
















SUPPLEMENTARY METHODS  
 
Animal work  
All mouse colonies were maintained in accordance with protocols approved by the 
Institutional Animal Care and Use Committee (IACUC) at the NYU School of 
Medicine. The following mouse strains were used: wild type Swiss Webster females, 
Dlx6a:Cre1 heterozygous males, and Rosa26LSL-tdTomato (Ai9)2 homozygous females 
on C57BL/B6 background. For Drop-seq experiments characterizing ganglionic 
eminence progenitors, mouse embryos at 13.5 (MGE) and 14.5 (CGE/LGE) days’ 
gestation were isolated from 6-8 week old wild type Swiss Webster timed-pregnant 
dams ordered from Taconic Biosciences. Embryos were staged in days post coitus, 
with embryonic day (E) 0.5 defined as noon of the day a vaginal plug was detected 
after overnight mating. The method of euthanasia for pregnant dams was inhaled-
isoflurane overdose, and death was confirmed with decapitation.  Surgical access to 
the uterine horns enabled removal of embryos. After removal from the mother, 
embryos were stored on ice in Leibovitz’s L-15 Media and 1% Fetal Bovine Serum. 
Brains were removed from the embryos and imbedded in 1% UltraPure Low Melting 
Point Agarose and sectioned in 50-micron sections with a vibratome (Leica 
VT1200S). The MGE, CGE or LGE were dissected from each embryo, and tissue 
from multiple embryos was pooled for every Drop-seq experiment.  Both male and 
female mouse embryos were used for all single-cell RNA sequencing experiments. 
For fate mapping experiments, the same procedure was followed except that 
Dlx6a:Cre heterozygous males were bred with homozygous Ai9 females, and cortical 
and subcortical regions were dissected and collected from Dlx6a:Cre;Ai9 embryos at 
E18.5.  
 
Singe cell dissociation 
Eminences pooled from multiple embryos were dissociated into a single cell 
suspension using Papain dissociation system (Worthington Biochemical Corporation) 
according to the manufacturer’s instructions.  
 
FACS sorting 
For genetic fate mapping experiments, Dlx6a:Cre;Ai9 cells were sorted for tdTomato 
on a Sony SY3200 sorter. 
 
Drop-seq and Library preparation 
Drop-seq was run on single cells according to the Online-Dropseq-Protocol-v.-3.1 
(December 2015) and the methods published in Macosko et al. 20153. Drop-seq flow 
rates (oil: 6,000 ul/hr, cells: 2,000 ul/hr, beads: 2,000 ul/hr) were optimized based on 
human-mouse species mixing experiments with a 1-2% doublet rate. Libraries were 
prepared with the Nextera XT DNA Library Preperation Kit according to the 
manufacturers instructions. 
 
Fluorescent in situ hybridization 
Fluorescent in situ hybridization for nestin (Nes) and cyclin D2 (Ccnd2) transcripts 
(Fig. 1) was performed as previously described4. Antisense cRNA probes were 
prepared by T7 polymerase in vitro transcription of PCR product templates 
generated using the following primers: Nestin, 5’-AGCAGTGCCTGGAAGTGGAAG-



3’ and 5’-GCACATTAATACGACTCACTATAGGGCTGGATCCCCTCAGCTTGG-3’; 
Cyclin D2, 5’-ACCTCCCGCAGTGTTCCTA-3’ and 5’-
AATTAATACGACTCACTATAGGCTGCTCTTGACGGAACTGCT-3’ 
 

Drop-seq data processing 
The raw Drop-seq data was processed with the standard pipeline (Drop-seq tools 
version 1.12 from McCarroll lab). Reads were aligned to the ENSEMBL release 84 
Mus musculus genome. 
 

Data filtration 
We selected cells for downstream processing in each Drop-seq run, using the QC 
metrics output by the Drop-seq tools package3. We first removed cells with low 
transcriptomic alignment rates (defined by PCT_USABLE_BASES < 0.7) from the 
UMI count matrix, as well as cells with less than 300 unique detected genes. From 
the remaining cells, we stringently filtered additional outliers. First, we removed cells 
where the total number of molecules is not within 5 standard deviations of the mean. 
Second, we removed cells that show an unusual high or low number of UMIs given 
their detected gene number by fitting a loess curve (f=0.5, degree=2) to the number 
of genes with ln(number of UMIs) as predictor. Cells with a residual more than 3 
standard deviations away from the mean are removed. Finally, we filtered on 
additional alignment-dependent metrics, applying this three-standard-deviations filter 
using the following metrics: PCT_CODING_BASES, PCT_UTR_BASES, 
PCT_MRNA_BASES, alignment rate (PF_ALIGNED_BASES/PF_BASES). These 
final filtration steps removed only a small number of cells from each eminence (2% to 
4%), and did not exhibit unique or biologically informative patterns of gene 
expression. 

