the background (except in mouse) while that for
ohnologues was significantly higher than the background (one-sample t-test, P < 0.0001, Fig. 2b). This finding was reinforced by similar results in other
tissues and at different levels of cell types (Extended Data Fig. 3a,b and see below). Additionally, TFs and putative target genes in cell-type-specific regulons
detected by pySCENIC46 also showed the same patterns with ohnologues and SSD paralogues (Extended Data Fig. 3c-f and Methods).

To understand why ohnologues were more associated with markers than SSD paralogues, we performed GO enrichment analysis (Methods) and found
ohnologues and SSD paralogues were enriched in distinct categories of biological process (Fig. 2c and Extended Data Fig. 3g). Specifically, ohnologues were
enriched in development, cell fate commitment, signalling,  and neurotransmitter transport, while SSD paralogues were enriched for immune response and
sensory perception in all species, matching with previous reports6,47,48. Consistently, we found that TFs, cofactors, transporters, etc were preferentially
retained following WGDs (Fig. 2d, Extended Data Fig. 3h, and Methods). This suggests the positive association between ohnologues and markers is partly
due to preferential retention of TFs, genes in developmental regulation, and some effectors.

Being associated with markers does not, in itself, prove that ohnologues contributed to the generation of new cell types. However, if this pattern reflects
deployment of ohnologues to increasingly specialised cell types in vertebrate evolution, we expect pairs of ohnologue genes to be used in different cell type
families or cell types (Fig. 2e). To test this, for each cell type family we calculated the number of paralogue families having a copy (or copies) as markers and
the number of paralogues as markers. The ratio between the two was close to 1, significantly higher than expectation (One-sample t-test, P < 0.001, Fig. 2f).
We found the same pattern at the cell type level (Extended Data Fig. 3i). This shows that if a paralogue is a marker for a specific cell type, other paralogues
from the same family are less likely to be the markers for that cell type, regardless of duplication type and cell type granularity. While several studies have
revealed an association between ohnologues or paralogues and cell type markers15,24,25,49, this analysis distinguishes the association of ohnologues and
SSD paralogues and clarifies their contribution to the evolution and diversification of cell types.

To compare paralogous genes with those showing conserved cell-type signals, we applied PCA on ‘metagenes’ or orthologues and variance decomposition
to filter out genes with strong ‘species signals’50–53 or batch effects (Methods). In both analyses, batch- and species-specific effects dominated over cell-
type signals, with ~70% of genes showing stronger species/batch contributions (Fig. 2g and Extended Data Fig. 4a-c). An additional cortical dataset from
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mice54 was incorporated and results suggested that variance from batch effects was greater than that from species differences (Extended Data Fig. 4d). As
expected, metagenes with high contribution to cell type family signals were significantly associated with orthogroups containing ohnologues (Fisher’s exact
test, P < 2.2e-16, OR = 3.2). 

Subfunctionalization is prevalent during cell type evolution

Following gene duplication, paralogous genes could become markers/expressed by different cell type families through subfunctionalization (splitting of
ancestral roles) or neofunctionalization (evolution of new roles). We sought to determine which of these mechanisms plays the predominant role for both
WGD and SSD paralogues. Expression was binarized as ‘markers’ (1) and ‘not markers’ (0), and the smallest groups of cell types deploying at least one
paralogue as a marker in at least 3 out of 4 of the vertebrate species were considered as the ancestral state for vertebrates (Methods, Fig. 3a). We then
calculated the changes in each paralogue family compared to the inferred ancestral state for each species (Methods). In paralogue families, approximately
78%, 21%, and < 1% of the total changes in marker usage can be attributed to subfunctionalization, neofunctionalization, and loss-of-function (loss of being
markers for all copies in that cell type), respectively. Across paralogue families, SSD paralogue families, and ohnologue families, these proportions remain
relatively consistent. The number of changes and number of changes per gene explained by subfunctionalization were significantly and consistently higher
than explained by neofunctionalization for all species and duplication types (Fig. 3b,c). Similar patterns were found from inferring ancestral states and
estimating sub-and neo-functionalization for amniotes only (Methods and Extended Data Fig. 5a,b). We also performed the above approaches on expression
matrices binarized by Trinarization score27 which displayed similar trends in vertebrates (Methods and Extended Data Fig. 5c,d). For example, lamprey’s
single Slc17a6/7 was broadly expressed in excitatory neurons, while in jawed vertebrates, Slc17a6 and Slc17a7 underwent subfunctionalization, with
Slc17a7 predominant in telencephalon, and Slc17a6 in di-/mesencephalon, and both in rhombencephalon excitatory neurons (Extended Data Fig. 5e). These
results indicate that the deployment of paralogues to increasingly specialised cell types in vertebrate evolution after gene duplication was mainly driven by
subfunctionalization. These results support the duplication-degeneration-complementation (DDC) model7 and match previous studies based on bulk
transcriptomics and one study based on single-cell transcriptome22–24.     

Given the changes within paralogue families, we next asked whether expression of genes in paralogue families shifts to similar degrees across species. We
defined the expression domain based on Trinarization score27 at homologous cell type family level and then calculated the average expression divergence
(dT) among paralogues in each orthogroup for each species (Methods). This revealed most paralogues extensively diverged in both species and some
exhibited shifts mainly in one species on the pairwise comparison (Fig. 3d and Extended Data Fig. 6a). For example, the Tbr1 subfamily of T-box genes (dT =
1 for human, mouse and lizard, and dT = 0.67 for lamprey) duplicated through WGDs at the base of vertebrates, giving rise to Tbr1, Eomes, and Tbx21 in
jawed vertebrates (Extended Data Fig. 6b and confirmed elsewhere1). In our dataset, Tbr1 and its lamprey homologues are exclusively expressed in
glutamatergic neurons of the telencephalon, while Eomes is expressed in rhombencephalon glutamatergic neurons in amniotes (Fig. 3e). We observed a
decrease of cells expressing Tbr1 from lamprey to mammals, alongside cortical expansion and olfactory bulb reduction in lizards and mammals, reflecting
ohnologues adaptations and neuronal specialization across vertebrates.

