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NEUROSC I ENCE

Single-cell genomics reveals region-specific
developmental trajectories underlying neuronal
diversity in the human hypothalamus
Brian R. Herb1,2,3,4†, Hannah J. Glover5†, Aparna Bhaduri6, Carlo Colantuoni1,7, Tracy L. Bale8,
Kimberly Siletti9, Rebecca Hodge10, Ed Lein10, Arnold R. Kriegstein11,12, Claudia A. Doege13*,
Seth A. Ament1,3,4,14*

The development and diversity of neuronal subtypes in the human hypothalamus has been insufficiently char-
acterized. To address this, we integrated transcriptomic data from 241,096 cells (126,840 newly generated) in the
prenatal and adult human hypothalamus to reveal a temporal trajectory from proliferative stem cell populations
to mature hypothalamic cell types. Iterative clustering of the adult neurons identified 108 robust transcription-
ally distinct neuronal subtypes representing 10 hypothalamic nuclei. Pseudotime trajectories provided insights
into the genes driving formation of these nuclei. Comparisons to single-cell transcriptomic data from themouse
hypothalamus suggested extensive conservation of neuronal subtypes despite certain differences in species-
enriched gene expression. The uniqueness of hypothalamic neuronal lineages was examined developmentally
by comparing excitatory lineages present in cortex and inhibitory lineages in ganglionic eminence, revealing
both distinct and shared drivers of neuronal maturation across the human forebrain. These results provide a
comprehensive transcriptomic view of human hypothalamus development through gestation and adulthood
at cellular resolution.
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INTRODUCTION
The hypothalamus is a small but anatomically complex brain region
that controls a large variety of evolutionally requisite physiological
and homeostatic functions, including body temperature, circadian
rhythms, sleep, stress responses, satiety, and hunger, as well as
aspects of mood, social behavior, and memory (1–3). These func-
tions are subdivided among specialized neuronal subtypes, which
are organized into distinct anatomical nuclei (4–33). Environmental
and genetic perturbations to hypothalamic development result in
long-lasting changes in physiology and behavior (34–42) and are
thought to contribute to risk for human diseases including
obesity, anxiety, and depression (43–45). These clinical conse-
quences motivate deeper investigation into the timing and

regulation of hypothalamic development leading to the neuronal
subtypes of the adult hypothalamus. However, much of what we
know about hypothalamic development comes from animal
models (2–11, 34, 46–48). While the developmental timing and re-
gional diversity of human hypothalamic neurons have been exten-
sively characterized using classical markers (49–51), more precise
atlases for their molecular identities enabled by single-cell genomics
have only recently begun to be characterized and were restricted to
time points in early- to mid-gestation (52, 53). Here, we present
single-cell transcriptomics of the prenatal [gestational weeks
(GW) 6 to 25] and adult human hypothalamus to define its tran-
scriptional cell types and developmental trajectories into adulthood.

RESULTS
An atlas of neuronal and non-neuronal lineages in the
developing human hypothalamus
We performed 10X Genomics single-cell RNA sequencing (scRNA-
seq) of the prenatal hypothalamus from 11 human fetuses (4 female,
7 male) at ~6 to 25 GW (GW6 to GW7, GW10, GW16, GW18 to
GW20, GW22, and GW25), yielding 40,927 high-quality single-cell
transcriptomes (Fig. 1A and table S1). In addition, we performed
single-nucleus RNA sequencing (snRNA-seq) of neurons from
the post-mortem hypothalamus of three neurotypical donors
(males, 29, 42, and 50 years of age; Fig. 1A and fig. S1), yielding
85,913 high-quality single-nucleus transcriptomes. Both the prena-
tal and adult samples were collected in parallel with samples from
additional brain regions in the same donors, some of which have
been reported previously or in parallel with this study (54–57).

We integrated the 40,927 prenatal hypothalamic cells with
114,256 cells from Zhou et al. (52) (containing GW7 to GW8,
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Fig. 1. Neuronal and non-neuronal lineages across the developing human hypothalamus. (A) Overview of sample collection, including single-cell RNA-seq analysis
of the first and second trimester prenatal hypothalamus plus snRNA-seq from adult hypothalamic neurons dissected into four regions. FACS, fluorescence-activated cell
sorting. (B) Three-dimensional (3D) UMAP (https://tinyurl.com/3fxxy3yj) showing integrated samples of the prenatal hypothalamic samples including trimester 1 (GW6,
GW7, GW8, GW10, and GW12) and trimester 2 (GW15, GW16, GW18, GW19, GW20, GW22, and GW25). (C) 3D UMAP (https://tinyurl.com/3vnc9fym) showing samples after
clustering to show cell subpopulations including transitionary radial glia cell (tRGC), cycling radial glia cell (cRGC), and quiescent radial glia cell (qRGC), as well as three
populations of intermediate progenitor cells (IPCs). (D) Stacked plot showing distribution of cell subpopulation across samples. (E) Dot plot showing expression of key
marker genes.
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GW10, GW12, GW15, GW18, and GW20; Fig. 1B and fig. S2) to
generate a comprehensive atlas spanning from the first trimester
to the end of the second trimester. Cell populations were annotated
(tables S2 and S3) on the basis of established marker genes from
prior studies (4, 47, 54, 57–59). We identified 20 broad cell
classes, including radial glia, intermediate progenitors, neurons, as-
trocytes, microglia, and oligodendrocytes, as well as hypothalamus-
specific populations such as ependymocytes and tanycytes (Fig. 1, C
to E; fig. S2B; and tables S3 and S4).

Cell-type distributions shifted over developmental time (Fig. 1D
and fig. S2, B and C). The earliest time points, GW6 and GW7, were
composed largely of three radial glia populations: transitional state
radial glia cells (tRGCs; VIM/HMGA2/COL2A1+), quiescent radial
glia cells (qRGCs; SOX2/VIM/HES1/FABP7/SLC1A3/TTYH1+),
and cycling radial glia cells (cRGCs; SOX2/VIM/HES1/MKI67/
HMGA2/TOP2A/CDK1+), similar to those reported previously
(47, 53). Three additional progenitor populations—intermediate
progenitors cells—were present starting from GW7, including an
ASCL1/EGFR/OLIG1/OLIG2+ population that did not express
mature neuronal markers (STMN2/SYT1−) and two additional
STMN2/SYT1+ intermediate progenitor clusters: an ASCL1/
NEUROG2/NEUROD1+ population and a NEUROG2/NEUROD1/
NHLH2+ population. From GW6, we also noted a population of
RAX/CRYM+ tanycytes, a specialized radial glia-like cell type
lining the third ventricle. CCDC153/FOXJ1+ ependymocytes,
which are functionally and spatially related to tanycytes, emerge
from GW15.

A small population of post-mitotic neurons (STMN2/SYT1+)
were present from the earliest stages, becoming more prevalent at
the GW8 to GW12 time points. There were some disparities in
the proportion of neurons in matched time points from our study
and the work by Zhou et al. (52) (fig. S2C), suggesting differences in
staging of the fetuses between the two studies. The data published by
Zhou et al. (52) show that 17.0% of the sample was composed of
post-mitotic neurons compared to only 6.4% of our GW7 sample
(fig. S2, B and C). This disparity was also evident in matched
samples at GW10 (Zhou: 79.7%; Herb: 56.3%), and was reversed
at GW18 (Zhou: 5.3%; Herb: 53.5%) and GW20 (Zhou: 6.7%;
Herb: 42.2%), primarily due to the predominance of emerging
glial populations in the Zhou et al. (52) data. Despite these differ-
ences in proportion, all of the populations were reproducible across
datasets.

A wave of gliogenesis occurred following the wave of neurogen-
esis, spanning from GW15 to GW25 (Fig. 1, D and E). Both the as-
trocyte (GJA1/GFAP/AQP4+) and most of the oligodendrocyte
lineage (OLIG1/OLIG2/APOD+) present by GW15. Mature oligo-
dendrocytes were present by GW18 (MAG/MOG+). Microglia
(C1QB/AIF1+) were present from GW12 but were most abundant
from GW18.

