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SUMMARY

We propose that the teratoma, a recognized standard for validating pluripotency in stem cells, could be a
promising platform for studying human developmental processes. Performing single-cell RNA sequencing
(RNA-seq) of 179,632 cells across 23 teratomas from 4 cell lines, we found that teratomas reproducibly
contain approximately 20 cell types across all 3 germ layers, that inter-teratoma cell type heterogeneity is
comparable with organoid systems, and teratoma gut and brain cell types correspond well to similar fetal
cell types. Furthermore, cellular barcoding confirmed that injected stem cells robustly engraft and contribute
to all lineages. Using pooled CRISPR-Cas9 knockout screens, we showed that teratomas can enable simultaneous assaying of the effects of genetic perturbations across all germ layers. Additionally, we demonstrated that teratomas can be sculpted molecularly via microRNA (miRNA)-regulated suicide gene expression to enrich for specific tissues. Taken together, teratomas are a promising platform for modeling multilineage development, pan-tissue functional genetic screening, and tissue engineering.

INTRODUCTION
Current understanding of early human development relies heavily on inference from animal models. Model systems such as
frogs (Vastag et al., 2011), fish (Farrell et al., 2018), and mice
(Cao et al., 2019; Pijuan-Sala et al., 2019) have demonstrated
that many features of early embryogenesis are evolutionarily
conserved across species (Lin et al., 2009; Peter and Davidson,
2011; Royo et al., 2011). However, several aspects of development are highly species-specific, especially in neural development (Raff, 1996; Richardson et al., 1997; Fougerousse et al.,
2000; Hodge et al., 2019) Although there have been studies of
human embryonic development (Miller et al., 2014; Zhu et al.,
2018), such studies are limited by a scarcity of relevant biological
material and key ethical constraints. There has thus been a push
to establish models specific to human development.
Human pluripotent stem cells (hPSCs), such as embryonic
stem cells (ESCs) or induced PSCs (iPSCs), have been used as
developmental models by directing differentiation of ESCs or
iPSCs into various cell types. These studies have shed light on
processes such as lineage bifurcation (Yao et al., 2017) and heterogeneity (Wang et al., 2017) during human neuronal development as well as the presence of discrete cell states during early