Dosage selection is prevalent across cell types

Studies using bulk transcriptomes have revealed cases of gene expression changes following gene duplication55,56. This could be explained by the gene
balance hypothesis, which proposes that high expression of duplicated genes can be selectively disadvantageous due to stoichiometry effects57,58. We
tested if this extended to cell type level, potentially contributing to the route to subfunctionalization. This showed that most (>70%) WGD and SSD paralogue
families contained at least one copy that significantly differed from others with respect to expression level or percentage of expressing cells (Friedman test,
P < 0.01, Extended Data Fig. 7a,b). We next limited analysis to gene families with two copies to avoid multiple comparisons, and counted the number of
paralogue families having a significantly dominant copy as assessed by expression level and by percentage of expressing cells. Over two-thirds (66-80%) of
these paralogue families, whether derived by WGD or SSD, have a significantly dominant copy in a pervasive way, not specific to cell types (Fig. 3f and
Methods). Hence, after gene duplication, one of the genes often becomes dominant over multiple cell types. 

We then asked whether different species use the same genes as the dominant copy within each gene family. We found humans and mice had the highest
similarity compared to other species pairs, reflecting their closer phylogenetic relationship (Fig. 3g). Although the total number of SSD paralogue families
was higher than ohnologue families, the number of ohnologue families sharing a dominant copy was consistently higher than SSD families over all species
comparisons (Fig. 3g). For example, Pax6 was highly expressed in astrocytes, ReExc, and several other cell types, whereas Pax4 showed limited expression
(Fig. 3h and Extended Data Fig. 7c). Pax4 has also been independently lost across multiple vertebrate lineages, including lamprey, hagfish, and bearded
dragon (Extended Data Fig. 7d), likely due to its limited expression domain and relaxed selection59. This general trend can be explained by either stronger
dosage selection on ohnologues and/or if SSDs emerged in a specific lineage and are not shared by species analysed. The high degree of conservation of
dominant copies across vertebrates suggests that dosage selection occurred soon after duplication (especially WGD) irrespective of cell type and prior to
divergence of lineages studied; this could be a result of selection following an immediate transcriptional response after genome duplication7,55,58. This
allows genes to be retained sufficiently long before subfunctionalization and/or neofunctionalization7,60. Our case studies also have shown that many
paralogues (e.g., Ppp2ca, Ppp2cb; Ctbp1, Ctbp2; Atfb6, Atfb6b; Strada, Stradb) are used differently by different species (Extended Data Fig. 7e).

WGD roles in the regional identity and evolution of neuronal and glial cells

A key question is whether different neural cell type families, such as glutamatergic neurons in different brain divisions in a species, evolved from a common
ancestral population (are monophyletic) or arose independently (are polyphyletic), given that their TFs of top regulons were largely not shared (Extended Data
Fig. 9a,b). Brain regionalisation occurs early in development and the transcriptomic differences across brain regions correspond with progenitor cell position,
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which has lasting effects on cell specification and differentiation61–63. Interestingly, a recent study suggest that neurons and astrocytes share some region-
specific markers64 but this is limited to neocortex and thalamus.

To explore how WGD contributed to regionalisation and the broader complexity of neural cell types, we first examined macroglia. Macroglia, including
astrocytes, ependymal cells, and oligodendrocytes, make up the majority of glial cells in the brain and, like neurons, originate from neuroectoderm65. We first
identified subtypes based on known markers (Supp. Table 4), dissection locations, and annotation from the published reference atlases13,27,54 (Extended
Data Fig. 8a,b). Astrocyte was the most diversified macroglia family, with strong regional variance, (Fig. 4a and Extended Data Fig. 8c), compared to
oligodendrocytes and ependymal cells (Extended Data Fig. 8d,e)27,54,66. An exception was observed in the mouse dataset, which displayed higher diversity in
all macroglia subtypes, because of batch effects confounded with biological variance in their experimental design. Ohnologues were significantly associated
with DEGs of astrocytes and oligodendrocyte subtypes, respectively (Fig. 4b and Extended Data Fig. 8f-h). However, DEGs within ependymal cells only
showed significant association with ohnologues in lizard and lamprey (Extended Data Fig. 8i,j), likely due to their low representation (and therefore low
number of markers detected) in the human and mouse data. Regional variance of astrocytes prompted us to perform GO enrichment analysis on DEGs,
which revealed their differences in development and functions (Extended Data Fig. 9c). 

Using variance decomposition, we systematically identified genes that contribute to regional identity and to astrocyte-neuron variance (Fig. 4c, Supp. Table 5,
and Methods). To do this, we compared GABAergic neurons with astrocytes and glutamatergic neurons with astrocytes. Regional genes significantly
overlapped across cell types (Fig. 4d and Extended Data Fig. 9d) and relevant orthogroups were significantly shared across species (Fig. 4e), suggesting at
least part of the region-specific programmes were shared across neural cell type families and conserved across vertebrates. These genes were significantly
enriched in regionalisation, brain development, and cell specification (Extended Data Fig. 9e). Among these, we identified several key genes implicated in
brain development and cell specification, including Foxg1, Emx1, Fezf2, and Prox1 (telencephalon)67–70; Tcf7l2, and Six3 (diencephalon)71,72; Otx2, En1/2, and
Pax7 (mesencephalon)73–75; En1/2, Pax3, Zic1/2, and Neurod1/2 (rhombencephalon)74,76,77. Notably, the average number of copies (2.5 to 3.4) in these
regionalisation orthogroups were significantly larger than the average size of orthogroups for each species (1.3 to 1.5, Wilcoxon signed-rank test, P <
0.0001). In addition, genes in regionalisation orthogroups were more strongly associated with ohnologues than SSD paralogues (Fig. 4f; except in lizard with
similar ORs). As previously observed, these genes and their ohnologue pairs underwent significant expression shifts following WGDs (Fig. 4g). These findings
indicate that some regional programmes for major cell type families likely evolved before the common ancestor of vertebrates, were preferentially retained
and underwent expression shifts following WGDs to contribute cell type family diversity across brain divisions.