Supporting cells such as pericytes (KCNJ8/ABCC9+), vascular
smooth muscle cells (vSMC; ACTA2/TAGLN+), vascular leptome-
ningeal cells (VLMC; LUM/DCN+), endothelial cells (CLDN5/
ITM2A+), and erythrocytes (HBA2+) represented a small propor-
tion of the cells throughout GW6 to GW25 (Fig. 1, D and E).

Neuronal diversity in the adult hypothalamus
We integrated STMN2/SYT1+ neurons and intermediate progeni-
tors from GW10 to adulthood to characterize both neuronal diver-
sity and neurogenic trajectories, including n = 35,908 prenatal cells

and n = 85,913 adult hypothalamic cells (Fig. 2, A and B, and table
S5). Time points earlier than GW10 and earlier-stage progenitor
populations were excluded from this analysis due to difficulty in
placing them into a unified, detailed trajectory. The resulting inte-
gration positioned the prenatal populations toward the center of the
Uniform Manifold Approximation and Projection (UMAP) plot
with the adult samples radiating from this center (Fig. 2B), reflect-
ing maturation from prenatal to adult populations. The glutaminer-
gic (SLC17A6+), GABAergic (SLC32A1+), and histaminergic
(HDC+) cell populations were delineated across the
UMAP (Fig. 2C).

We applied an iterative hierarchical clustering approach to
obtain a more detailed atlas of neuronal subtypes, focusing on the
mature neurons from the adult hypothalamus (Fig. 2D; fig. S3, A to
C; and table S6). Clustering was performed at increasing resolutions
and then aggregated using a multiresolution reconciled tree to
produce nested cluster annotations at 15 levels of resolution, result-
ing in 6 transcriptionally distinct human neuronal clusters (hence-
forth, “H6”) at the highest level and 369 clusters (H369) at the
deepest level (fig. S3). A stopping distance was set to ensure that
clusters were composed of cells from multiple donors (table S7)
and had at least 10 differentially expressed genes. To further
assess the cluster stability, we calculated a subsampling, boot-
strapped silhouette score to determine cluster stability. This indicat-
ed maximal cluster stability at 108 clusters (H108; Fig. 2D and
fig. S3).

Clusters were annotated at multiple levels (H6, H53, H108, and
H369) based on their marker genes (fig. S3 and table S6), taking into
consideration the subregions dissected for each sample. These an-
notations classified neurons according to the neurotransmitters
they produce, including GABAergic (SLC32A1+), glutaminergic
(SLC17A6+), and histaminergic (HDC+) subtypes. Clusters were
also annotated to their predicted subregion of origin, including 10
hypothalamic nuclei (Fig. 2, D and E; figs. S3 to S5; and tables S8 to
S10): the Arcuate (ARC; representative marker: TBX3+), tubero-
mammillary terminal (TM; representative markers: TBX3/HDC+),
paraventricular nucleus of the hypothalamus (PVH; representative
markers: SIM1/POU3F2+), ventromedial nucleus of the hypothala-
mus (VMH; representative markers: NR5A1/FEZF1+), dorsomedial
nucleus of the hypothalamus (DMH; representative markers:
PPP1R17/GPR50+), lateral hypothalamus (LH; representative
markers: HCRT/PDYN/LHX9+), suprachiasmatic nucleus (SCN;
representative markers: RGS16/RELN+), supramammillary
nucleus (SMN; representative marker: LMX1A+), mammillary
nucleus (MN; representative marker: FOXB1+), and preoptic area
(PO; representative markers: ARX/NFIX+). Notably, cells of the
zona incerta (ZI; representative marker: MEIS2+), a region of the
subthalamus, were also identified. Nuclei annotations were based
on established markers from the literature [tables S6 and S8 and lo-
calized gene expression in the Allen Brain Atlas (fig. S4)]. Not all
human nuclei can be reliably identified due to a lack of distinguish-
ing marker genes and/or species specific differences. Our annota-
tions could not readily discern the supraoptic hypothalamus,
anterior hypothalamus, or posterior hypothalamus, and these
nuclei are expected to be encompassed within the PVH, SCN, or
SMN annotations, respectively.

Consistently across the H53 (fig. S3B), H108 (Fig. 2, D to E; fig.
S3E; and tables S12 and S13), and H369 (fig. S3C and table S14)
levels of resolution, >80% of cells and >90% of clusters were
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assigned to specific nuclei. We attempted to validate these subre-
gion assignments using in situ hybridization data from the Allen
Brain Atlas and scCoco (60), confirming 66% of clusters at the
H53 level despite differences in species and technology (fig. S6
and table S11). At the most granular level (H369), all PVH,
VMH, LH, and MN clusters were assigned as glutamatergic
neurons, all SCN and ZI clusters were assigned as GABAergic

neurons, and all TM clusters were assigned as histaminergic
neurons. We identified both glutamatergic and GABAergic clusters
in the ARC, DMH, SMN, and PO (fig. S3 and table S10). While
these assignments are largely consistent with previous literature
(61–63), rarer populations may not be fully represented in our
analysis.

Fig. 2. Neuronal trajectories across devel-
opment and the adult human hypothala-
mus. (A) sc/snRNAseq of postmitotic neurons
from prenatal (GW10 to GW25) and adult hy-
pothalamus. (B) 3D UMAP (https://tinyurl.com/
2sft9bk3) for prenatal and adult hypothalamic
neurons, showing overlay of samples by time
point. (C) Dispersed expression of GABAergic
(SLC32A1), glutaminergic (SLC17A6), and hista-
minergic (HDC) cell populations. (D) Fifteen
levels of iterative clustering were used to find
the maximum number of clusters (H369 clus-
ters) that retained unique gene expression and
were distributed across at least two donors.
After assessing cluster stability (fig. S3D), these
were annotated at the H108 level by expression
(fig. S5) of marker genes in fig. S3 and table S8.
Nuclei included the tuberomammillary termi-
nal (TM), arcuate (ARC), paraventricular nucleus
of the hypothalamus (PVH), ventromedial
nucleus of the hypothalamus (VMH), dorso-
medial nucleus of the hypothalamus (DMH),
lateral hypothalamus (LH), suprachiasmatic
nucleus (SCN), supramammillary nucleus
(SMN), mammillary nucleus (MN), preoptic area
(PO), and the zona incerta (ZI). These were or-
ganized by hierarchical clustering and visual-
ized as a dendrogram overlaid with the
neuronal classes (inner) and the 11 anatomical
regions (outer). (E) Dot plot showing expres-
sion of key marker genes for each nuclei. (F)
Monocle3 pseudotime (https://tinyurl.com/
5ebjuhcz) trajectories rooted at the vertex with
the highest proportion of cells from the earliest
time point (GW10). (G) A lineage tree was
derived from the Monocle3 pseudotime tra-
jectory. Adult nuclei assignments from the
H108 level were overlaid on the trajectory, and
prenatal assignments were extrapolated where
they contributed to a vertex with a robust
percentage of adult neuronal assignments. (H)
Heatmap of TF and NP expression (normalized
z score) across pseudotime for the ARC branch,
showing genes upstream of POMC and KISS1
(top), and the PVH branch for genes upstream
of OXT and AVP (bottom).
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The gene expression signatures of neuronal clusters can be
mined for a wealth of information about their marker genes and
potential functions. As an example, we considered the distribution
of the receptors for neuropeptides involved in the regulation of ap-
petite and satiety, including LEPR,MC4R,GHSR, andGLP1R. LEPR
expression was present across the hypothalamus while being most
prominent in the ARC, TM, and DMH.MC4R was detected in the
PVH. GHSR was predominantly expressed in the ARC and, to a
lesser degree, also in the LH, VMH, and SCN. GLP1R expression
could be detected in the PVH (figs. S8 and S14). In summary, our
data define the diversity of neuronal subtypes in the human hypo-
thalamus in unprecedented detail.