ESC differentiation (Jang et al., 2017). Additionally, perturbation
screens in these cell culture models have looked at the key regulators of differentiation (Parekh et al., 2018) and reprogramming
(Tsunemoto et al., 2018). However, true human development
takes place in 3 dimensions, which is difficult to capture with a
2-dimensional monolayer (Brown et al., 2018; Liu et al., 2018).
In this regard, newer methods for modeling human development use organoid systems. Organoids are 3D ‘‘mini-organs’’
derived from hPSCs in which the cells spontaneously selfassemble into differentiated, functional cell types that structurally and functionally mimic their in vivo counterparts (Huch and
Koo, 2015; Clevers, 2016; Yin et al., 2016; Dutta et al., 2017;
Huch et al., 2017; Fligor et al., 2018; Capowski et al., 2019; Collin
et al., 2019). Use of organoids has enabled researchers to model
human-specific development in a 3D context, which is especially
beneficial for modeling rare genetic diseases or cancers (Dekkers et al., 2013; Bigorgne et al., 2014; Gao et al., 2014; Bartfeld
et al., 2015; Boj et al., 2015; Huch and Koo, 2015; van de Wetering et al., 2015; Yin et al., 2016; Huch et al., 2017). However, tissue types derived from organoids may be immature (Chambers
et al., 2013; Aurora and Spence, 2016) and limited in thickness
and scale because of the absence of abundant vasculature.
Additionally, most organoid models can only generate a single
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or few developmental lineages (Yin et al., 2016; Jabaudon and
Lancaster, 2018; Sato et al., 2009, 2011; Jung et al., 2011; Yin
et al., 2016). In this regard, gastruloids, which model early anteroposterior organization, can recapitulate all germ layers, but
they are unable to model later stages of development (Moris
et al., 2020).
Here, we propose use of teratomas as a potential model for
studying human development (Lensch et al., 2007). Teratomas
display multi-lineage differentiation to all germ layers, have a
vascularized 3D structure and regions of complex tissue-like organization, and are relatively straightforward to implement. Early
teratoma research revealed that teratomas derive from pluripotent germ cells that resemble embryonic cells (Stevens, 1962,
1967; Thurlbeck and Scully, 1960; Stevens and Pierce., 1975).
hPSC-derived teratomas are generated by directly injecting
hPSCs into immunodeficient mice, where the cells attach and
differentiate in a semi-random fashion into all three germ layers
(Willis, 1934, 1936; Thurlbeck and Scully, 1960; Böcker, 2002).
In this regard, teratoma formation is the gold standard to validate
pluripotency and developmental potential of hPSC lines (Smith
et al., 2009; Avior et al., 2015).
Leveraging this, there has also been some progress in utilizing
the inherent differentiation potential of teratomas to derive highly
sought after cell types. For instance, teratomas have been used
recently to derive skeletal myogenic progenitors by injecting
hPSCs into the tibialis anterior muscle of mice to enrich for muscle cell types in the teratomas that formed in those muscles
(Chan et al., 2018). Additionally, some groups have successfully
enriched for hematopoietic stem cells (HSCs) from teratomas by
using strategies such as human umbilical vein endothelial cell
(HUVEC) pooling (Suzuki et al., 2013; Tsukada et al., 2017; Philipp et al., 2018; Amabile et al., 2019). However, the semi-random
nature of teratoma development has previously made characterization of teratomas difficult, especially as different lineages can
often be found in close spatial proximity.
We hypothesized that the advent of high-throughput singlecell gene expression profiling via droplet-based methods (Klein
et al., 2015; Macosko et al., 2015; Cao et al., 2017; Rosenberg
et al., 2017, 2018; Zheng et al., 2017; Ding et al., 2019) and simple genetic engineering toolsets such as CRISPR-Cas9 could
enable us to address this challenge by enabling systematic analysis and perturbation of teratomas at the single-cell level (Qi
et al., 2013; Adamson et al., 2016; Black et al., 2016; Dixit
et al., 2016; Chen and Qi, 2017; Datlinger et al., 2017; Akcakaya
et al., 2018; van Dijk et al., 2018). Coupled with histology and
RNA in situ hybridization, we established a comprehensive
experimental and computational framework to systematically
analyze, perturb, and modulate hPSC-derived teratomas to evaluate their potential for modeling human development and lineage engineering.
RESULTS
Teratoma Characterization
We first characterized teratomas to better understand their
growth kinetics, constituent cell types, and spatial organization.
We generated 7 teratomas using H1 ESCs, identified cell types
using single-cell RNA sequencing (RNA-seq), and validated
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these cell types and assessed their spatial organization with histology and RNA fluorescence in situ hybridization (FISH). To
generate a teratoma, we made a subcutaneous injection of 5–
10 million hESCs into Rag2/;gc/ immunodeficient mice (Figure 1A; STAR Methods). Kinetic trajectories show that it takes an
average of around 37 days until we can begin to outwardly see
and measure tumor size. We grew the teratomas for up to
70 days until the tumors were of a sufficient size for extraction
and downstream analyses (820 mm2; Figure 1B). Post-extraction, tumors were weighed, inspected, and sectioned (Figure 1C;
STAR Methods). We used histology to validate the presence of
all 3 germ layers (ectoderm, mesoderm, and endoderm) to
confirm pluripotency (Figure 1D; STAR Methods). An independent histology analysis also revealed structures such as developing airways, retinal pigment epithelium and neurons, fetal
cartilage and bone, muscle, vasculature, gastro-intestinal (GI)
tract, connective tissue, adipocytes, and neuroectoderm (Figure S1A). The remaining tissue was dissociated for single-cell
RNA-seq with the droplet-based 10X Genomics Chromium platform (Zheng et al., 2017).
To analyze the resulting sequencing data, we generated single-cell gene expression matrices across the 7 teratomas for human and mouse cells using the CellRanger (Zheng et al., 2017)
pipeline from 10X Genomics (STAR Methods; Figure 1A; Table
S1A). We removed any teratoma-specific batch effects by using
the Seurat data integration pipeline (Stuart et al., 2019) and then
clustered the cells using Louvain clustering (Houle et al., 2010).
We generated a rough biological annotation of the clusters using
a k-nearest neighbors classifier trained on the Mouse Cell Atlas
and manually refined the cluster annotations using canonical
cell type markers (Han et al., 2018b; Stuart et al., 2019; Tables
S2A–S2E). We sub-clustered a cell type expressing ciliated
epithelial markers with divergent expression of airway and retinal
markers and identified airway epithelium, retinal epithelium, and
erythrocytes (Table S2F). We then visualized human and mouse
cells with a uniform manifold approximation and projection
(UMAP) (Becht et al., 2018) scatterplot (Figure 1E). In human
cells, we identified 23 putative cell types across all three germ
layers, including endodermal cell types (gut epithelium), ectodermal cell types (early neurons), and an abundance of mesoderm-like cell types that expressed mesenchymal stem cell
(MSC)/fibroblast markers, most notably the canonical MSC
marker THY1 (An et al., 2018; Figure 1E; Figure S1B; Tables
S3A and S3B). We annotated these putative MSC/fibroblast
(Fib) cell types as adipogenic (ITM2A, SHOX2), chondrogenic
(COL2A1, SOX9), myofibroblasts (COL15A1), or cycling
(HMGB2) (Table 1; Table S3C). We visualized the expression of
canonical marker genes for each cell type to assess the robustness of our preliminary cell type annotations (Table 1; Figure S1C;
Table S3C; STAR Methods).
We further validated the cell type annotations by correlating
the expression of each teratoma cell type with the expression
of cell types from the Mouse Organogenesis Cell Atlas (Cao
et al., 2019), demonstrating that each teratoma cell type generally correlates with at least one fetal mouse cell type (Figure S1D).
Although most of the teratoma cell types correlate with the expected mouse cell type, there are some discrepancies that
may be due to differences in developmental stage, mouse/
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Figure 1. Comprehensive Teratoma Characterization
(A) Schematic of the general workflow. Subcutaneous injection of H1 hPSCs in a slurry of Matrigel and ESC medium was made in the right flank of Rag2/;gc/
immunodeficient mice. Weekly monitoring of teratoma growth was quantified by approximating elliptical area (square millimeters). Tumors were extracted after 8–
10 weeks of growth and observed for external heterogeneity before small sections were frozen for H&E staining. The remaining tumor was dissociated into a
single-cell suspension via a standard GentleMACS (magnetic cell separation) protocols. A single-cell suspension was used for scRNA-seq (10X Genomics).
(B) Growth kinetics of four H1 teratomas.
(C) Images of four teratomas generated from H1 cells.
(D) H&E stains of the four teratoma histology sections. The presence of ectoderm, mesoderm, and endoderm confirmed pluripotency and developmental
potential.
(E) UMAP visualization of cell types identified from scRNA-seq of the seven H1 teratomas. Dotted lines separate the cell types originating from each of the 3 germ
layers.
See also Figures S1.
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Table 1. Summary of Cell Type Validations

Germ
Layer

Broad Cell Type
(Used for CRISPR
Screen and
miRNA Analysis)

Cell Type

Ecto

neural prog

radial glia
CycProg
(cycling neural prog)

neurons

Endo

Meso

Cells
(H1 and
Cell Line
Teratomas)

Minimal
Marker Set

RNA FISH
Marker
Validation

2,579

SOX2, HES5

HES5

1,619

SOX2, HMGB2

early neurons

6,010

DCX, MAP2

493

OTX2, NRL

DCX
yes
yes

retinal epi

7,238

OTX2, MITF, FOXJ1

Schwann cell
prog (SCP)