Ohnologues contribute to cell type evolution long after WGDs

To test whether our findings hold true in relation to cell types that emerged at least 150 million years after WGD1,44, we leveraged recent scRNA atlases of

human, mice, and chicken cerebellar nuclei (CN)78. During vertebrate evolution an archetypal CN including its conserved combination of cell subtypes has
been shown to have duplicated (Fig. 5a)78. Specifically lamprey lacks CN, while cartilaginous fishes and amphibians have one CN pair, reptiles and birds two
pairs, and mammals three pairs79,80. We focused on excitatory neurons within the CN since they are regionally variant and largely confined to

cytoarchitecturally defined subnuclei78,81. We performed the same approach as above to explore relationships between ohnologues/SSD paralogues and
DEGs, finding the same patterns as were found at the cell type family and cluster level (Fig. 5b and Extended Data Fig. 10a). Consistent with this, 10/20
experimentally validated markers of CN excitatory neurons78 were ohnologues (Supp. Table 6). DEGs were enriched in axonogenesis, axon guidance,
migration, and synaptic organization, reflecting their functional diversity across subnuclei and between neuron classes (Fig. 5c and Extended Data Fig.
10b,c).

To understand how ohnologues might be involved in the duplication and divergence of excitatory neurons in CN, we used hierarchical clustering to build a cell
type dendrogram, binarized expression, and inferred candidate genes involved in the key branching events (Methods). Previously identified class A or B
excitatory neurons78 were generally clustered together in the dendrogram for all three species (Fig. 5d and Extended Data Fig. 10d,e). We identified several
important TF genes, including Lmx1a/b, Pax6, Tbr1, Lhx9, and Prox1. These genes are involved in the chronological sequence of CN glutamatergic neuron
development82,83 and they have ohnologue pairs with distinct expression patterns across cell subtypes (Fig. 5e and Supp. Table 7). Lmx1a, Pax6, and Tbr1
were primarily expressed in the medial nucleus, while Lhx9 was mainly expressed in lateral and interposed nucleus (Fig. 5e), matching with previous
reports82,83. We also found that many ohnologues encoding axon guidance molecules (Robo/Slit, Unc5/Netrin, and Unc6/Netrin) that control axonal
trajectories in the nervous system were differentially expressed (Fig. 5f and Extended Data Fig. 10f,g), reflecting the difference of afferent projection to CN
and efferent projections from CN82,84,85. Clusters of Interposed X (IntX, a spatially isolated region in chicken) are considered to have no directly homologous

nuclei in mice78 and these were clustered with medial nuclei within chicken (Extended Data Fig. 10e). We found several TFs which may be related to IntX
specification (Extended Data Fig. 10h) and many were ohnologues. To summarize, these findings highlight that ohnologues derived from WGD over 500
million years ago were still involved in the duplication and divergence of potential sister cell types within CN long after WGD78,86.

Discussion
Cell types are fundamental biological units and show both deep conservation and frequent innovation in animal evolution. While a small number of studies
have linked gene duplication to specific phenotypic changes (for example, Tbx4/5 in limb development87; OPN1SW/OPN1LW in cones/rods
diversification88,89; r-/c-opsin, Gqα/Giα in the phototransduction of rhabdomeric and ciliary photoreceptors90), the extent to which paralogues contribute to
cell type evolution and diversification has not been systematically studied. 
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In this study, we leveraged single-cell transcriptomics to compare vertebrate brain cell types across multiple evolutionary scales, both within and across
species. Our results show most major neural cell type families predate the cyclostome-gnathostome split. We show WGD contributed to (and was not simply
associated with) cell type evolution and that this was to a significantly greater degree than SSD. This occurred primarily through preferential retention of TFs,
other developmental genes, and key effectors such as neurotransmitter transporters. Subfunctionalization and dosage selection emerged as the dominant
outcomes for both WGD- and SSD-derived paralogues. We demonstrate WGD and its consequences enhanced cellular diversity across cell types in different
brain regions and at finer anatomical and phylogenetic levels, through influencing regional, developmental, and functional programmes.

These results demonstrate that WGD events early in vertebrate evolution had a pivotal role in vertebrate neural cell type evolution and underpins vertebrate
brain complexity. We also propose that this impact persisted for hundreds of millions of years after WGD, with paralogues still underpinning cell type diversity
in much more recent evolutionary changes in amniote cerebellar nuclei. We propose that WGD paralogues have potentiated vertebrate neural evolution, and
by extension likely also the evolution of cell type diversity in other tissues as we show the same pattern in cell types of human eye and lung (Extended Data
Fig. 3 a,b).  

Our analyses of expression patterns show subfunctionalization is the predominant pattern of expression evolution in paralogues. This aligns with several
studies22–24 but contrasts with one report21, although the methods deployed in that study have been questioned by others23. At either expression level or
percentage of cells expressing, we observed widespread dosage selection in a manner shared by multiple cell types. This explains the cellular basis for
previous findings from bulk transcriptome analysis, which noted dominant paralogue expression at tissue level55. Although DDC and the gene balance

hypothesis offer explanations, alternative proposals also exist91, some of which partially overlap with these models. Comparison among retained paralogues
by either duplication mechanism revealed similar patterns in both expression specificity and expression levels. Novel cell types (new CoRC programmes) and
cell type with novel functions (new downstream effector patterns) are two different things92. Our results (Fig. 2c and Extended Data Fig. 3g) show the
importance of ohnologue contribution to both cell type identity and functionality. 