Data normalization 
The raw data per Drop-seq run is a UMI count matrix with genes as rows and cells 
as columns. The values represent the number of unique molecular identifiers that 
were detected. The goal of normalization is to make these numbers comparable 
between cells by removing the effect of sequencing depth and biological sources of 
heterogeneity that may confound the signal of interest, in our case cell cycle stage. 
A common approach to correct for sequencing depth is to create a new normalized 
expression matrix 𝑥 with 𝑥",$ = log	(+,,-∗/0,000

1-
), where 𝑐",$ is the molecule count of 

gene 𝑖 in cell 𝑗 and 𝑚$ is the sum of all molecule counts for cell 𝑗. This approach 
assumes that 𝑐",$ grows linearly with 𝑚$, which is only true when the set of genes 
detected in each cell is roughly the same. However, for Drop-seq where the number 
of UMIs is low per cell compared to the number of genes present, the set of genes 
detected per cell can be quite different. Hence we normalize the expression of each 
gene separately by modeling the UMI counts as coming from a generalized linear 
model with negative binomial (NB) distribution whose mean can be dependent on 
technical factors related to sequencing depth. Specifically, for every gene we model 
the expected value of UMI counts as a function of the total number of UMIs in each 
cell, the natural log of the total number of UMIs in each cell, and the effective number 
of genes detected in each cell. To solve the regression problem we use the glm.nb 



function of the MASS R package, which iteratively estimates the overdispersion 
parameter theta and the regression coefficients. Normalized expression is then 
defined as the Pearson residual of the regression model, which can be interpreted as 
the number of standard deviations an observed UMI count was higher or lower than 
its expected value. Unless stated otherwise, we clip expression to the range [-20, 20] 
to prevent outliers from dominating downstream analyses. 
 

Removal of cell cycle effect 
With the data normalization method outlined above we remove the effect of technical 
factors from the data. However, we know that cells in our data are in different stages 
of the cell cycle, and we want to subtract this biological source of variation as well. 
The idea is to use a two-step approach 1) quantify what cell cycle stage each cell is 
in, 2) remove the effect of cell cycle using the same NB regression as outlined 
above. For the first step we utilize a previously published list of cell cycle dependent 
genes5 and perform a principal component analysis (after regressing out technical 
factors) using just those genes. The first PC correlates with the activity of known S 
and G2/M phase genes, and we refer to this as a  ‘cell cycle score’ (Extended Data 
Fig 1). For a final normalized data set with cell cycle effect removed we perform NB 
regression with technical factors and cell cycle score as predictors. Note that while 
the cell cycle activity was regressed out of the data for downstream analysis, we 
stored the computed cell cycle score prior to regression, enabling us to remember 
the mitotic phase of each individual cell.  

Dimensionality reduction 
Throughout the manuscript, we utilize Diffusion Maps, a non-linear dimensionality 
reduction technique6. We calculate a cell-to-cell distance matrix using 1 minus 
Pearson correlation and use the diffuse function of the diffusionMap R package with 
default parameters to obtain the first 50 diffusion map coordinates (DMCs). To 
determine the significant DMCs, we look at the reduction of eigenvalues associated 
with DMCs. We divide each eigenvalue by the previous one and scale the resulting 
vector to have mean 0 and standard deviation one. We use the position of the last 
positive value as the significant number of DMCs.  

Initial clustering of all cells 
To identify contaminating cell populations and assess overall heterogeneity in the 
data we clustered all single cells. We first identified 948 highly variable genes by 
fitting a smooth line (loess, span=0.33, degree=2) to log10(var(UMIs)/mean(UMIs)) 
as a function of log10(mean(UMIs)) and keeping all genes with a standardized 
residual above 1. We used the variable genes to perform dimensionality reduction 
using Diffusion Maps as outlined above, which returned 12 significant dimensions. 
For clustering we used a modularity optimization algorithm that finds community 
structure in the data with Jaccard similarities (neighborhood size 4, Euclidean 
distance) as edge weights between cells7. With the goal of overclustering the data to 
identify rare populations, the small neighborhood size resulted in 15 clusters of which 
two were clearly separated from the rest and expressed marker genes expected 
from contaminating cells (Neurod6 from excitatory neurons, Igfbp7 from epithelial 
cells). These cells represent rare cellular contaminants in the original sample, and 
were excluded from further analysis. 