Schwann cells

174

MPZ

melanoblasts

200

MITF, SOX10, MLANA

foregut epi

foregut epi

584

ELF3, PAX9, KRT4

airway epi

76

FOXJ1, CDHR3

FOXJ1
CDX2

mid/hindgut epi

mid/hindgut epi

1,742

ELF3, CDX2

immune

1,490

CD74

HSC

140

CD34, HHEX

erythrocyte

834

GYPA

adipogenic MSC/Fib

6,487

THY1, ITM2A, SHOX2

muscle
pericytes
smooth muscle

yes

retinal neurons

hematopoietic

chondrogenic MSC/Fib

587

THY1, COL2A1, SOX9

MSC/Fib

8,046

THY1, COL14A1

cycling MSC/Fib

4,010

THY1, HMGB2

MyoFib

3,329

THY1, COL15A1

muscle prog

1,276

MYOD1, PAX7

cardiac/skeletal muscle

528

MYOD1, TNNI1, TNNT2

pericytes

1,053

FOXC1, CYP1B1

smooth muscle

550

ACTA2, RGS5

kidney prog

153

WT1

Mapped to
Fetal Human
Data
yes

retinal epi

MSC/Fib

Identified
in Histology
Analysis

yes

yes
yes
yes

yes
THY1
yes
yes
TNNT2

yes
yes

See also Figures S1 and S3.

human-specific expression, as well as the fact that a broad correlation analysis may not be able to distinguish closely related
cell types (Figure S1D). For example, HSCs from the teratoma
correlate with fetal mouse endothelial cells, potentially reflecting
their similar developmental origins (Zovein et al., 2008). The
MSC/Fib subtypes as well as pericytes broadly correlate with
the same block of mesenchymal fetal mouse cell types, which
also reflects their similar developmental origins (Cathery et al.,
2018). Retinal pigment epithelia are a type of ependymal cell
and thus correlate accordingly (Wolburg et al., 2009). Melanoblasts and retinal neurons are also derived from the neural crest
and may share some marker genes, such as MITF, although they
are not as closely related as the other cell type correlations discussed previously (Goding, 2000; Mort et al., 2015). Finally, kidney progenitors do not correlate well with any fetal mouse cell
type, although there were no kidney cell types in the fetal mouse
data at the level of annotation we used (Figure S1D).
Overall, we used canonical marker genes and mouse cell atlases to generate a preliminary annotation of the cell types
found in the teratoma single-cell RNA-seq (scRNA-seq) datasets. We provide a summary table of the key marker genes
and the experimental and computational validations performed
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on each cell type in Table 1. In mouse cells, we primarily
observed infiltrating immune cells, endothelial cells, and stromal cells (Figure S1E).
Assaying Teratoma Heterogeneity
Assessing heterogeneity between teratomas (especially between teratomas generated from different stem cell lines) is critical for assessing the reproducibility and utility of this model. We
generated additional teratomas (Figure 1A) with H9 ESCs,
HUES62 ESCs, and PGP1 iPSCs and assessed the cell type
composition of the teratomas (Figure 2A; Table S1B). We ran
10X sequencing on each teratoma, integrated the expression
profiles, classified cell types using the H1 teratomas as a reference, and visualized the cell types with a UMAP scatterplot (Figure 2B) while also showing the relative contribution of each cell
line teratoma to the UMAP embedding (Figure S2A). We also assessed the distribution of cell types represented in each individual H1 teratoma alongside the H9, HUES62, and PGP1 teratomas (Figure 2C; Figure S2B). We then compared the germ
layer representation between all teratomas using zebrafish and
Mouse Organogenesis Cell Atlas single-cell datasets as references (Wagner et al., 2018; Pijuan-Sala et al., 2019; Figure 2D).
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Figure 2. Assaying Teratoma Heterogeneity
(A) Schematic portraying generation of teratomas from multiple cell lines and process for identifying how lines contribute to cell types.
(B) UMAP scatterplot of all cell types present across 3 hPSC lines (H9, HUES62, and PGP1).
(C) Distribution of cell types represented in each individual H1 teratoma, as well as the H9, HUES62, and PGP1 teratomas.
(D) Distribution of germ layer representation in each individual teratoma (along with zebrafish and mouse comparison).

(legend continued on next page)
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Teratomas are comprised mostly of mesoderm and neuroectoderm, with less endoderm (Figure 2D). The mesoderm is primarily from MSCs/Fibs in H1 teratomas, whereas teratomas from
different cell lines show more variability in terms of the MSC/
Fib fraction (Figure 2D; Figure S1B). The relatively low fraction
of endoderm in the teratomas as well as the zebrafish and mouse
embryo models indicates that endoderm is less prevalent during
early development (Figure 2D). Qualitatively, although there is
variability in cell type representation among the different teratomas, every teratoma contains most of the major cell types (Figure 2C). By computing the scaled mutual information between
cell type assignments and teratoma assignments, we can
compute a quantitative metric of this heterogeneity across teratomas (Figure 2E; Kim et al., 2016). We find that the cell type heterogeneity across the H1 teratomas is similar to that of patterned
brain organoids (Velasco et al., 2019), whereas the teratomas
generated from different cell lines have a much higher level of
heterogeneity (Figure 2E). Interestingly, line-specific kinetics
were present in regard to teratoma growth, with PGP1 teratomas
growing the fastest and HUES62 the slowest (Figure S2C). Some
of this accelerated growth may be due to chromosomal abnormalities, because karyotyping has shown that the PGP1 line
has material translocated to 7q34 (BRAF) (Figure S2D).
Another key question in teratoma formation is how many cells
engraft after stem cell injection. To determine this, for 3 of the 7
H1 ESC teratomas, prior to hPSC injection, cells were transduced with an integrating lentiviral open reading frame (ORF)
barcode that can be detected by scRNA-seq (Guo et al., 2018;
Figure 2F; Figure S2E). With this barcoding scheme, cells can
be labeled individually prior to teratoma formation, and their descendants can be captured after formation via scRNA-seq.
Transduced hPSCs were split evenly: half for teratoma formation, and half were frozen down for DNA sequencing. By
comparing unique barcodes extracted from genomic DNA in
these two cell populations, we can calculate the proportion of
cells that engraft. The results showed that, across the three teratomas, over 25% of cells engraft of a total of 10 million injected
cells, which suggests that no major bottlenecking occurs during
teratoma formation (Figure S2F).
We next tracked barcodes in individual cells by amplifying the
expressed barcode from the scRNA-seq library. Because cells
from the teratoma with the same barcode originated from the
same hPSC, we were able to track whether certain hPSCs
were primed to develop into certain lineages. For each cell
type, we computed a barcode bias score, which reflects the level
to which barcodes tend to be enriched or depleted in that cell
type, and plotted this barcode bias along with the total number
of barcodes detected in each cell type (Figure 2G; STAR
Methods). For each cell type, we also computed a teratoma