Maturational trajectories of neurons in the prenatal and
adult hypothalamus
Next, we sought to annotate the prenatal neurons and the matura-
tional lineages connecting these cells to adult neurons. Direct anno-
tation of the prenatal neurons proved difficult because many of
these cells do not yet express canonical markers. To overcome
this issue, we usedMonocle3 to reconstruct a branching pseudotime
trajectory incorporating both the prenatal and adult STMN2/SYT1+
neurons and intermediate progenitors. The tree was rooted at the
earliest time point (GW10; Fig. 2F). We identified branch points
where the lineages diverge and “leaves”where the lineages terminate
and followed the trajectories of these branches and leaves to gener-
ate a lineage tree (Fig. 2G). We overlaid the human adult annota-
tions at their most stable level (H108; Fig. 2G and tables S12 and
S13 and S15). A small proportion of cells were not contiguous
with the lineage tree, although it was largely annotated as ZI. This
location may be due to their prethalamic identity. Prenatal neurons
were then annotated on the basis of their coclustering with adult
neurons in the lineage tree, and the resulting nuclei assignments
were supported by the expression of nuclei-specific marker genes
(fig. S8). The highest-order branch points largely distinguish GA-
BAergic versus glutamatergic neurons (fig. S7). At the next level,
branches largely aligned with the hypothalamic nuclei (fig. S7).
The prenatal cells were predominantly positioned at the top of
the trajectory. Adult cells were enriched at the termini for all the
branches except one (fig. S7). This prenatal branch was composed
primarily of intermediate progenitors (fig. S9). Most branch points
were robust across three independent pseudotime lineage recon-
structions (figs. S10 to 12). Glutamatergic and GABAergic
neurons from the same subregion typically were represented by sep-
arate branches in the lineage tree, an effect that was also noted
within the UMAP (Fig. 2C).

To better understand the gene expression patterns associated
with the neuronal lineages, we calculated 15 gene activity patterns
using CoGAPS (fig. S13 and table S16). These patterns delineated
gene expression programs shared within the major neuron sub-
types. Patterns 1, 4, 5, 9, and and 15 mark GABAergic populations
across nuclei. Patterns 7, 8, 10, 11, and 14 mark glutamatergic pop-
ulations, and three of these patterns specifically dissect maturation
across the MN (pattern 14 early, 8 middle, and 11 late). Pattern 2
marks histaminergic neurons within the TM. Each CoGAPS
pattern is defined by weighted contributions from all genes (table
S16), and the hub genes with the strongest weights can be used to
characterize transcriptional differences between neuronal popula-
tions. For example, the early, middle, and late stages of maturation
for the glutamatergic TM lineage were marked by LRP1B and

HS6ST3 (pattern 14 hub genes), GPC6 and DPP10 (pattern 8),
and CDH18 and PRKG1 (pattern 11), respectively. Together, the
CoGAPS patterns reinforce our finding that large scale, coordinated
gene expression drives the organization of the hypothalamus on a
major neuron class level but simultaneously influenced by nuclei
of origin.

The lineage tree also provides insights into the maturation of
neuropeptide gene expression within neuronal lineages (fig. S14).
In the ARC, POMC was detected at low levels in the first trimester
(GW10) and increased to robust levels by the second trimester.
KISS1 was detected by GW12, and AGRP was observed by GW18
(fig. S14). In the PVH, the canonical neuropeptide TRH was detect-
ed in trimester 1 (GW10) and was robustly expressed by the second
trimester. Many other neuropeptides such as OXT and AVP were
not observed until the second trimester (GW16; fig. S14).

The expression of transcription factors (TFs) correlated with the
maturation of many lineages (Fig. 2H). We studied an ARC branch
describing the maturation of KISS1+ neurons in a POMC-express-
ing lineage (64). TF and neuropeptide expression along pseudotime
identified distinct TFs that precede POMC expression (e.g., SOX3
and INSM1), coexpress (e.g., SIX3 and RORB), or turn off before
POMC expression and coincide with KISS1 expression (e.g., ESR1
and TCF4). Notably, the histone deacetylase HDAC9 is coexpressed
with POMC and is potentially interesting as a lineage-specific epi-
genetic regulator (Fig. 2H). A similar analysis of the Oxytocin ex-
pressing (OXT) and Arginine vasopressin expressing (AVP) neuron
lineages in the PVH identified ZIC1 and ZFHX4 as TFs that precede
detectable expression of these neuropeptides, with ZFHX4 expres-
sion declining before the onset of detectable OXT and AVP expres-
sion. As expected, the well-established PVH TF SIM1 became
detectable at a similar pseudotime as OXT and AVP (Fig. 2H).
These analyses generate numerous, testable hypotheses about the
maturation of hypothalamic neurons and its regulatory
mechanisms.

Cross-species comparison of hypothalamic neuronal
subtypes in humans and mice
Major classes of hypothalamic neurons are shared in humans and
mice, but it is unknown whether there are species differences in
more refined neuronal subtypes. We integrated our sc/snRNA-seq
data from neurons in the human hypothalamic neurons with exist-
ing scRNA-seq from the developing mouse hypothalamus (10, 11)
and with HypoMap (59), an integrated atlas of neurons in the adult
mouse hypothalamus derived from 15 scRNA-seq datasets (4–11,
58, 65–71) to create a cross-species atlas of hypothalamic neurons
(n = 403,176; Fig. 3A, figs. S15 to S17, and table S17). We obtained
robust integration of the human and mouse neurons (Fig. 3A and
fig. S15) and cells coclustered withinmajor groups corresponding to
GABAergic neurons, glutamatergic neurons, and histaminergic
neurons (fig. S15B).

We assessed similarities between neuronal subtypes identified in
the mouse versus human hypothalamus using our annotations of
108 human neuronal subtypes (H108) and HypoMap’s annotation
of 129 mouse neuronal subtypes (C185; Fig. 3D and table S18).
Clusters were compared on the basis of correlations of marker
genes using MetaNeighbor. This approach avoids artifacts associat-
ed with integrating cross-species datasets and is conservative in that
it keeps the two datasets completely independent before the com-
parisons. MetaNeighbor reports the similarity among the marker
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Fig. 3. Cross-species comparison of mouse and human hypothalamic neurons. (A) UMAP of single-cell RNA-seq data from the human and mouse hypothalamus
neurons, including prenatal and adult samples from 17 additional datasets. Adult mouse datawere sourced fromHypoMap (59) (itself containing 15 datasets), withmouse
developmental datasets from Kim et al. (11) and Romanov et al. (10), split by species and age (3D UMAP; https://tinyurl.com/2jfprezr). (B) Nuclei annotations from the
human data (B) and HypoMap annotations (C). Nuclei included the TM, ARC, PVH, VMH, DMH, LH, SCN, SMN, MN, PO, and the ZI. (D) MetaNeighbor package was used to
compare cell-type gene expression profiles for human adult (H108 level) and HypoMap annotations (129 neuronal clusters from the C185 level). (E) One hundred five of
the 108 clusters at H108 had area under the receiver operator curve (AUROC) score of 0.8 or greater. The majority of the 88 positively identified matches corresponded to
clusters with the same nuclei annotations, with a small number of matches annotated to an adjacent nucleus. (F) Differential TF expression shows conserved and species
enriched TFs for the POMC, KISS1, and AVP clusters.
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genes for each pair of clusters as the area under the receiver operator
curve (AUROC) and then constructs a hierarchical tree across all
the clusters (Fig. 3D). One hundred five of the 108 human clusters
(97%) matched a cluster from HypoMap with AUROC > 0.8. This
result suggests a very high level of reproducibility across datasets
and evolutionary conservation for most neuronal subtypes.