Identifying a maturation trajectory 
To assign each cell a maturation score that is proportional to the developmental 
progress, we first perform dimensionality reduction as described above. We then fit a 
principal curve (R package princurve, smoother=’lowess’, f=0.55) through the first 
two dimensions of the data. A cell’s maturation score is then the arc-length from the 
beginning of the curve to the point where the cell projects onto the curve. The 
resulting curve is directionless, so we assign the ‘beginning’ of the curve so that 
gene expression of Nes is negatively correlated with maturation. Nes is a known 
ventricular zone marker and therefore should only be high early in the trajectory. 
Maturation scores are normalized to the interval [0, 1]. 

Defining mitotic and post-mitotic populations 
We observed a sharp transition point along the maturation trajectory where cells 
uniformly transitioned into a postmitotic state, corresponding to the loss of 
proliferation potential and exit from the cell-cycle (Fig. 1E, Extended Data Figure 1). 
We therefore subdivided the maturation trajectory into a mitotic and post-mitotic 
phase in order to facilitate downstream analyses. We defined cells in the top or 
bottom 15% of cell cycle scores as being in S or G2/M phase. We then fitted a 
smooth curve (loess, f=0.33, degree=2) to number of cells in S,G2/M phase as a 
function of maturation score. The point where this curve falls below a fraction of 0.4 
marks the dividing threshold. 

Smoothed expression for visualization 
While all statistical analyses (differential expression, branch detection, etc.) were 
performed on single cell data (UMI counts or normalized expression), we created 
smoothed expression estimates for visualization in Fig 2 a, b, and d, and generated 
these by first fitting a loess curve (f=0.5, degree=2) to normalized expression of each 
gene with maturation score as predictor. We then predicted values at 100 points in 
regular intervals from 0 to 1. 

Identifying developmentally regulated genes 
To identify genes that are developmentally regulated during the mitotic phase, we 
used mutual information (MI) between expression and maturation score. 
We selected all cells that we determined to be mitotic (as defined above, Fig 1E, 
Extended Data Fig 1) but ignored the 1% cells with lowest maturation score to be 
more robust against outliers. We discretized maturation scores by placing each cell 
into one of 13 equal sized bins, and do the same for the expression of each gene. 
We then calculate MI between each gene and the maturation score. We also 
calculate a random background MI (rbMI) distribution for each gene using shuffled 
maturation scores. These rbMI values allow us to z-score the MI values by 
subtracting the mean of rbMI and then dividing by the standard deviation of rbMI. We 
determine 596 genes to be highly developmentally regulated (z-score > 10, Fig 2A) 
and see 1523 genes with z-scores > 3. 

Differential expression 
We wanted to identify genes that were differentially expressed in the early mitotic 
cells between the eminences (Fig 2C, Extended Data Table 2), and also between 
cells assigned to different branches (Fig 3C, Extended Data Table 3). The test is 
based on the same negative binomial regression model that is used during data 



normalization. For a gene 𝑖 and its vector of UMI counts 𝑐" and a group indicator 
variable 𝑔 we fit the two models: 
Model 1:  log 𝐸 𝑐" = 	𝛼 + 𝛽/𝑚 + 𝛽< log 𝑚 + 𝛽=𝑓 + 𝜖 
Model 2: log 𝐸 𝑐" = 	𝛼 + 𝛽/𝑚 + 𝛽< log 𝑚 + 𝛽=𝑓 + 𝛽@𝑔 + 𝜖, 
With the technical factors 𝑚, the number of total UMI counts per cell, and 𝑓, the 
effective number of genes detected per cell. The comparison of the two models 
using a likelihood ratio test determines the p-value of model 2 providing a better fit. 
The log-fold change is directly given by the coefficient of the group indicator variable 
as log<(1/𝑒DE). We called genes differentially expressed if the adjusted p-value 
(FDR) is smaller than 10G@ and absolute fold change is larger than 1. 

Branch analysis	
To check for emerging heterogeneity in the cells, we focused on the post-mitotic 
cells and performed a trajectory analysis that allows for branching, i.e. one 
population of cells may give rise to multiple precursors. Minimum spanning trees 
have been previously used to identify putative branching structures in developing 
populations8,9. However, spurious edges in the MST or similar graph structures, 
previously referred to as ‘short circuits’, can introduce stochasticity into these 
analyses. To overcome this problem, we applied a bootstrapped minimum spanning 
tree (MST) approach, where we repeatedly constructed MSTs based on subsamples 
of the data, and combined their results to obtain a new cell-to-cell distance matrix 
and final tree structure that connects all cells. Branches are determined by traversing 
the final tree and identifying major splits. 
 