bias score, which reflects how much the proportion of that cell
type varies across teratomas, and plotted the correlation of the
teratoma bias score with the barcode bias score (Figure 2H;
STAR Methods). We found that retinal epithelium is an outlier
with a high teratoma bias and a high barcode bias (Figure 2H).
Myofibroblast cells also have a relatively high barcode and teratoma bias score, whereas early neurons, radial glia, and mid/
hindgut have a high teratoma bias score (Figure 2H). The barcode bias and teratoma bias scores are scaled by the number
of cells for each cell type (STAR Methods).
In summary, we found that teratomas generally contain the
same major cell types at 10 weeks of growth: a large fraction
of MSC/Fib and neuronal cell types and a small fraction of endoderm. Retinal pigment epithelium (RPE) shows a high degree of
variability across teratomas and a high level of lineage priming.
Notably, the level of heterogeneity between teratomas generated from H1 stem cells is comparable with that observed in organoids (de Souza, 2017; Quadrato et al., 2017; Velasco et al.,
2019), but there is a much higher level of heterogeneity among
teratomas derived from different hPSC lines. This reflects known
epigenetic variability across those lines (Ortmann and Vallier,
2017). Taken together, cellular barcoding confirmed that injected
stem cells robustly engraft and contribute to all lineages. This is
especially important in the context of using teratomas in highthroughput genetic screens, because one must ensure that there
are enough cells contributing to the final tumor so that elements
of the genetic screen are not lost due to undersampling, and that
majority of the cells retain developmental potential.
Assaying Teratoma Maturity
We next assessed the transcriptional similarity of the teratoma
cell types to human fetal cell types using published scRNA-seq
datasets from the human neuroectoderm and gut to determine
their utility as a tool for modeling human development. We
looked at which human embryonic stage the 10-week teratoma
cell types most resemble, projected the teratoma data onto the
fetal data to assess global transcriptional similarity, and
compared the expression of key cell type marker genes
(Figure 3A).
Because of the semi-random nature of teratoma differentiation, it is possible that different cell types resemble different
stages of embryonic development. Thus, we analyzed individual
tissue types separately, looking specifically at the teratoma
neuro-ectoderm and gut cell types in depth. We first sub-clustered the neuro-ectoderm cells and identified additional subtypes, including a cluster of early interneurons (Figure 3C; Table
S2G). We then compared the average expression of all cells
belonging to neural subtypes with the average expression of
the same subtypes in a 2,300-cell fetal brain dataset at different

(E) Normalized entropy represents how well cell type assignments are mixed with teratoma/organoid/cell line identities. A higher normalized entropy implies less
cell type variation between teratomas/organoids/cell lines. The cell line teratomas include one teratoma each generated from the HUES62, H9, and PGP1 lines.
(F) H1 cells were uniquely barcoded with lentiviral vectors at low MOI before teratoma formation. The barcodes were counted and assessed for lineage/cell type
priming of cells.
(G) Number of unique barcodes detected in each cell type plotted along with the cell type bias for specific barcodes (computed using the Kullback-Liebler [KL]
divergence of cell type identities, with barcode identities scaled by the number of cells in each cell type). Cell types are colored by germ layer.
(H) Teratoma bias for each cell type plotted against barcode bias. Cell types are colored by germ layer.
See also Figure S2.
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stages of development (Zhong et al., 2018; Figures 3A and 3B).
We found that teratoma neuronal cells had scores highly similar
to the human prefrontal cortex at gestational weeks 13–17 with
the highest score for weeks 16–17 (Figure 3B). Because of the
high similarity to week 16–17 human data, we identified the teratoma subtypes (radial glia, cycling progenitors, early neurons,
and early interneurons) that matched with the cell types seen in
a larger, 40,000+-cell, week 17–18 dataset from the human prefrontal cortex for further analysis (Polioudakis et al., 2019; Figures 3A and 3C).
We then generated similarity weighted non-negative embedding (SWNE) of week 17–18 human prefrontal cortex cells and
projected teratoma cells from the matching subtypes onto the
fetal human SWNE (Figures 3A and 3D; Wu et al., 2018). We
found that similar cell types map to similar spatial positions in
the SWNE, suggesting overall similar expression patterns,
although the teratoma SWNE shows some overlap between
cycling progenitors and radial glia as well as early interneurons
and excitatory neurons (Figure 3D). Additionally, the teratoma
radial glia cells project onto the fetal intermediate progenitors
(Figure 3D).
To further assess the similarity of the teratoma neuro-ectoderm cell types to the fetal prefrontal cortex cell types, we
defined a panel of neuronal cell type marker genes (DCX, NEUROD1, HES5, SOX2, HMGB2, VIM, and DLX1) and then
correlated the expression of these marker genes between the
teratoma cells and fetal brain cells for every matched cell type
(Figures 3A and 3E). We found a fairly high correlation overall,
with R = 0.82 for radial glia, R = 0.93 for cycling progenitors,
R = 0.84 for interneurons, and R = 0.77 for early neurons (Figure 3E). We also looked at the cell type proportions in the fetal
prefrontal cortex versus the teratoma, showing that the teratoma
has far more progenitor cells, such as radial glia, and fewer early
neurons with no detectable mature neurons (Figure 3F). We also
ran a differential expression as well as a gene set enrichment
analysis between the matched teratoma and fetal prefrontal cortex cell types to assess the differences between the teratoma
and fetal cells (Figures S3A and S3B). All four cell types showed
similar top differentially expressed genes as well as gene sets,
suggesting that the main differences between the teratoma
and fetal cells are global and not cell type specific (Figure S3A;
Figure 3B). The teratoma cells have a higher expression of genes
related to organ morphogenesis, whereas the fetal cells express
genes related to methylation, suggesting that the teratoma cells