Analyses of the cognate neuronal clusters in the human and
mouse hypothalamus also provided a measure of validation for
the subregion annotations in both datasets. Whereas our subregion
annotations were based primarily on established marker genes,
HypoMap is derived from scRNA-seq of microdissected hypotha-
lamic subregions and the subregion annotations were based primar-
ily on this information. We note that both marker genes and
microdissection can be imprecise but with relatively independent
errors. Eighty-eight of the 108 human neuron clusters had both a
predicted subregion localization in our primary analysis and a
cognate mouse cluster with a predicted subregion localization.
For 58 of these 88 clusters (66%), the cognate mouse cluster was an-
notated to the same nucleus (Fig. 3E and table S16). For an addi-
tional 14 human clusters (16%), the cognate mouse cluster was
annotated to an adjacent nucleus. We believe that in many of
these cases, the human annotation is correct and the mouse anno-
tation was thrown off by imprecision in the dissections. For 16
human clusters (18%), the mouse and human annotations are mis-
matched. Thus, by this approach, we were able to validate the sub-
region localization for up to 69 human neuron clusters, while other
annotations both in our dataset and in HypoMap require further
validation.

Our discovery of putative homologs for 105 subtypes of mouse
and human neurons enabled us to test for shared versus species-spe-
cific marker TFs. We calculated differential expression, accounting
for differences in sequencing depth and other potential batch
effects, to identify both shared and species-specific marker genes
within each neuronal subtype. We focused on TFs because these
are likely to play an outside role in the regulation of cellular identity
and function (table S19). For example, in POMC+ clusters, we found
that established arcuate TFs including TBX3 and ISL1 were con-
served markers in both mouse and human. We observed human-
enriched expression of PGR, PBX3, ZFHX4, and THRB and
mouse-enriched expression of PLAGL1, TAF1C, CITED1, and
RBBP7 (Fig. 3F).We performed similar analyses on theKISS1+ clus-
ters, where we noted that TBX3 was also conserved between species.
In AVP+ clusters, the well-established PVH marker genes POU3F2,
OTP, and SIM1 were conserved (Fig. 3F), while NR3C1, NFIB, and
TCF4 were predominantly human and ZNF804B, ZNF804A,
MAML3, and FOXP2 were enriched in mice. Thus, differential ex-
pression analysis suggests that there are meaningful differences in
the gene regulatory networks (GRNs) active in matched human
and mouse neuronal subtypes.

Unique and shared features of hypothalamic versus cortical
germinal zones in the human forebrain
Little is known about the genes and trajectories distinguishing neu-
rogenesis in the hypothalamus versus other forebrain regions. It is
of particular interest to understand how progenitor populations,
despite a common origin, can differ in their gene regulatory pro-
grams across brain regions to give rise to all of the specialized cell
types unique to specific brain regions. The availability of matched
scRNA-seq from the cortex, ganglionic eminence (GE) (the source

of telencephalic inhibitory neurons), and hypothalamus from the
same fetuses at GW18, GW19, and GW20 provide a unique oppor-
tunity to identify shared and region-specific aspects of human
neural and glial development. We co-embedded these samples in
a shared low-dimensional space, enabling direct comparisons
among the progenitor populations and excitatory and inhibitory
neuron lineages (n = 95,107; Fig. 4, A and B; fig. S18, A and B;
and tables S20 to S22). Both neuronal and non-neuronal lineages
emanated from a large cluster of radial glia and were abundantly
represented in all three stem cell niches. Radial glia give rise to mul-
tiple neuronal and numerous non-neuronal progenitor popula-
tions. Of these, among the non-neuronal populations, we
identified tanycytes and ependymal cells that were specific to the
hypothalamus, as well as astrocytes and oligodendrocytes that
were abundant in both the hypothalamus and cortex. A large pop-
ulation of dividing progenitor cells formed a distinct barrel shape in
three-dimensional (3D) UMAP space indicative of actively cycling
cells [cell cycle stage (fig. S18C) and Seurat clusters 6, 9, and 10 (fig.
S18D)]. These dividing progenitors, along with the radial glia, feed
into a neuronal lineage that split between excitatory (glutaminergic,
SLC17A6+) and inhibitory (GABAergic, SLC32A1+) lineages and
further subdivided into major neuron subclasses. While cortex
and GE samples split midway along the developmental lineage
between progenitors andmature neuron populations in a largely ex-
pected way, we took a keen interest in similarities and differences
among these lineages and how progenitors from the hypothalamus
fit into this framework.

The co-embedded neurogenic map retains well-known features
of cortical neurogenesis. Excitatory neurons of the cortex branched
off from inhibitory neurons about halfway along the bridge from
early neuron progenitors into mature neuron populations. This
lineage led directly into intratelencephalic (IT) excitatory neuron
populations and reflected the temporal ordering with which deep
layer versus superficial layer IT neurons are born: Newborn
neurons at the beginning of the lineage proximal to progenitor
cells primarily expressed markers for later-born superficial layer ex-
citatory neurons such as CUX2, while more mature neurons at the
lineage terminus primarily expressed markers of earlier-born deep
layer 5/6 neurons such as RORB. A distinct branch in the trajectory
expressed markers of extratelencephalic (ET) excitatory neurons.
Separately, inhibitory neuron lineages led into three distinct inhib-
itory neuron clusters, which expressedmarkers of medial ganglionic
eminence-derived (LHX6+), caudal ganglionic eminence-derived
(CALB2+), and lateral ganglionic eminence-derived (FOXP1+)
subpopulations.

The hypothalamic germinal zone is distinct from germinal zones
of the cortex and GE in that it gives rise to both excitatory and in-
hibitory neurons, and these locally born neurons represent most of
the mature neurons within the hypothalamus. Most of the hypotha-
lamic cells were distributed among excitatory and inhibitory lineag-
es that also included cortical and GE-derived cells. This suggests
that at a high level of organization the development of excitatory
versus inhibitory neurons in the hypothalamus involves shared reg-
ulatory programs with the development of excitatory versus inhib-
itory lineages in the cortex and GE.

The high-level similarity of the developmental trajectories in the
cortex, GE, and hypothalamus enabled direct comparisons of the
lineages to reveal finer-scale distinctions. Region-specific gene ex-
pression differences were already apparent at early stages of
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Fig. 4. Developmental principles across distinct human brain regions. (A) scRNAseq data from hypothalamus, cortex, and ganglionic eminence for three matched
human embryonic samples at GW18, GW19, and GW20. Cell types presented in 3D UMAP (https://tinyurl.com/2p9yzw5h), inset panels are rotations of UMAP showing
additional clusters. (B) 3D UMAP (https://tinyurl.com/3yazd898) showing overlay of samples by brain region. (C) Distribution of cells within cell-type cluster by brain
region. (D) Polar plot of TF expression across three brain regions for dividing progenitor cells. Points off-axis reflect shared expression between regions. Gray points
indicate no significant difference between regions. (E) Heatmap depicting genes with similar or divergent expression patterns across neuronal lineages. Colors represent
scaled expression of cells only within a given cell-type and brain region, as described in x-axis legend. (F) Subsets of GRNs for hypothalamus, cortex, and ganglionic
eminence were created on the basis of genes expressed in neural progenitor cells, radial glia, and dividing progenitors. Resulting overlapping networks show edges from
hypothalamus network (blue) are roughly evenly split and adjacent to the ganglionic eminence network (green) and cortex network (red). Shared edges follow the color
scheme introduced in (D). Top 20 TFs with the greatest number of connections are highlighted in white.
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development. In radial glia and actively dividing progenitor popu-
lations (clusters 4, 6, 9, and 10 of fig. S18D), we found region-spe-
cific elevated expression for developmental TFs such as PAX6 and
POU3F2 in the cortex, DLX1 and DLX5 in the GE (notably DLX5
expression elevated in CGE), and FOXB1 and SIX6 in hypothalamus
(Fig. 4D and tables S22 to S24).We also identified shared regulators,
includingHES1 and EGR1 (Fig. 4E). At a later stage of development,
in neural progenitors (cluster 11 of fig. S18D), we found increased
expression in the hypothalamus for the TF TSHZ2, which remained
elevated in mature neuron populations. Transcripts with elevated
expression in GE neural progenitors included COL1A2, a collagen,
along with the NOTCH signaling ligand DLL1 and the cell-cell sig-
naling mediator LGALS1. We confirmed cortex-specific expression
for canonical progenitor marker genes such as EOMES. Many other
genes showed complex spatiotemporal patterns in neural progeni-
tors. For instance, neural progenitors of the hypothalamus and
cortex had high expression (compared to GE) for cytoskeletal pro-
teins such asMYO10,CALD1, andVIM, whereas neural progenitors
in the hypothalamus and GE (but not cortex) had shared expression
of RBP1 involved in retinoic acid signaling (72). Other genes had
different temporal patterns or different cell-type specificity. For
example, PPP1R17, a phosphatase regulatory subunit, was identified
as a neural progenitor marker within the cortex, where the expres-
sion increases throughout neural maturation (57). However, in the
hypothalamus, PPP1R17 is instead expressed most highly in radial
glia, with expression concentrated in the DMH. Genes that exhibit-
ed a similar enrichment in hypothalamic radial glia but later enrich-
ment in mature cortex populations include FAT3, a cadherin
involved in dendrite development and neuron migration, and the
helicase NAV2, a member of the neuron navigator gene family in-
volved in neuron growth and migration. These results provide
insight into the unique regulatory programs that give rise to special-
ized neuronal populations.