It could be argued that subfunctionalization is simply using duplicated genes to do the job that one gene did before duplication, and therefore duplication
may have a limited role in innovation, for example, as proposed for Tfap2, SoxE, Twist1/2, and Gata1/2/3 in the neural crest1. On the contrary, the emergence
of a regulatory motif driving Tbx4/5 expression in the lateral plate mesoderm facilitated the evolutionary origin of limbs, and then subsequent WGD and
functional divergence of Tbx5 and Tbx4 separated forelimbs and hindlimbs87,93. In addition, subfunctionalization helps to preserve duplication for
neofunctionalization60. However, our analyses show this is too simplistic a view. We show that from large scale (vertebrate brain divisions) to fine scale
(cerebellar nuclei) ohnologues are involved in cell type evolution. This shows WGD was not only impactful for early vertebrate evolution but acted as a
genetic reservoir for long-term cell type evolution. We propose that this will be true for other vertebrate tissues and organs, a prediction that can be tested as
additional single-cell datasets across vertebrate phylogeny are developed. Our definition of conserved cell type families and their core TFs will also be a
reference framework for comparison to cell types in cephalochordates, tunicates and other invertebrates, helping to reveal the origin of vertebrate brain cell
type families.

Methods
scRNA and snRNA atlas collection, filtering, and preprocessing

Cell atlases were retrieved from references13,26–28,45. Low-quality cells in the human atlas were further filtered based on nCount (UMI) < 400. Low-quality
cells in the other atlases were already filtered. To focus on neural cells in brain, vertebrate datasets were filtered to retain only brain tissues at juvenile or
adult stages. To help balance the number of cells for cross-species integration and accommodate different proportions of neurons and glia, we randomly
down-sampled the human and lizard atlases to 105 neurons and 105 non-neurons while retaining the full brain atlases for mouse (67,937 neurons and 60,395
non-neuronal cells) and lamprey (18,166 neurons and 41,472 non-neuronal cells). Only protein-coding genes were retained for downstream analyses. 

Since the original atlases were generated using different pipelines, we applied a standardized preprocessing approach to ensure consistency. We performed
self-assembling manifold (SAM) analysis on each individual atlas by directly invoking the SAMAP function from the SAMap package35. Specifically, UMI
counts from each cell were firstly normalised to give the median total count per cell, then log2-transformed followed by SAM function with following
parameters (preprocessing="StandardScaler", npcs=100, weight_PCs=False, k=20, n_genes=3000, weight_mode='rms'). The anndata objects were then
converted to Seurat format for downstream clustering.

Iterative clustering and annotation

To find good quality and high resolution cell clusters in the SAM pre-processed atlases, we performed hierarchical and iterative clustering using
scrattch.hicat and scrattch.bigcat packages94,95 from the Allen Institute. Raw counts (UMI) were firstly normalised using the cpm function provided in the
above packages, followed by log2 transformation with a pseudo-count added to prevent log2(0). Cells were initially classified into broad groups and

hierarchically clustered based on the expression of highly variable genes, PCA, and Jaccard–Louvain clustering. Clustering was performed iteratively within
each group using the iter_clust function, continuing until no further subclusters satisfied predefined thresholds for the number of differentially expressed
genes (DEGs) or minimum cluster size. As our analysis did not aim to resolve extremely fine-scale cell types, we applied more relaxed parameters than those
typically used with this method. DEG thresholds were defined via the de_param settings: padj.th = 0.05, q1.th = 0.4, q2.th = NULL, q.diff.th = 0.5, de.score.th =
100, min.cells = 100, and min.genes = 6. Dimensionality reduction and clustering parameters were specified as follows: dim.method = "pca", max.dim = 80,
method = "louvain". Minimum cluster sizes were set via split.size as 800, 500, 500, and 500 for human, mouse, lizard, and lamprey datasets, respectively.
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Clusters were then checked and merged at the end of iteration to make sure they were separable with scrattch.bigcat::merge_cl. The relevant scripts have
been uploaded to GitHub (https://github.com/DiracZhu1998/WGD2celltype_evolution). We next confirmed and refined the annotation of individual atlases by
examining the expression of canonical markers (Supp. Table 1 and Extended Data Fig. 1), reference annotation in our clustering, and their main dissection
locations (Supp. Table 2). 

Identifying gene relationships: orthologues, paralogues, ohnologues, and SSD paralogues

To identify gene relationships, we first collected genome assemblies and gene annotation files for the species listed in Supplementary Table 8. For each
protein-coding gene, only the transcript with the longest coding sequences (CDS) was retained. CDSs were extracted from genomes based on gene
annotation files and translated into protein with in-house scripts. We then performed phylogenetic orthology inference with OrthoFinder (v2.5.5)96,97. The
species tree inferred from orthogroups matched with references (data not shown). Orthologues were identified based on OrthoFinder output, applying a
reciprocal best hit (RBH) criterion. (In-)paralogues were defined as duplicated genes in the same orthogroup for each species. Ohnologues were identified
based on Ohnologs-v2.098 (details in https://github.com/SinghLabUCSF/Ohnologs-v2.0) with updated genome and annotations (additional information and
species used for ohnologue detection were listed in Supplementary Table 9). Due to limited sampling of jawless vertebrates and the lack of separate
ohnologue inference for jawed and jawless lineages, ohnologue identification in lamprey remains challenging. Nevertheless, recent studies5,99 suggest that
the second round of whole genome duplication (WGD) in jawed vertebrates likely involved interspecific hybridization, resulting in asymmetric gene loss.
Specifically, genes from the ‘alpha’ parental lineage are ~4 times more likely to be retained than those from the ‘beta’ lineage (based on results in chicken;
see: https://raw.githubusercontent.com/fmarletaz/hagfish/refs/heads/main/Paralogons/Vert_Evt_OGrrA.txt). Although the second WGD in jawless
vertebrates remains less well understood, we considered it appropriate to infer ohnologues across all vertebrates collectively at this stage, given the
extensive retention of genes from the first WGD in the alpha lineage in gnathostomes. To assess the robustness of our ohnologue predictions, we compared
our results to the Ohnologs v2 database (http://ohnologs.curie.fr), finding that 80% of human and 66% of mouse ohnologues in our dataset were also present
in the database. Small-scale duplication (SSD) paralogues were defined as paralogues rather than ohnologues.