may not have the same epigenetic signatures as fetal cells (Figures S3A and S3B).
This analysis was repeated with teratoma gut subtypes using a
published fetal gut dataset as a reference (Gao et al., 2018). The
teratoma gut cells were most similar to gestational week 8–11
gut age (Figure S3C). We compared marker genes for gut cell
types (CDX1, CDX2, HHEX, FOXJ1, PAX9, and SOX2) between
teratoma and fetal cells and found a high overall correlation,
with R = 0.98 for foregut and R = 0.98 for mid/hindgut (Figure S3D). Projecting fetal gut data onto the teratoma SWNE
again resulted in relatively similar spatial positioning (Figure S3E).
We see that the teratoma produces less foregut and more mid/
hindgut than the fetal gut (Figure S3F). When looking at the differences between the teratoma and fetal gut cells, we again see
that the fetal cells express more methylation-related genes (Figures S3G and S3H). In this case, the teratoma cells express more
genes related to RNA/DNA metabolism (Figures S3G and S3H).
To further validate these results, we used RNAScope in situ hybridization (ISH) to probe for the radial glia marker HES5 and the
early excitatory neuron marker DCX, which both showed high
abundance in regions of neuro-ectoderm in fixed teratoma tissue
sections (Figure 3G). Probes for the genes POLR2A, PPIB, and
UBC were used as positive controls and the bacterial marker
DapB as a negative control (Figure 3H). Additionally, we probed
for FOXJ1 (cilia), CDX2 (intestine epithelium), TNNT2 (cardiac),
and THY1 (mesenchyme/Fib) in ciliated airway epithelium, intestinal villi, developing cardiac muscle, and mesenchyme, respectively (Figure S3I). We were able to visualize a high abundance of
the respective RNA transcripts and confirm the identity of the
respective tissue using H&E staining and histology (Figure S3I).
Overall, we were able to show that the teratoma neuro-ectoderm
and gut cell types are transcriptionally similar to their fetal counterparts while also identifying the developmental stage of the
teratoma cells. We validated the presence of six cell types (2
per germ layer) using RNAScope ISH and histology, which also
showed that these cell types contain some degree of spatial organization (Figure 3G; Figure S3I; Table 1). Thus, we were able to
further validate the teratoma neuro-ectoderm and gut cell types
by mapping them onto reference fetal human scRNA-seq datasets and probing the spatial expression of the canonical marker
genes DCX, HES5, and CDX2 (Table 1; Table S3C). We also
probed the spatial expression of FOXJ1, TNNT2, and THY1, adding more evidence to the ciliated epithelium, cardiac muscle, and
MSC/Fib cell type annotations (Table 1; Table S3C).

Figure 3. Assaying Teratoma Maturity
(A) Teratoma neuro-ectoderm cell types were mapped to fetal cortical cell types, and the corresponding teratoma cell types were projected onto SWNEs of fetal
cells. Key marker genes were correlated across matching teratoma/fetal cell types, and average expression of teratoma cell types was correlated with fetal cell
types from different stages of development.
(B) Cosine similarity of teratoma brain cells with fetal brain cells of different ages.
(C) UMAP embedding of teratoma neuro-ectoderm sub-clusters (Table S2G).
(D) Projection of teratoma neuro-ectoderm cell types onto the SWNE of fetal cortical cells.
(E) Correlation of the scaled expression of key marker genes across radial glia, cycling progenitors, early neurons, and interneurons. Marker genes are colored by
their corresponding cell type.
(F) Fraction of brain-related cell types in the teratoma and fetal cortex.
(G) H&E stain (left) and RNAScope image (right) of HES5 (radial glia marker, top) and DCX (early neuron, bottom) expression. DAPI is a nuclear stain. 4–10 punctate
dots/cell is a positive result. Dots were dilated using ImageJ. Scale bars, 50 mM.
(H) Positive (top) and negative (bottom) RNAScope control staining. DAPI is a nuclear stain. 4–10 punctate dots/cell is a positive result. Scale bars, 50 mM.
See also Figure S3.
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Engineering Teratomas via Genetic Perturbations
To establish the utility of the teratoma system as a model for human development, we next performed a single-cell genetic
knockout screen using CRISPR-Cas9. Specifically, we focused
on 24 major organ/lineage specification genes that are embryonic lethal upon knockout in mice (Table S4A). Studying the effects of these genes using cell lines or organoid models would
typically require different experiments and different models for
each cell lineage because even a single gene can have functions
across multiple cell types and even different germ layers. With
the teratoma model, we can, in principle, screen the effects of
these genetic perturbations in all major cell lineages and germ
layers in the same experiment. Using the CRISPR droplet
sequencing (CROPseq) Guide-Puro vector backbone, we
cloned in 48 individual single guide RNAs (sgRNAs) directed at
each developmental gene (2 sgRNAs per gene) (Datlinger
et al., 2017; Figure 4A; Table S4B). We also designed a stable
Cas9-expressing iPSC line (PGP1) to prevent Cas9 silencing
(Figures S4A and S4B; STAR Methods). After creating a pooled
lentivirus library with our sgRNAs, we transduced our engineered
PGP1-Cas9 line at a MOI of 0.1 so that each cell received
approximately one perturbation (Figure 4A). After selection,
these cells were injected subcutaneously into 3 Rag2/;gc/
immunodeficient mice for teratoma formation, extraction, and
downstream scRNA-seq processing with 10X Genomics
(Figure 4A).
We validated the editing efficiencies of all of our guide RNAs
using PCR amplification of the expected cut site and looked
for mutations and insertions or deletions (indels) with CRISPResso (Tables S4C and S4D; STAR Methods). We then selected
the top guide targeting each gene, which resulted in a total of 16
guides (Tables S1C, S4C, and S4D; STAR Methods). We then
only used these validated guides for further computational analysis. To assess the reproducibility of our results, we also reran
the CRISPR knockout (KO) screen by repooling these validated
guides and generated 3 additional teratomas (Figure 4A; Table
S1D; STAR Methods). We successfully captured a median of