We applied a gene network approach to gain further insight into
the shared versus unique drivers of neuronal development across
lineages. Gene coexpression network modeling identified 28 gene
coexpression modules, many of which were expressed in region-
and stage-specific patterns across the development of excitatory
and inhibitory neuronal lineages (fig. S18E and tables S25 to S27).
In addition, we reconstructed a GRN model (73) to predict the
target genes for 1317 TFs in each germinal zone and the key regu-
lator TFs for each gene coexpression module. We found both
region-specific and shared TF-gene associations, where the extent
of overlap across models provides a measure for the rewiring of
these networks across brain regions. We illustrate this concept for
the 20 most highly connected “hub” TFs (Fig. 4F). For these TFs, we
detect many TF-gene edges that are reproducible within different
samples from the same brain region but not across brain regions,
suggesting substantial rewiring. Network edges detected in the hy-
pothalamus appear to be split between cortical and GE-derived
groups, suggesting an early lineage difference not distinguished in
the UMAP in Fig. 4A. Gene network modeling also provided in-
sights into the regulation of specific neuronal lineages. The gene co-
expression module M73 (fig. S18E) was expressed across the entire
excitatory neuron lineage from dividing progenitor cells to mature
neurons, enabling us to compare the regulators of excitatory neuron
development across regions. Several TFs were identified as key reg-
ulators of excitatory neuron development in both hypothalamus
and cortex, including NEUROD6, ANK2, MYT1L, and CSRNP3.

Strikingly, we also identified region-specific regulators of excitatory
neurons, including hypothalamus-enriched (e.g., CSRNP3,
ARID4A, PEG3, and BASP1) and cortex-enriched TFs (MEF2C,
ZBTB18, and SATB2). Similarly, module M70 was expressed
across the entire inhibitory lineage, and we used this module to
compare the regulators of inhibitory lineages in hypothalamus
and GE (fig. S18E). We identified SP9, DLX5, DLX2, SOX11, and
SOX4 as shared regulators of inhibitory neuron development
across regions, in addition to hypothalamus-enriched (SCAND1,
ZNF428, YBX1, and PTMA) and GE-enriched TFs (CITED2,
TCF4, LHX6, and ARX). This same pattern of shared and region-
enriched regulators could be identified in several additional
modules, including M42, which is activated at later stages of excit-
atory neuron development (fig. S18E). These results suggest that
there are shared “core” regulatory programs that govern the devel-
opment of excitatory and inhibitory neurons in multiple brain
regions, which may be refined by region-specific regulatory pro-
grams that give rise to the unique properties of each region’s excit-
atory and inhibitory populations.

DISCUSSION
Here, we have described the development and diversity of neuronal
and non-neuronal cell types of the human hypothalamus from pre-
natal stages to adulthood at single-cell resolution. We identified 108
robust neuronal subtypes in the adult hypothalamus and provided
evidence for up to 369 transcriptionally distinct neuronal clusters.
Reconstruction of a lineage tree enabled us to annotate prenatal
neurons and the gene expression changes that occur during their
maturation. Cross-species comparisons revealed a remarkable
degree of conservation, with 105 of 108 human neuron subtypes
having a cognate subtype identified in mice. Comparisons of neu-
rogenic and gliogenic trajectories in hypothalamus versus other
forebrain regions identified both shared and hypothalamus-specific
aspects of neurodevelopment. Together, these data resources and
analyses provide an unprecedented depth of information about
the cell types in the human hypothalamus.

Within our prenatal samples, we observe sequential formation of
all cell types expected within the hypothalamus. These originate
from several progenitor populations that resemble those described
previously (16, 47, 53). On the basis of the gene expression profile,
our qRGC cluster is analogous to the homonymous cluster in Zhang
et al. (47), the clusters HPC_1-3 and HPC_1-4 reported in Zhou
et al. (53). These cells likely represent the RG populations that
line the ventricle. Our cRGC cluster also represents an analogous
population to that reported in Zhang et al. (47), and the HPC_1-1
cluster reported by Zhou et al. (53) These proliferative cells are akin
to the migratory mantle radial glia. A third radial glia cluster,
tRGCs, appear similar to the HPC_1-2 cluster reported by Zhou
et al. (53) and represents a progenitor population primed for
lineage specification.

We also note three intermediate progenitor populations includ-
ing two ASCL1+ populations and one NEUROD2+ population
similar to those reported previously by Zhang et al. (16, 47). In
Zhou et al. (53), this gene expression is akin to HPC_2, HPC_3,
and HPC_5, respectively (53). One ASCL1 cluster and the
NEUROD2+ cluster (IPC_2/3) each expressed neuronal markers
STMN2/SYT1, suggesting that they were lineage specified.
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Within our pseudotime trajectory, these were localized together
between GABAergic and glutamatergic neurons. In contrast, the
ASCL1+STMN2−/SYT1− cluster (IPC_1) expressed gliogenic
markers including OLIG1, OLIG2, and EGFR, suggesting that
these are precursors to astrocytes or oligodendrocytes (74–77).

Our analysis provides substantial insights into neuronal diversity
in the adult hypothalamus. At the most stable clustering resolution,
we characterized 108 neuronal subtypes and we found evidence for
up to 369 transcriptionally distinct neuronal clusters. More than
90% of these clusters could be annotated to specific hypothalamic
nuclei based on their marker genes. The number of neuronal sub-
types is comparable to the number of subtypes detected by scRNA-
seq in mice (59). Recent spatial transcriptomics from the mouse
brain suggests that the actual number of cell populations in the hy-
pothalamus may be even larger (78). Our atlas describes more than
three times the number of distinct populations described previously
for the human hypothalamus (52). The increased resolution of our
dataset can be attributed to adult time points with more mature
neurons. However, we expect more subtypes to emerge with more
detailed sequencing and the inclusion of samples from female
donors to identify cell populations that are sexually dimorphic.

Our pseudotime lineage tree provides insights into the transcrip-
tional similarities and differences among hypothalamic neurons
during their prenatal maturation. We observe that fate-committed
neurons are distinguished both by their neurotransmitter class and
by their subregion. Our analysis is consistent with a sequential spec-
ification of hypothalamic neurons, expanding on prior literature (4–
11, 52, 59, 65–71, 79). Early in hypothalamic development, develop-
ing neurons attain a unique transcriptional identity corresponding
to the nucleus in which they reside. Later, specific neuronal sub-
types differentiate. This process was well underway by 10 weeks of
gestational age, at which timewewere able to discern most nuclei by
the expression of established markers.