Atlas integration and cross-species mapping

Homologous gene relationships for initial weighting gene-gene graph with cross-species edges in SAMap were generated by blast on protein-coding genes
using SAMap map_gene.sh. We then performed cross-species mapping using the SAMap run function with 5 iterations, edge weight calculated and updated
by Pearson correlation (hom_edge_mode = "pearson"), and 20 cross-species edges per cell (crossK = 20). Mutual nearest neighbourhoods were
independently calculated between each pair of species (pairwise=True). The alignment scores between cell types across species were calculated using
get_mapping_scores from SAMap. We next used the GenePairFinder function to identify gene pairs (genes between species) that positively contributed to
cross-species correlation between cell types and were differentially expressed in respective atlases.

Identification of cell-type-specific transcription factors and conserved sets for cell type families

To identify transcription factor (TF) coding genes for each species, we employed DeepTFactor100, a deep learning-based tool optimized for TF prediction.
Then, cell-type specific TFs were identified for each major cell type family using NS-Forest v4.0101, a method designed to identify minimum combinations of
necessary and sufficient marker genes for distinguishing different cell types. This employs a random forest algorithm on pre-selected genes by binary
scoring, a measurement of binary expression (specificity) for a gene. For our analysis, we utilized the binary score to rank TF specificity and extracted the top
30 TFs with the highest scores as cell-type specific TFs, using the nsforesting.NSForest function and parameters (gene_selection = "BinaryFirst_high",
n_top_genes = 30, n_binary_genes = 30, n_trees = 1500). 

We next assigned cell-type specific TFs to individual orthogroups and defined an orthogroup as a conserved TF orthogroup for cell type families if at least
three (out of four) species contained these TFs. This approach identified 81 orthogroups (Supp. Table 3-1), which we manually reviewed for expression
patterns across species and summarized in Supp. Table 3-2 with supporting references. The orthogroups generated by OrthoFinder were also uploaded to
GitHub (https://github.com/DiracZhu1998/WGD2celltype_evolution).

Classification of TFs and TF enrichment analysis

TF families were downloaded from AnimalTFDB v4.0102 (http://guolab.wchscu.cn/AnimalTFDB4/#/Download). To classify TF families in species not
represented in the database, we assigned TF family classifications at the orthogroup level using OrthoFinder output. If any human gene within an orthogroup
was annotated with a specific TF family, we classified the entire orthogroup under that family. The high overlap (>90%, not shown) in classifications based on
model organisms (human, mouse, and zebrafish) validated the robustness of this approach. The enrichment of TF class was assessed by Hypergeometric
test using the stats::phyper function for each TF class in each species. P-values were further adjusted using p.adjust(method = "fdr") from the stats package.

Identification of marker genes at cell type family and cluster level

Marker genes were identified for each species using the FindAllMarkers function of Seurat (v5.0.0)103 with the Wilcoxon Rank Sum test (min.pct = 0.01,
logfc.threshold = 0.58, test.use = ‘wilcox’, only.pos = TRUE) at both the cell type family level and cluster level. For related downstream analysis, only marker
genes with FDR < 0.01 were used. Since a few studies104,105 previously questioned the quality of Seurat ‘wilcox’ output, we also identified markers using
FindAllMarkers with ROC analysis (test.use = "roc", only.pos = TRUE), leading to the same conclusions (data not shown). 

Gene regulatory network analysis
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We performed gene regulatory network (GRN) analysis and identified regulons by pySCENIC46,106. To reduce noise introduced by imbalance in the number of
cells in each major cell type family, we first randomly subset 2,000 cells for each major cell type family. To reduce noise of lowly expressed genes, we filtered
genes with less than 0.5% cells expressing and filtered genes with low total UMI (equivalent to 1 UMI detected in 1% cells). 

The grn command in pySCENIC was employed to infer gene-gene co-expression relationships between TFs and their potential target genes with grnboost2
algorithm. This returned an adjacency edge list with TF, its potential target gene, and an associated importance score. The adjacency edge list was then used
as input for the ctx command to identify regulons, each consisting of a TF and its target genes enriched for the TF’s binding motifs. Human and mouse TF
lists were downloaded from the link (https://resources.aertslab.org/cistarget/tf_lists/). The ctx command utilized a motif annotation database and ranking
databases, both of which were downloaded from Aerts Lab’s cistarget resources (motif ranking datasets:
https://resources.aertslab.org/cistarget/databases/old/homo_sapiens/hg38/refseq_r80/mc9nr/gene_based;https://resources.aertslab.org/cistarget/databas
and motif annotation files: https://resources.aertslab.org/cistarget/motif2tf/). Next, the aucell command was used to compute regulon activity scores for
each major cell type family and regulon specificity score (RSS) was calculated by regulon_specificity_scores function. The top regulons for each cell type
were selected based on RSS.