118 cells per gene/guide in the original screen and 1,280 cells
per gene/guide in the replicate screen (Figure S4C). We were
able to capture more cells per guide in the replicate screen
because we only pooled the top 16 guides, whereas the original
screen had a total of 48 guides (STAR Methods).
To ensure consistent cell types across teratomas, we integrated all six teratomas across the original and replicate screen
using Seurat v.3 (Stuart et al., 2019). We then called cell types in
the PGP1 teratoma cells using Seurat label transfer with the 7 H1
teratomas as a reference and collapsed developmentally similar
cell types (Figure S4D; STAR Methods). To determine the total
effect of each KO, we measured the difference in cell type
composition between cells in each gene KO with all cells
belonging to the non-targeting control (NTC) separately for
each screen using earth mover’s distance (EMD) (Chen et al.,
2020; Figure 4A; STAR Methods). For the original and replicate
screen, we ran a ridge regression model to assess the effects
of each gene KO on cell type enrichment/depletion (Dixit et al.,
2016; Figure 4A; STAR Methods). For each gene, we plotted its
EMD along with the Pearson correlation of the regression coefficients for the original screen and the replicate screen, giving us a
sense of the effect size and reproducibility of each gene KO (Figure 4B; STAR Methods). We also see that gene KOs with strong
effect sizes tend to be more reproducible (R = 0.59) (Figure 4B;
STAR Methods). We highlighted genes with a Pearson correlation of greater than 0.4 between the original and replicate screen
for further analysis (Figure 4B).
For the highlighted genes TWIST1, RUNX1, CDX2, KLF6, and
ASCL1, we wanted to identify the gene KO effects on cell types
that were statistically significant. We merged the cells from both
screens and ran a combined ridge regression analysis,
computing p values using a permutation test and false discovery
rates using the Benjamini-Hochberg correction (STAR Methods).
We then visualized all gene KO effects with a false discovery rate
(FDR) of less than 0.1 (Figure 4C; STAR Methods).
CDX2 is known to be important for development of the midgut
and hindgut (Silberg et al., 2002; Gao et al., 2009a). Our data

Figure 4. Engineering Teratomas via Genetic Perturbations and miRNA-Based Molecular Sculpting
For a Figure360 author presentation of this figure, see https://doi.org/10.1016/j.cell.2020.10.018.
(A) PGP1-Cas9 iPSCs were transduced with a CRISPR library targeting a panel of 16 key developmental genes with 1 sgRNA per gene. After generating 3
teratomas with the PGP1-iPSCs, scRNA-seq was used to identify shifts in cell type formation as a result of gene KOs. We repeated this process with 3 additional
teratomas to serve as a replicate screen.
(B) Average effect of gene KO on cell type enrichment/depletion versus the correlation of cell type enrichment between the original screen and replicate screen.
Genes with a reproducibility greater than 0.4 (STAR Methods) were selected for further analysis and are highlighted in red. NTCs are highlighted in blue.
(C) A heatmap of the effect size (regression coefficient) of gene KO enrichment for cell types and germ layers. The effect size represents to the level of cell type
enrichment (red) or depletion (blue).
(D) Scatterplot of individual guide RNA effects on cell type abundance for the selected genes TWIST1, RUNX1, CDX2, KLF6, and ASCL1. Cell types are colored by
their germ layer.
(E) Schematic of the miRNA-HSV-tk-GFP construct. 2A encodes for a self-cleaving peptide. Upon transcription, the expression is diminished when corresponding endogenously expressed miRNA is present in the cell.
(F) Schematic of how a developing teratoma forms in the presence of ganciclovir (GCV; 80 mg/kg/day; STAR Methods) when cells were transduced with a neuralspecific miRNA-HSV-tk construct.
(G) Quantification using flow cytometry and gating based on the presence or absence of GFP in 35-day self-patterned whole-brain organoid single cells
transduced with HSV-tk-GFP control (red) or miR-124-HSV-tk-GFP (blue).
(H) In vivo studies of miR-124-HSV-tk-GFP teratomas in the presence of GCV administration (80 mg/kg/day; STAR Methods) using intratumoral (IT, red) and both
intratumoral and intraperitoneal (IPIT, teal) injection methods. A heatmap shows cell type fraction log fold change for each teratoma replicate compared with a
control miR-124-HSV-tk-GFP teratoma in the absence of GCV. Z scores for each cell type fraction change are plotted as well, with standard deviations calculated
using a pooled variance (STAR Methods).
See also Figures S4 and S5.
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show that cells with a CDX2 are enriched in the foregut and
depleted in the mid/hindgut, which lines up with past literature
reports that CDX2 KO shifts the gut differentiation pathway
away from intestine and toward gastric activation (Simmini
et al., 2014; Kim and Shivdasani, 2016; Figures 4C and 4D).
TWIST1 showed the largest effect size and is a known transcription factor for epithelial-to-mesenchymal transition (EMT), which
is important in development as well as metastatic cancers (Figure 4B; Yang et al., 2004; Kalluri and Weinberg, 2009). Our
screen found that cells with TWIST1 KO are depleted in mesodermal cell types (muscle, smooth muscle, pericytes, and
MSCs/Fibs) and enriched in neuro-epithelium (retinal epithelium
and neurons), confirming prior studies that have identified
TWIST1 as key for mesodermal specification (Qin et al., 2012;
Figures 4C and 4D). We see that RUNX1 KO results in depletion
of neurons and muscle cell types and enrichment in mid/hindgut,
which is consistent with previous mouse and stem cell studies
that show RUNX1 to be critical for neural crest formation,
signaling in gut epithelium stem cells, and myoblast proliferation
(Marmigère et al., 2006; Fijneman et al., 2012; Scheitz and Tumbar, 2013; Umansky et al., 2015; Sarper et al., 2018; Figures 4C
and 4D). KLF6 KO resulted in depletion of pericytes, consistent
with its role in promoting endothelial activation during vascular
repair (Garrido-Martı́n et al., 2013; Figures 4C and 4D). Surprisingly, the ASCL1 KO resulted in an increase in the proportion
of retinal epithelium and neural progenitors (Figures 4C and
4D). Because ASCL1 is key for cell cycle exit and neuronal differentiation, knocking out ASCL1 may slow down neurogenesis
and result in a buildup of neural progenitors (Castro et al.,
2011). With this CRISPR KO screen of key developmental regulators, we were able to simultaneously assay the multi-lineage
functions of these genes in a human-specific model, something
that, to our knowledge, other human developmental models
cannot currently readily accomplish.
Modeling Neural Disorders Using Teratomas
Although we were able to demonstrate the teratomas’ unique
ability to assess the multi-lineage function of embryonic lethal
genes, we also wanted to see whether teratomas could model
human neural disorders. Specifically, we looked into Pitt-Hopkins
(Dean, 2012), Rett (Ehinger et al., 2018), and L1 (Stumpel and Vos,
1993) syndromes. Pitt-Hopkins syndrome is a rare neurodevelopmental disorder most often caused by de novo loss of function
of one allele of the transcription factor 4 (TCF4) gene (Forrest
et al., 2014). Rett syndrome is a severe X-linked neurological disorder caused by a de novo mutation in the methyl-CpG-binding
protein 2 (MECP2) gene. Finally, L1 syndrome is another X-linked
syndrome with a mutation in the L1 cell adhesion molecule
(L1CAM) gene, important for neuron migration, adhesion, and
neuronal differentiation (Samatov et al., 2016). To assess the
downstream effects of perturbing these genes, we generated a
CRISPR KO library targeting TCF4, MECP2, and L1CAM, with 3
guides for each gene (Table S5A). We transduced PGP1-Cas9
cells with the neural disorder library, generated 2 teratomas,
and then sequenced 2 scRNA-seq libraries for each teratoma using the 10X Genomics platform (Table S1E; Zheng et al., 2017).
We integrated and clustered the teratomas using Seurat data
integration and used Seurat’s label transfer method to call cell