Neurons within the hypothalamus have dual identities on the
basis of the neurotransmitters and neuropeptides they use, as well
as by their subregion localization. While arealization of other brain
regions such as the cortex and cerebellum involves subtle, quantita-
tive differences within the same neuronal subclasses, in the hypo-
thalamus, each subregion has its own distinctive types of neurons.
Thus, it may come as a surprise that both in our clustering of adult
neurons and in our lineage tree for neuronal maturation trajecto-
ries, much of the clustering is driven by neurotransmitter class (GA-
BAergic versus glutamatergic neurons). We believe that this reflects
that the gene regulatory programs to produce these major classes of
neurons involve many neurotransmitter class-related genes that are
shared across nuclei. In addition, in many nuclei, most or all of the
neurons are of the same neurotransmitter class. For instance, the
LH, VMH, PVH, and MN clusters all expressed glutaminergic
markers. This has been previously reported in mouse single-cell
data from the VMH (7, 65, 80), MN (68), and PVH (81), but previ-
ous observations in mice suggest that we may be missing mixed
neuronal populations within the LH (8). This may have occurred
due to conservative dissection favoring the more medial regions.
This may also explain the relative underrepresentation of LH
neurons compared to other nuclei. The SCN and ZI clusters all ex-
pressed GABAergic markers in line with the previous reports in the
mouse SCN (67). The TM contains exclusively histaminergic
neurons (82). The ARC, DMH, PO, and SMN contained mixed glu-
tamatergic and GABAergic populations, as has been reported

previously in the ARC (80) and the PO (6). However, in rats, the
ARC and DMH are predominantly GABAergic (61–63), so there
may be species-specific aspects in neurocircuitry.

These resources will provide detailed information about the cell
types involved in many hypothalamic functions. Focusing on the
roles of the hypothalamus in energy homeostasis, we studied the
distribution of the hormone receptors LEPR and GHSR in the
adult arcuate. While we confirm the existence of POMC/LEPR+cells
in humans as have been described in mice, we did not detect a
POMC/GLP1R+ population as established inmice (83).We detected
substantial GLP1R expression in the PVH. This suggests several
possible scenarios: (i) A potential human POMC/GLP1R+ popula-
tion may have low levels of GLP1R, which are below the detection
threshold for snRNA-seq, (ii) our sampling strategies were not suc-
cessful in including this populations, or (iii) albeit unlikely, this
population is not present in humans. Further studies are needed
to explore these subpopulations in detail. As known from mice,
GHSR was predominantly expressed in the ARC and, to a lesser
degree, also in other hypothalamic regions such as the LH, VMH,
and SCN (43). As expected, MC4R is expressed in the PVH (84).
None of these receptors showed substantial expression in the prena-
tal samples. In mice, these receptors are known to be lowly ex-
pressed genes with higher expression in the adult as compared to
embryonic stages (43). Thus, their expression level in the human
prenatal hypothalamus might have been too low for reliable detec-
tion by single-cell transcriptomics.

In the PVH, we show key TFs such as SIM1, POU3F2, and
NHLH2 are strongly expressed from GW10. In mice, Sim1 or
Pou3f2 knockouts are known to result in strong suppression of
Oxt, Crh, Avp, and Trh neurons (85, 86). Expression of PVH neu-
ropeptides generally did not begin until trimester 2. Our results
detect these neuropeptides slightly later than in previous studies
where OXT has been noted at GW14 and CRH and AVP as early
as GW12 (49, 51, 87, 88). The trajectories of neuronal maturation
and specification are less well studied in most other nuclei. We
expect that these data will be a useful resource for mapping lineages,
although not all neuropeptides may be noted due to sample dissec-
tion issues (i.e., undersampled arcuate in GW22 and GW25
samples), or that cells are still ongoing differentiation, diversifica-
tion, and maturation to the various peptidergic subtypes.

As noted above, variation in the prenatal environment can have
lasting consequences on many hypothalamic functions (34, 35, 40,
44), but it is not well understood why adverse prenatal environ-
ments lead to worse or different outcomes in some individuals
and not others. Precisely delineating the timing at which hypotha-
lamic nuclei mature could provide insight into these exposures and
outcomes, including the possibility that differences in the develop-
mental timing among hypothalamic nuclei could produce distinct
sensitive periods within the developmental trajectory and different
disease risks.

Mouse models have been used extensively to study the relation-
ships among the prenatal environment, the development of the hy-
pothalamus, and the emergence of behavioral and physiological
variation in hypothalamic functions. Thus, a critical question is
whether these developmental processes are conserved in mice
versus humans. We found a remarkably high degree of evolutionary
conservation for neuronal subtypes in mice and humans, with a pu-
tative mouse homolog for 105 of the 108 human neuron clusters.
Differential expression analyses showed that many TFs have
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shared patterns of enrichment across these neuronal subtypes. It is
possible that there are human-specific cell populations at more
granular levels of resolution, and we do detect what appear to be
meaningful differences in TF utilization across species. Nonetheless,
the overall conservation of cell types both validates our annotations
and bodes well for the translation of findings from mice
into humans.

Our comparison of forebrain neurogenic niches revealed shared
lineages leading to excitatory and inhibitory neurons in the hypo-
thalamus, cortex, and GE. However, gene expression differences
were detectable between regions starting at early stages of develop-
ment in radial glia. GRN models suggested that the differentiation
of excitatory versus inhibitory neurons occurs early in hypothalam-
ic development and involves “core” regulatory programs that are
shared, respectively, by excitatory and inhibitory neuronal lineages
in the cortex and GE. We present evidence that these core programs
are refined by region-specific TFs that may give rise to the unique
properties of the excitatory and inhibitory programs in each brain
region. While some of these predicted regulators have been de-
scribed previously (46), our models make numerous predictions
for the roles of key regulator TFs, and these should be tested exper-
imentally. As some of these networks are predicted to be human
specific, testing their functions will likely require the further devel-
opment of human cell culture systems that enable direct compari-
sons across forebrain stem cell niches.

Several limitations should be noted. As with most human
studies, there was substantial sample-to-sample variability, and we
cannot control for inherent variation among individuals. Our
dataset lacks samples from the third trimester of gestations and
from postnatal developmental time points, and incorporating
these samples will be essential to resolve later stages of neuronal
maturation. The adult dataset did not include females, so sex differ-
ences could not be assessed.While we have taken extensive efforts to
validate our cell type annotations and trajectories, these remain bi-
oinformatic predictions. Spatial transcriptomic data and single-cell
transcriptomic data from more finely dissected samples are needed
to further resolve anatomical nuclei and nuclei subregions, includ-
ing discovering transcriptomic signatures for poorly annotated
nuclei. Last, there was limited information about the prenatal envi-
ronment experienced by the fetuses that we studied. An exciting
future direction will be to expand our analysis to human and
model organism samples with known variation in the prenatal en-
vironment, enabling a more direct evaluation of sensitive periods
and their developmental consequences.

The data presented here represent an important resource for un-
derstanding the development and diversity of cell types in the
human hypothalamus. We anticipate that these resources will be
valuable for many applications, including evaluation of the cell-
type distributions for genes involved in the pathophysiology of
human diseases. To facilitate the utilization of our data, we have
created web resources for the visualization of cell type–specific
gene expression at NeMO Analytics (https://nemoanalytics.org/p?
l=a856c14e&g=gad2).

MATERIALS AND METHODS
Prenatal sample collection and processing
Acquisition of all primary human tissue samples was approved by
the UCSF Human Gamete, Embryo and Stem Cell Research

Committee (approval nos. 10-03379 and 10-05113). All experi-
ments were performed in accordance with protocol guidelines. Ma-
ternal informed consent was obtained before sample collection and
use for this study. First and second trimester human hypothalamus
tissue was collected from elective pregnancy termination specimens
from San Francisco General Hospital and the Human Developmen-
tal Biology Resource (HDBR). Cortical and ganglionic eminence
tissue was collected in parallel from the same specimens, as previ-
ously described (56, 57). Hypothalamic tissue samples were disso-
ciated using papain (Worthington) containing deoxyribonuclease.
Samples were grossly chopped and then placed in 1 ml of papain
and incubated at 37°C for 15 min. Samples were inverted three
times and continued incubating for another 15 min. Next,
samples were triturated by manually pipetting with a glass pasteur
pipette approximately 10 times. Dissociated cells were spun down at
300g for 5 min, and papain was removed.