Gene ontology (GO) annotations and enrichment analyses

Due to the lack of recent updates to the GO annotation of lizard (Pogona vitticeps), lamprey (Petromyzon marinus),and amphioxus (Branchiostoma floridae),
we decided to re-annotate the GO annotations for these three species. GO annotations for the protein-coding genes of model organisms (Danio rerio, Mus
musculus, and Homo sapiens) were downloaded from Ensembl through BioMart. GO terms were associated with protein-coding genes from Pogona
vitticeps, Petromyzon marinus, and Branchiostoma floridae according to their one-to-one orthologues in Homo sapiens, Mus musculus, and Danio rerio in an
order of priority (human > mouse > zebrafish). The lizard, lamprey, and amphioxus genes that could not be annotated by the above method were then BLAST
searched to the UniProtKB database107 (release-2024_03) using BLAST (2.9.0+)108 with parameters (-evalue 1e-8). The best hit for each query was selected
based on bit score and its corresponding GO terms (ftp://ftp.ebi.ac.uk/pub/databases/GO/goa/UNIPROT/goa_uniprot_all.gaf.gz) assigned to the respective
query. In total, we annotated nearly all protein-coding genes for lizard and over 70% of lamprey and amphioxus. This is higher than GO annotation in Ensembl
for another amphioxus species, Branchiostoma lanceolatum, where more than half of the protein-coding genes were not annotated.

The datasets of GO annotations for lizard, lamprey, and amphioxus were built using makeOrgPackage function from the AnnotationForge package109. The
dataset packages for human and mouse were retrieved from Bioconductor (v3.20) at org.Hs.eg.db110 and org.Mm.eg.db111, respectively. GO enrichment
analysis was performed with clusterProfiler112 enrichGO with Benjamini-Hochberg (BH) adjustment and cut-off = 0.05. Only protein-coding genes in our
datasets were used as background genes in GO enrichment analysis. The redundancy of enriched terms was filtered by simplify() with the parameters
(cutoff=0.7, by="p.adjust", select_fun=min).

Classification of protein class and over-representation analysis

To investigate protein class in ohnologues and SSD paralogues, we used “Functional classification viewed in graphic charts” with bar plot in PANTHER
database113 (v19.0: https://www.pantherdb.org). Over-representation analysis was conducted using the 'Statistical Overrepresentation Test' in PANTHER
website, with protein-coding genes in our datasets as the background. Fisher’s exact test was applied with false discovery rate (FDR) correction to assess
statistical significance. Due to the absence of corresponding data for lizard, lamprey, and amphioxus in PANTHER, this analysis was limited to human and
mouse.

Variance decomposition

To assess the contribution of cell type family and (species signals plus batch effect), we used a linear mixed model (LMM) on the normalised pseudobulk
expression for each ‘metagene’ and orthologue; to evaluate variance properly, this approach can only use genes shared across species. The one-to-one-to-
one orthologue relationships were retrieved from OrthoFinder output. The ‘metagenes’ were calculated by the sum of UMI of copies in each orthogroup for
each species. The pseudobulk expression was calculated by the sum of gene counts (UMI) for each orthologue/metagene in individual cell type families. To
balance cell number differences, 2,000 cells were randomly selected for each cell-type family in each species. We then used DESeq2114 to normalise library
size and performed LMM for each gene with the lme4 package115. The restricted maximum likelihood (REML) estimators for the random effects of cell type
family, species/batch and residual variance were normalised by their sum to give the variance components (see Fig. 2g). Genes that contributed more than
half of the total variance to cell type family were considered as genes highly contributing to cell type signal shared in vertebrates.

Subfunctionalization and neofunctionalization

Gene relationships were assessed based on the above OrthoFinder output. To exclude high copy-number SSDs, only orthogroups with less than five gene
copies for each species were retained. To infer ancestral states without considering gene losses, we retained orthogroups with at least one copy for each
species. This allows us to do cross-species comparison directly at orthogroup level since at least one gene for each species is present for each orthogroup.
An orthogroup was classified as an ohnologue orthogroup if it contained at least one pair of ohnologues in any of the four species, resulting in 2,201
ohnologue orthogroup. The same approach was applied to SSDs, and 3,696 SSD paralogue orthogroup were identified. Some orthogroup (1,655) were
considered as both ohnologue orthogroup and SSD paralogue orthogroup due to lineage-specific SSDs.

To predict ancestral states, we next binarized expression matrices using two separate approaches: based on whether genes were classified as markers, and
based on expressed or not determined by the Trinarization score. For the second approach, a gene was considered expressed if it was estimated to be
present in at least 10% of the cells, with a posterior error probability of no more than 5%. Details of Trinarization score are described here27. We inferred
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ancestral states for vertebrate and amniote lineages across homologous cell type families. For vertebrate ancestral states, a gene family was considered
expressed (state = 1) in a given cell type family if at least three out of four species utilized one or more copies from that paralogue family in that cell type
family. The same criterion was applied for predicting amniote ancestral states, where expression (state = 1) was assigned if at least two out of three species
being considered. The extent of subfunctionalization and neofunctionalization within gene families was quantified by comparing the binarized expression
patterns of individual genes to the inferred ancestral states. Specifically, the difference between the binarized expression of a gene and orthogroup ancestral
state was computed, in which a value of -1 indicated subfunctionalization (unless all copies in that species are -1 which suggest loss-of-function, see Fig. 3a)
and a value of +1 denoted neofunctionalization.

Expression divergence (dT) among paralogues

Gene relationships were based on the above OrthoFinder output. To exclude high copy-number SSDs, only orthogroups with less than five copies for each
species were retained. To do the pairwise comparison in shared orthogroups, orthogroups with at least one copy for any of four species were further
retained. Paralogue orthogroups were then defined as orthogroups that included at least one pair of paralogue genes for a species. For a combination of
paralogues in orthogroup, we calculated expression divergence (dT) based on a simple formula116 for each species separately. Specifically, dT was first
calculated for each pair of paralogues by the fractional difference between the number of cell families expressing either paralogue (Neither) and the number of

cell families expressing both paralogues (Nboth), relative to Neither. dT was next averaged within paralogue orthogroup (when there was more than one pair of
paralogues) for each species.