types using the H1 teratomas as the reference. We then looked
for shifts in cell type proportion and cell-type-specific gene
expression as a result of the gene KOs (Figure S4E). As expected, we found that the shift in cell type proportion (normalized
EMD) was much smaller than for the embryonic lethal KOs (Figure S4F). We thus looked at cell-type-specific shifts in gene
expression from the neurological disorder KOs instead. We
merged our cell types into 7 broad cell types (neurons, neural
progenitors, gut, retinal epithelium, muscle, immune, and
MSC/Fib) and computed the differential expression between
each gene KO and the NTCs (STAR Methods). There was no significant gene expression shift because of the presence of a double-stranded break (per control guides that target the adenoassociated virus integration sites [AAVSs]) (Table S5B).
We then analyzed the effect of L1CAM in neurons and the effect of TCF4 and MECP2 in neural progenitors and plotted the
cell-type-specific log fold changes for all differentially expressed
genes (DEGs) with an FDR below 0.1 across both teratomas,
showing that our hits are fairly reproducible (Figures S4G–S4I).
Knocking out L1CAM in neurons decreased the expression of
clusterin (CLU), an effect that has been shown previously in colorectal cancer cells (Shapiro et al., 2015), while increasing the
expression of MAPT (which produces the tau protein). Tau efflux
via L1CAM exosomes is present in certain neurological diseases
(Shi et al., 2016; Figure S4G; Table S5C). Knocking out MECP2 in
neural progenitors decreased the expression of transient receptor potential cation channel subfamily M member 3 (TRPM3), and
previous literature has shown a similar decrease in expression
and function of transient receptor potential (TRP) channels in
the hippocampus and several other brain regions of MECP2
mutant mice, contributing to Rett syndrome etiology (Chapleau
et al., 2013; Li and Pozzo-Miller, 2014; Suzuki et al., 2016; Figure S4H; Table S5D). Finally, knocking out TCF4 in neural
progenitors decreased the expression of FOXO3, which is
consistent with TCF4 knockdown studies in the human neuroblastoma line SH-SY5Y showing a fold decrease in FOXO3,
which has been suggested to contribute to the molecular pathology of Pitt-Hopkins syndrome and other autism spectrum disorders (Forrest et al., 2013; Figure S4I; Table S5E). Overall, we
were able to reproducibly discover cell-type-specific gene
expression shifts that occurred when knocking out the genes underlying Rett, Pitt-Hopkins, and L1 syndromes, potentially building a resource for future in-depth study.
Engineering Teratomas via miRNA-Based Molecular
Sculpting
Because teratomas are vascularized and have the potential to
yield mature tissue, we next sought to sculpt teratomas toward
specific lineages, which could allow focused developmental
modeling studies and large tissue engineering. We used endogenously expressed microRNAs (miRNAs) (Ambros, 2004; Bartel,
2004; Bartel, 2018), which are often unique to specific cell types,
lineages, or disease states (Lu et al., 2005; Shivdasani, 2006).
Specifically, we appended tissue-specific miRNA target sequences to the 50 and 30 UTRs of a GFP suicide gene (HSV-tkGFP), suppressing its expression in a miRNA-specific lineage
of interest (Figure 4E; Table S5G; Miki et al., 2015; Nissim
et al., 2017; Hirosawa et al., 2017). This design ensures that
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cell types that do not express the miRNA are killed by the suicide
gene in the presence of gancliclovir (GCV), selecting our desired
lineage (Figure 4F).
We first tested the functionality our miRNA-HSV-tk-GFP constructs in H1 ESCs by showing that cells transduced with our
miRNA-HSV-tk-GFP construct die in the presence of 10 mM
GCV after 5 days of culture, whereas cells transduced with a
GFP control continue to grow (Figure S5A). We then assessed
the cell type specificity of the miRNA construct using miR-21-expressing HeLa cells (Lu et al., 2008; Medina and Slack, 2008; Yao
et al., 2009; Bartel, 2018). HEK293T cells show little to no expression of miR-21 and can serve as a control (Zhu et al., 2008; Li
et al., 2009; Chak et al., 2016). After transduction of both cell
lines with our miR-21-HSV-tk-GFP construct, we cultured the
cells for 5 days and then performed flow cytometry analysis,
where we saw a decrease in GFP expression in HeLA cells but
not in HEK293T cells (Figure S5B). This indicates that GFP
expression was silenced by the miR-21 expressed by HeLa cells.
We used an HSV-tk-GFP construct without any miRNA binding
sites as a control (Figure S5B). We repeated this experiment
with a miR-126-HSV-tk-GFP construct (endothelial cell specific;
Wang et al., 2008) and observed a decrease in GFP signal in HUVECs compared with the HEK293T control (Figure S5C). With
these, we were able to validate HSV-tk killing with GCV and
the ability of our miRNA constructs to specifically repress GFP
in target cell lines.
We next validated our constructs in whole brain organoids.
Following a standard self-patterned whole-brain organoid protocol (Figure S5D; STAR Methods; Quadrato et al., 2017), we
created organoids using H1 ESCs transduced with the miR124-HSV-tk-GFP construct or the HSV-tk-GFP construct (lacking any miRNA binding sites). We used miR-124 because it is a
pan-neural miRNA (Lagos-Quintana et al., 2002; Smirnova
et al., 2005; Sun et al., 2015). Day 35 organoids from both groups
(miR-124-HSV-tk-GFP and HSV-tk-GFP) were dissociated down
to the single-cell level and analyzed via flow cytometry for GFP
fluorescence (STAR Methods). As expected, HSV-tk-GFP organoid single cells maintained their GFP fluorescence, whereas