Adult sample collection and processing
Hypothalamus tissue from three adults were obtained by the Allen
Institute from a 50-year-old male donor (subject ID H18.30.002,
right hemisphere, cause of death = cardiovascular, post-mortem in-
terval (PMI) = 10 hours, tissue RNA integrity number (RIN) score =
8.2 ± 0.4), a 42-year-old male donor (subject ID H19.30.001, right
hemisphere, cause of death = suicide, PMI = 8 hours, tissue RIN
score = 7.91), and a 29-year-old male donor (subject ID
H19.30.002, right hemisphere, cause of death = cardiac arrest,
PMI = 7.5 hours, tissue RIN score = 8.15) with no exclusionary
medical history and negative for infectious disease. Tissue collection
was performed in accordance with the provisions of the U.S.
Uniform Anatomical Gift Act of 2006 described in the California
Health and Safety Code section 7150 (effective 1 January 2008)
and other applicable state and federal laws and regulations. The
Western Institutional Review Board (IRB) reviewed tissue collection
procedures and determined that they did not constitute human sub-
jects research requiring IRB review. The deidentified postmortem
brain sample was obtained after receiving permission from the de-
cedent’s legal next-of-kin and prepared as described previously (full
methods described in (89) (dx.doi.org/10.17504/protocols.io.
bf4ajqse) and Bakken et al. (90) describes subject ID H18.30.002
sample and Siletti et al. (91) describes subject ID’s H19.30.001
and H19.30.002. Briefly, coronal brain slabs of 1 cm thickness
were frozen in dry ice-cooled isopentane and transferred to
vacuum-sealed bags for storage at −80°C until the time of further
use. To isolate the brain regions of interest, tissue slabs were briefly
transferred to −20°C and the region of interest was removed and
subdivided into smaller blocks on a custom temperature controlled
cold table. Tissue blocks were stored at −80°C in vacuum-sealed
bags until later use. Figure S1 details the four broad regions—pre-
optic, supraoptic, tuberal, and mammillary, identified by gross an-
atomical landmarks for the hypothalamus dissections. Nucleus
isolation for 10X Chromium Single Cell 3’ RNA sequencing V3
was conducted as described (dx.doi.org/10.17504/protocols.io.
y6rfzd6). Gating on 40,6-diamidino-2-phenylindole andNeuN fluo-
rescence intensity was carried out as described previously (89).
NeuN+ and NeuN− nuclei were sorted into separate tubes and
were pooled at a defined ratio after sorting. Sorted samples were
centrifuged; frozen in a solution of 1× phosphate-buffered saline,
1% bovine serum albumin, 10% dimethyl sulfoxide, and 0.5%
RNAsin Plus RNase Inhibitor (Promega, N2611); and stored at
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−80°C until the time of shipment on dry ice from the Allen Institute
to the Karolinska Institute for 10X chip loading.

Sequencing
For prenatal samples, single-cell capture was performed following
the 10X Chromium v2 manufacturer’s instructions. Each sample
was its own batch. For each batch, 10,000 cells were targeted for
capture and 12 cycles of amplification for each of the complemen-
tary DNA and library amplifications were performed. Libraries were
sequenced according to the manufacturer’s instructions on the Il-
lumnia NovaSeq 6000 S2 flow cell (RRID:SCR_016387). For adult
samples, immediately before loading on the 10X Chromium instru-
ment, frozen nuclei were thawed at 37°C, washed, and quantified for
loading as described (dx.doi.org/10.17504/protocols.io.nx3dfqn).
Briefly, suspensions were thawed in a 37°C water bath, spun
down briefly, and pipetted several times to mix. Nuclei were then
processed according to the 10X Genomics protocol, targeting
5000 cells. All samples were processed with the 10X Genomics V3
kit. Samples were first sequenced to a shallow depth (approximately
1000 reads per cell) on the Illumina NextSeq platform to validate
sample concentrations. Samples were then sequenced to approxi-
mately 100,000 reads per cell on the Illumina NovaSeq platform.
After sequencing, saturation was calculated for each sample using
the Preseq package (92). Any samples that were not saturated to
60% were sequenced more deeply using Preseq predictions.

Quality filtering and integration
All samples were aligned and preprocessed using cellranger. All pre-
natal samples were quality filtered to include cells with the number
of detected genes between 200 and 4000, a total unique molecular
identifiers (UMIs) between 1000 and 15,000, and a maximum 10%
of reads mapping to mitochondrial genes. Adult neurons were fil-
tered to include cells with the number of detected genes between
200 and 10,000; a total UMI between 1000 and 100,000; and a
maximum 10% of reads mapping to mitochondrial genes. For pub-
lished datasets, cells passing quality filters defined in publication
were used in this study. Doublets were detected using scDblFinder
(default parameters, clust.method = “overcluster”) and discarded
from the analysis. Unless otherwise noted, the Seurat package
v4.0.5 (93) was used for normalization, sample integration, cluster-
ing, differential gene expression analysis, and plotting. Additional
visualizations were produced using the plotly package (v4.10.2),
ggplot2 (v3.4.2), igraph (v1.5.0), and ggalluvial (v0.12.5).

Cell-type assignments
Integrated prenatal samples (n cells = 155,183) were subject to di-
mension reduction with principal components analysis (PCA) and
were visualized in the 3D UMAP space. Cells were clustered using
Louvain clustering and identified using established markers from
published studies (2, 4–11, 23, 58, 76, 94–96). Aberrant cells were
manually reassigned on the basis of UMAP coordinates to best
reflect gene expression in feature plots. Extrahypothalamic cells
such as FOXG1+ cells (telencephalon) and NEUROD6+ cells (fore-
brain) were removed prior downstream analysis. For the adult
sample, extrahypothalamic cells such as PPP1R1B/DRD1/PDYN/
DRD2/ADORA2A+ cells (Nucleus accumbens) were removed
from the anterior samples (preoptic and supraoptic) prior down-
stream analysis.

Iterative clustering
Seurat clustering was used to generate neuronal clusters at 15 levels
of resolution from the adult hypothalamic neurons. These 15 levels
of resolution were integrated into a single hierarchical tree using the
mrtree package (v0.0.0.9000, default parameters) (97). This tree was
further refined by merging branches that exhibited sample bias
(greater than 80% of cells from a single sample) or did not
produce at least 10 differentially expressed genes (excluding mito-
chondrial (MT) and ribosomal genes) with a minimum log fold
change of 0.5 and an adjusted P value greater 0.05. Nuclei annota-
tions were performed at the H6, H55, H108, and H369 levels based
on expression of marker genes for each nuclei based on previously
published studies (table S3) and/or localization in the Allen Brain
Atlas (figs. S4 and S6) (60) or the Human Protein Atlas (98). Nuclei
assignments also took into consideration the region of dissection
and—after integration with HypoMap—whether the clusters had
strong alignment with a region-specific dataset.

Cluster robustness
Cluster robustness was assessed using methodology and individual
functions from the chooseR package (99). One hundred iterations of
cluster generation was performed as described above (Seurat clus-
tering at 15 resolutions followed by mrtree), where each iteration
used a random sampling of 80% of the original cells in the
human adult neuron dataset. Silhouette scores for each cell were cal-
culated from a distance matrix defined by 1 – frequency value of
coclustering, and average silhouette scores per cluster were
presented and 95% confidence intervals were calculated using the
boot_median function from chooseR.