Cell type non-specific dominant expression

To compare gene expression level between paralogues for each species, we first calculated the average normalised expression levels for each gene using
the Seurat::AverageExpression function103, and the proportion of cells expressing specific genes (pct. exp.) with an expression count greater than 0. These
calculations were performed at both the cell type family and cluster levels. Next, we use the igraph package117 to construct ohnologue and SSD paralogue
families based on previously identified ohnologue pairs and SSD paralogue pairs, respectively. We tested the expression levels and pct. exp. values using the
friedman_test function from the rstatix package118, as the data did not follow a normal distribution. For species pairwise comparisons in individual
ohnologue and SSD paralogue families, we applied the rstatix::wilcox_test function with Bonferroni adjusted p-value to identify the highest-expressed
(dominant) copy within each family and search for whether their orthologues are the dominant copy in another species. One-to-one orthologue relationships
underpinning this were derived from above OrthoFinder results. 

Analyses in cerebellar nuclei

We downloaded human, mouse, and chicken cerebellar nuclei (CN) datasets from Kebschull’s work78. These datasets were further filtered to retain only
protein-coding genes and excitatory neurons, which show higher regional variants than inhibitory neurons in CN. We detected DEGs as described above,
using FindAllMarkers with parameters (wilcox, only.pos = TRUE) and only DEGs with log2FC > 0.58 and p_val_adj < 0.01 were retained. Scaled average
expression was calculated by Seurat AverageExpression103 and then normalized by dividing each gene's expression by its mean among different cell types.
The transcriptomic dendrogram was calculated based of scaled average expression of DEGs using pvclust with the following parameters: Spearman
correlation-based distance 1 – cor() and average linkage with 1000 bootstrap replicates. Expression profiles were binarized using the Trinarization score, a
gene was considered expressed if it was estimated to be present in at least 20% of the cells, with a posterior error probability of no more than 5%. The
binarized data were then used to infer ancestral states based on dendrograms using Maximum Parsimony (MP). Specifically, we utilized the phangorn
package119, converted the binarized expression into phyDat format, and applied the ancestral.pars function with the accelerated transform (ACCTRAN)
approach to estimate ancestral states and return probability. Genes in each ancestral node were classified as "expressed" if the probability exceeded 0.5, and
"not expressed" otherwise. Finally, we identified gene expression “gain and loss events” along branching points in the tree to identify candidate genes that
might be involved in the cell type duplication and divergence. 
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Figures

Figure 1

Vertebrate brain atlases and core TF programmes defining major cell type families. a, Phylogenetic tree showing the approximate timing (million years ago,
Ma) for vertebrate shared auto-tetraploidization (1Rv), a jawed-vertebrate-specific auto-tetraploidization (2Rjv), and a cyclostome-specific hexaploidization

(2Rcy) based on recent studies1,5,44. b, UMAP visualization of the integrated four species neuronal (left) and non-neuronal (right) atlases. Each dot represents

a single nucleus or cell. To ensure balanced representation across datasets, only 20,000 randomly sampled cells or nuclei are shown per species for both
neuronal and non-neuronal integrated atlases. c, Dot plot showing conserved TFs which define major cell type families in vertebrates. Dot size represents the
percentages of cells within each cell type family expressing that gene. The colour gradient for each dot is scaled for each gene within the species. For TF
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families with multiple copies in lamprey, only the copy with the highest expression is displayed. Cell type families are: TeExc, Telencephalon glutamatergic
neurons; TeInh, Telencephalon GABAergic neurons; DeExc, Diencephalon glutamatergic neurons; DeInh, Diencephalon GABAergic neurons; MeExc,
Mesencephalon glutamatergic neurons; MeInh, Mesencephalon GABAergic neurons; ReExc, Rhombencephalon glutamatergic neurons; ReInh,
Rhombencephalon GABAergic neurons; Epen, Ependymal cells; AST, Astrocytes; OPC, Oligodendrocyte precursor cells; Oligo, Oligodendrocytes; Micro,
Microglia; Vasc, Vascular cells; CP-EC, Choroid plexus epithelial cells.

Figure 2

Ohnologues contributed more to cell type evolution than SSD paralogues. a, ORs calculated from Fisher’s exact test on WGD (ohnologues) and SSD
paralogues with cell type DEGs. Fisher’s exact test was used to measure association between WGD/SSD paralogue and DEGs. b, The ratio of WGD (blue) and
SSD (yellow) paralogues in cell type DEGs. The ratio of WGD and SSD paralogues in expressed protein-coding genes (background) is represented by blue and
yellow dotted lines for each species, respectively. The significance of differences between the ratio of paralogues as markers and their total percentage in all
protein-coding genes was assessed using a one-sample t-test. ns (not significant); * (P < 0.05); ** (P < 0.01); *** (P< 0.001); **** (P < 0.0001). The number of
markers in different cell types ranges from 189 to 1447 (lamprey), 60 to 882 (lizard), 41 to 1375 (mouse), and 111 to 2418 (human). c, Selected top enriched
GO terms of WGD and SSD paralogues in human. The colour denotes FDR range and size of circle represents gene ratio. The numberin bracket are the
number of retained WGD/SSD paralogue genes. d,Bar plot showing the number of different protein classes in WGD and SSD paralogues of human. Colour
represents broad classifications. FDR values of overrepresented classes are shown as same as (b) whereas FDR in under-represented classes and non-
significant classes are not shown. e, Illustration showing the differences between ohnologue associated with markers (I) and ohnologue contribute to cell
type evolution (II). f, The ratio of the number of WGD families (blue) and SSD families (yellow) that include markers to the number of paralogues that are
markers for each cell type family. If only one copy in each gene family were used as a marker, the ratio would be 1. The number shown for each box
represents the median value. The background ratio denotes the number of paralogue families to number of paralogues and were represented by a blue
(WGD) and a yellow (SSD) dotted line to be used as background for each species. The P-value is displayed as in (b). g, Variance decomposition of
transcriptome estimates the relative contribution of cell-type family and species/batch to the observed variance in gene expression for metagenes. Green
dots indicate genes with higher contribution (> 50%) to species or batch effects, and genes with orange colour have higher (>50%) cell type family
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contributions. Grey dots represent genes that do not highly contribute to either. The bold numbers indicate the number of metagenes matching the three
categories.