Input is the expression data of 14,896 cells that we consider post-mitotic based on 
maturation score and cell cycle score. For the analysis, we considered all 8427 
genes that were detected in at least 1% of the cells. We clipped the normalized 
expression to the interval [-10, 10] and, using Euclidean distance, carried out 
dimensionality reduction as outlined above. We performed multiple runs of 
constructing an MST using a random set of 5000 cells each time. The process is 
repeated until each pair of cells has been sampled at least three times (137 
bootstraps). We combined the MSTs by averaging the cell-to-cell distances along the 
tree structures, followed by multidimsional scaling (MDS) to two dimensions. In 
theory, the MDS was not necessary, but in practice we observed a more robust final 
consensus MST on the MDS coordinates than on the averaged cell-to-cell distances. 
The consensus MST is given directionality by choosing the cell with the lowest 
maturation score as the root. 
 
To determine significant branches, we traversed the tree starting from the root. Any 
cell that has outgoing edges to two or more cells is a potential branch point. 
However, we considered branches only significant when the number of cells in the 
branch is at least 15% of all cells in the MST. We only marked cells that are 
connected to two or more significant branches as branch points. 

Mapping E18 cortex and subcortex cells to branches	
To quantify the similarity of E18 cortical and subcortical cells to the cells assigned to 
branches we mapped E18 cells to the branches using branch defining genes and a 
k-nearest-neighbor classifier. We derived the list of branch defining genes from all 



pairwise differential expression tests between branches (1 vs 2, 1 vs 3, 2 vs 3), 
where we used an FDR adjusted p-value cutoff of 10GH and an absolute log-fold 
change of 1.2 to obtain a list of 290 genes (union of all pairwise comparisons). Using 
only these genes, we combined the expression data from branch cells and E18 
(separate for cortex and subcortex), and performed dimensionality reduction, 
followed by standardization of all significant dimensions. To transfer the branch label 
to E18 we used a k-nearest neighbor classifier with k=31. This assigned each E18 
cell a branch label based on the one with the highest frequency among the 31 
closest branch cells. 

Clustering of cells in branches	
We also wanted to investigate the presence of further heterogeneity within the 
branch cells that we could not detect by the large-scale branch analysis of all 
postmitotic cells. We first detected genes that were highly variable within the 
branches and across all branch cells. We used the method as outlined in the section 
“Initial clustering of all cells” separately on individual branches and all branch cells, 
but required each gene to be detected in at least 1% of the cells, and changed the 
standardized residual threshold to 1.5. This resulted in a list of 835 variable genes 
(the union of four lists). For these selected genes, we re-normalize the expression, 
as normalization is relative to all cells and we were now working with a unique 
subset of 7,727 precursor cells compared to the 36,737 cells in the entire data set. 
This also allowed us to include maturation score as an additional variable in the 
negative binomial regression during normalization to mitigate the effect of overall 
maturation on the clustering. We did not want to cluster along the maturation 
trajectory, but instead wanted to find clusters of cells that co-exist at the same time 
during development. 
 
As we were clustering cells from a continuous process, we wanted to emphasize 
robustness and carried out a bootstrapped version of the routine used for initial 
clustering of all cells. At each bootstrap, we randomly sampled 80% of the cells and 
clustered them using modularity optimization with Jaccard similarity and a 
neighborhood size of 61 (1% of the number of cells in each bootstrap). After 22 
bootstraps, each pair of cells had been sampled at least ten times, and we combined 
the bootstraps by creating a cell-to-cell co-clustering frequency matrix (# times two 
cells were in the same cluster / # times they were in the same bootstrap sample). 
Finally, we use the frequency information as weights in a last modularity optimization 
clustering. 

Clustering of E18 cortex and subcortex cells 
To assess the heterogeneity of the ganglionic eminence derived cells at E18 we also 
clustered the cortex and subcortex data. At that time point we expected to find more 
distinct cell types and did not employ a bootstrapped approach, as that would 
decrease our ability to find small groups of cells. We used the same set of 835 
variable genes as for branch cells and clustered cortex and subcortex cells 
separately using modularity optimization with Jaccard similarity and a neighborhood 
size of 1% of the number of cells. 



Mapping E18 cortex and subcortex cells to cardinal clusters 
To test whether the clusters that we identified in the branches represent distinct 
cardinal classes of precursor cells that form the basis of later stage heterogeneity, 
we mapped the E18 cells to branch cell clusters. Mapping was carried out using the 
same 835 genes as were used for clustering, and using the same method as for 
mapping E18 cells to branches (joined dimensionality reduction followed by k-
nearest neighbor classifier). 
 
As the cells of every E18 cluster tend to map to just one E13 cluster the hypothesis 
that E13 clusters represent cardinal classes is supported. In some cases, multiple 
E18 clusters map to the same E13 cluster suggesting a further differentiation of the 
cardinal classes during progression from E13 to E18. 
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