Nuclei assessment based on Allen ISH data
Cluster annotation was double checked against mouse in situ hy-
bridization (ISH) data available from the Allen institute. Functions
from the scCoco package (v0.0.0.9000; https://github.com/
lsteuernagel/scCoco), which, in turn, is a wrapper for functions in
the cocoframer (v0.1.1) (60), were used in R to assess likely nuclei
assignments based on clustering of human data. To be comparable
to HypoMap, marker gene lists were identified by running
FindAllMarkers on per H53 cluster using genes included in the
Allen Mouse Brain Atlas ISH database (60). Top significantly ex-
pressed marker genes per H53 cluster were entered into the
findRegions_genesets function (parameters target_structure_id =
“1097”, exclude_ids = c(“338”), target_level = “8”) to identify
likely nuclei per cluster.

Neuronal lineage analysis
Prenatal and adult hypothalamic neurons (CS22-Adult; n =
121,821) were integrated. Seurat was then used for dimension re-
duction using PCA and generation of a 3D UMAP. Monocle3
(100) was used to generate pseudotime lineages encompassing
both prenatal and adult neurons. The Monocle3 trajectory generat-
ed 514 vertices. Vertex Y_376 was chosen as the starting node as it
contained the highest proportion of the earliest time point—GW10
(66%). Three additional lineages were generated to show robustness:
Alternative lineage #1 was generated with the k-parameter reduced
from 100 to 20 (992 nodes with Y-137 as the starting node). Alter-
native lineage #2 was generated with the k-parameter increased
from 100 to 150 (394 nodes with Y-26 as the starting node). Alter-
native lineage #3 was generated with the spread parameter increased
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from 3 to 6 (399 nodes with Y-31 as the starting node). Using these
pseudotime lineages, we identified branch points where the lineages
diverge and leaves where the lineages terminate. Using the all_sim-
ple_paths function in Monocle3 and the igraph package, we were
able to generate 2D lineage trees to represent each of the cells
along the pseudotime trajectory. Nuclei annotations from the
H108 level were overlaid onto the main pseudotime trajectory,
and prenatal nuclei annotations were extrapolated to the adult
nuclei annotation if the vertex contained either (i) less than 60%
prenatal cells and more than 20% of adult cells with the dominant
nuclei annotation or (ii) less than 80% prenatal cells but the remain-
ing adult cells were composed of less than two nuclei. Neurotrans-
mitter classes were extrapolated if a vertex contained less than 75%
prenatal cells but containedmore than 40% of adult cells assigned to
the dominant neurotransmitter. In addition, gene expression was
overlaid onto these lineage trees, which showed the cells organizing
into distinct neurotransmitter classes and further branching to form
branches representing 11 anatomically distinct regions (fig. S7). To
identify which TFs modulate their activity in distinct branches, we
used the Monocle3 function fit_models and plotted the top 20 to 25
TF’s by descending q value that correlates with pseudotime along
the branch. CoGAPS patterns in the human neuron dataset were
identified using the CoGAPS package (v3.14.0) (101) in
R. Default parameters were used for the CoGAPS function except
nPatterns = 15 and nIterations = 10,000.

Comparison across human/mouse and adult/
prenatal neurons
Human adult hypothalamic neurons (n = 85,913) and human pre-
natal neurons (n = 35,908) were integrated with mouse develop-
mental samples (n = 60,684) from Kim et al. (11) and (n =
34,324) from Romanov et al. (10) and mouse adult data sourced
from HypoMap (n = 186,374), composing of n = 16,043 from a
VMH dissection from Affinati et al. (65); n = 20,766 from the
VMH dissection from Kim et al. (7); n = 17,969 from the VMH dis-
section from Liu et al. (66); n = 12,822 from the ARC dissection
from Campbell et al. (4); n = 17,693 from the PO dissection from
Moffitt et al. (6); n = 23,817 from the SCN dissection from Morris
et al. (67); n = 13,756 from the SCN dissection fromWen et al. (9); n
= 5391 from the LH dissection from Rossi et al. (69); n = 4573 from
the LH dissection from Mickelsen et al. (8); n = 9215 from the
ventral posterior hypothalamus dissection from Mickelsen et al.
(68); n = 23,667 sorted Lepr+ cells from Rupp et al. (70); n =
14,434 from the whole hypothalamus from Zeisel et al. (58); n =
5272 from the whole hypothalamus from Chen et al. (5); and n =
929 from the whole hypothalamus from Lee et al. (71). Cells
passing quality filters defined in publication were used in this
study. Before integration, mouse genes names were converted to
human format using the ConvertGeneNames from the Azimuth
package (v0.4.6). Normalization and dimension reduction were per-
formed as described previously, and samples were integrated using
reciprocal PCA.

The MetaNeighbor (v1.12.0) function MetaNeighborUS
(fast_version = TRUE) was used to compare our clusters at the
H108 level to the 129 neuronal clusters from HypoMap at the
C185 level (102). Reciprocal clustered were defined as the cluster
pairing with an AUROC > 0.8 with the highest cluster selected if
required. The respective nuclei annotations were compared, and
the pairs that were annotated to MN/SMN, MN/TM, ARC/VMH,

DMH/VMH, LH/SMN, LH/ZI, or LH/PO were indicated as adja-
cent nuclei based on localization within both the human and
mouse in the Allen Brain Atlas (60).

To compare these reciprocal clusters at the gene level, we re-
gressed out the number of UMI and performed differential gene ex-
pression on the common TFs across both the mouse and human
adult datasets using the FindAllMarkers function from Seurat. We
then compared TFs with a P < 0.05 and a log2 fold change > 0.5
across each of the reciprocal pairs. TFs that were common to both
were denoted as “conserved,”with the remaining indicated to be en-
riched in either mouse or human.

Comparison across brain regions during human
development
Three fetuses from GW18, GW19, and GW20 were chosen for their
broad range of dissections covering the hypothalamus, three regions
of the ganglionic eminence, and five regions of the cortex. Adult
neurons were filtered to include cells with at least 1000 reads
(maximum 15,000), number of genes 500 to 4000, a maximum
10% of reads mapping to mitochondrial genes, and total UMI
above 1000. The 95,107 cells passing these filters were integrated
using the Seurat package in R with the same parameters as used
for other datasets in this study. Cell-type assignments were deter-
mined by a mixture of our work with the hypothalamus and
cortex assignments previously reported (96). Three dimensional
UMAP projections assisted in identification of multiple excitatory
and inhibitory lineages as well as distinguishing ET and IT excitato-
ry neurons and the three inhibitory neuron populations. Identifica-
tion of IT and ET neuron types were further confirmed using
projectR package (103) and the DeCoN dataset (104). Seurat clus-
tering at a resolution of 0.5 largely delineated major cell types. The
Seurat function FindAllMarkers was used to both find top marker
genes for each Seurat cluster and identifying brain region differenc-
es among Seurat clusters. Polar coordinate plots and z scores were
calculated using the volcano3D (v2.0.1) package (105) and were
used to identify top TF differences among dividing progenitor
cells. Genes selected for the heatmap in Fig. 4E were a combination
of top marker genes per Seurat cluster that were both either similar
or different across brain regions. GRNs were reconstructed using
the Genie3 package (v1.16.0) (73). Networks were first built for
each individual sample, and then edge weights were averaged
across samples to identify region-specific networks. For summary
analysis of networks in dividing cells, networks were combined by
finding common edges and the resulting network was plotted using
the iGraph package (v. 1.2.6). TFs with the greatest number of con-
nections were displayed in white in Fig. 4F. Gene modules were
created using k-means clustering starting with a k = 100 and result-
ing in 28 groups, with gene eigenvalues calculated with the
WGCNA package (106). Counts tables for both Genie3 and k-
means clustering analysis were imputed using k-nearest neighbors
smoothing, where k = 5. We then compared GRNs across brain
regions to identify region-specific TF drivers for each gene
module. TFs with poor correlation between the TF expression and
the gene module eigenvalue were discarded. Lists of TF drivers per
gene module word compared across brain regions and similarities
and differences can be found in the supplementary tables.
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