Figure 3

Divergence of paralogues drive cell type evolution. a,Illustration of ancestral state inferring and the cases of subfunctionalization, neofunctionalization, and
loss-of-function. b, The number of changes explained by either subfunctionalization or neofunctionalization for each WGD/SSD paralogue family. Statistics
comparison by paired Wilcoxon signed-rank test. ns (not significant); * (P < 0.05); ** (P< 0.01); *** (P < 0.001); **** (P < 0.0001). c, The number of changes per
copy explained by either subfunctionalization or neofunctionalization for each WGD/SSD paralogue family. The p-value was calculated and displayed as in
(b). d, Expression divergence of orthogroups for mice and lizards. dT = 1 represents copies were not expressed in the same cell type at all. The red dotted
box highlights paralogue families with high expression divergence at both species. e, Dot plot showing expression pattern of Tbr1 subfamily. Legend details
as in Fig. 1c. f,The number of WGD and SSD paralogue families (with only two copies) that have and do not have a significantly dominant copy. g, The number
of WGD and SSD paralogue family using the same genes or not as the dominant copy in species pairwise comparisons. Since the second round of WGD
happened independently in cyclostome and gnathostome lineage, in many cases, we cannot find 1-to-1 orthologues between lamprey and jawed vertebrates.
h, Pseudobulk expression of Pax6-Pax4 family for human. Pseudobulk expression was calculated by the average of SAMalg normalised expression for each
cell type family. Each dot represents a cell type family and the grey line between genes denotes the comparison of paralogues at the same cell type family.
Both Friedman test and paired Wilcoxon signed-rank test show significance for all species (P < 0.001 for all three amniotes; P = 0.00166 for lamprey).
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Figure 4

Evolution of regional programmes contributing to cell diversity. a, UMAP showing projection of mouse astrocytes with the anterior to posterior location
indicated. BG: Bergmann glia; Te: Telencephalon. b, Odds ratio (OR) calculated from Fisher’s exact test between WGD/SSD paralogues and DEGs of astrocyte
subtypes. Each dot represents a subtype of astrocytes. c, Variance decomposition of transcriptome estimates the relative contribution of cell type family and
brain divisions (Te/De/Me/Re) to the observed variance in gene expression of mouse. Green dots indicate genes with relatively stronger contribution (> 25%)
to location, and genes with red dots have strong (>25%) cell-type variance contributions. Purple dots represent genes that contribute to both variables. Grey
dots represent genes that contribute weakly to both variables. The bold numbers on dots indicate the number of metagenes matching the different
categories. d, The comparison matrix of gene sets identified in (c). The colour is red if Fishers’ exact test shows significance with OR > 1. The gradient red
colour represents -log10(P). The listed genes are some overlapped genes between two sets of regional identity genes. e, The comparison matrix of AST-
GABAergic neurons and AST-Glutamatergic neurons regional orthogroups across species. For each species, a regional orthogroup was defined as such if any
regional identity genes of that species were in that orthogroup. Colour intensity is as in (d). f, The comparison matrix showing relationships between
paralogues (WGD and SSD paralogues) and genes in conserved regional orthogroups for each species. Genes in conserved regional orthogroups were
identified if regional genes in (c) in the vertebrate conserved regional orthogroup. The upper number for each comparison denotes the number of overlaps
while the lower number represents the odds ratio. g, Dot plots showing the expression of selected important genes (labelled with *) involved in regional
identity and their ohnologues in neural families from different brain divisions. Dot size represents the percentages of cells within each cluster expressing that
gene. The gradient colours from white to species colour were scaled for each gene on individual species. Species identity is also shown at the bottom of the
plots as coloured line.
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Figure 5

Ohnologues in Cerebellar Nucleus evolution. a, Illustration (modified from78) showing the number of CN pairs in vertebrates and the duplication and
divergence of excitatory neurons within them. b, Odds ratio (OR) calculated from Fisher’s exact test on WGD and SSD paralogues with cell type DEGs,
respectively. c, GO enrichment of DEGs of excitatory neurons in CN of mice. Colour represents adjusted p-value and dot size denotes gene ratio. d,
Dendrogram of excitatory neurons in CN and the number of predicted genes with gain- and loss-of-function (regarding expression domain). The left colour
bar represents cell type classes and right bar represents location of CN. The red number near the node is Approximately Unbiased (AU) p-values, computed
by pvclust with 1,000 times multiscale bootstrap resampling. Rectangles in the branch contain the number of genes gained and lost in expression domain.
The number following the semicolon represents the number of TF genes involved. e, Dot plots showing expression pattern of important TF genes (labelled
with *) and their ohnologues. Lmx1a expressed in all subtypes but differentially expressed across subtypes. Colour represents scaled average expression for
each gene. Dot size represents the percentage of cells expressing that gene in a certain cell type, percentage above than 60% were converted to 60%. f, Violin
plot of genes involved in axon guidance system. Genes from the same orthogroup are the same colour.
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