miR-124-HSV-tk-GFP organoids showed loss of GFP expression
(Figure 4G).
We then tested the miRNA-HSV-tk-GFP constructs in vivo
using the miR-124-HSV-tk construct to generate teratomas enriched for the neural lineage. After the H1 ESC line was successfully transduced with the miR-124-HSV-tk-GFP construct, we
formed teratomas as described in our previous studies (STAR
Methods). When teratomas reached a minimum of 1 cm in diameter, we began intratumoral (IT) injections with GCV (80 mg/kg/
day; STAR Methods) or two-site intraperitoneal and IT (IPIT) injections (50/mg/kg/day for each site; STAR Methods), all
compared with a control miR-124-HSV-tk-GFP teratoma with
no GCV (STAR Methods). There were 2 teratomas for each injection condition for a total of 4 teratomas and 1 control teratoma,
and all teratomas were grown for up to 70 days. Post-extraction,
teratomas were observed for external heterogeneity. Teratomas
that received GCV injections were of smaller size (approximately
2 cm compared with 4 cm) and weight (approximately 1–2 g
compared with 5+ g) than the control teratoma without GCV injections (Figure S5E).
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We ran the 10X scRNA-seq protocol on each teratoma and
classified cells using Seurat label transfer (Table S1F) (Stuart
et al., 2019). A comparison of the GCV+ teratoma cell type
composition with the GCV teratoma revealed enrichment in early
neurons, neuronal progenitors, and Schwann cells (Figure 4H). In
addition, we saw depletion in muscle, RPE (which lacks miR-124
expression), and other cell types (Figure 4H). Teratomas with the
IPIT injection strategy showed stronger enrichment for the
neuro-ectoderm cell types, suggesting that addition of an intraperitoneal injection site helps with GCV selection (Figure 4H).
We also visualized the neuro-ectoderm enrichment in GCV+ teratomas with H&E staining of a GCV+ and GCV teratoma
(Figure S5F). IPIT teratomas had stronger enrichment for early
neurons (Z score > 3) than for neuronal progenitors or Schwann
cells, possibly because expression of miR-124 increases as the
neuro-ectoderm cell types mature (Figure 4H; Figure S5F).
We further validated the enrichment of neuro-ectoderm in IPIT
teratomas by immunostaining for PAX6, a key marker of neuronal
fate determination (Figure S5G). The three GCV+ teratoma sections with IPIT injections showed higher levels of PAX6 protein
expression than the three GCV teratoma sections, confirming
that our miR-124 construct enriches for neuro-ectoderm (Figure S5G). We used a secondary antibody (Dylight 550) to confirm
that there was no non-specific secondary antibody binding (Figure S5H). Additionally, we confirmed that the GCV+ teratoma has
higher expression of HES5, a key radial glia marker, using RNA
FISH (Figure S5I).
In summary, we developed a miRNA circuit that enables us to
engineer teratomas toward a desired lineage. Our in vivo results
showed that administering GCV through multiple sites resulted in
improved neuro-ectoderm enrichment. Our miRNA circuit can
be extended to any cell-type-specific miRNA and could have applications for studying developmental biology and human disease as well as for tissue engineering.
DISCUSSION
Teratomas have the potential to be a useful multi-lineage model
of human development. Their major advantages are that they
can grow to a large size because of their vascularization, and
they can produce a wide array of cell types from all major developmental lineages. Additionally, as we demonstrated with our
CRISPR-Cas9 KO screens, a teratoma’s ability to generate cells
from all lineages enables simultaneous pan-tissue assessment
of the effect of genetic perturbations on human development in
a single integrated experiment. Furthermore, we show that teratomas can be engineered using miRNA circuits to grow/enrich
specific tissues of interest in vivo.
Future studies with this model could explore increasing tissue
maturity with extended growth, perhaps with the use of larger animal hosts. Benchmarking with human patient-derived teratomas
would also be valuable, especially because many of these can
become quite mature. Another critical future study is assessing
the effect of different dissociation methods on teratoma cell
type proportion. The ability to achieve greater cell numbers with
the most current single-cell RNA sequencing protocols, such as
split-pool ligation-based transcriptome sequencing (SPLiT-seq)
(Rosenberg et al., 2018) and single-cell combinatorial indexing

Please cite this article in press as: McDonald et al., Defining the Teratoma as a Model for Multi-lineage Human Development, Cell (2020),
https://doi.org/10.1016/j.cell.2020.10.018

ll
Resource
RNA sequencing (sci-RNA-seq) (Cao et al., 2017), will be vital for
identifying additional cell types. A time series analysis of teratomas at multiple stages of maturity could help uncover the developmental pathways the cell types follow. Additionally, pooling
different cell types with hPSCs prior to injection may help aid
with cellular enrichment/maturity in the teratoma (i.e., HUVECs
to enrich for HSC populations; Philipp et al., 2018) or enriching
for desired cell types based on injection site (Chan et al., 2018).
Growing patient-specific teratomas could benefit disease
research through isogenic iPSC lines aiding with understanding
the disease state in various tissues that may be inaccessible
with current technologies. Finally, further optimization of the
miRNA molecular sculpting approach is necessary; specifically,
generating stable miRNA circuit-expressing cell lines by insertion
in constitutively active loci such as AAVS1 and optimizing the
timing, dose, and route of GCV administration. Taken together,
we believe that teratomas are a promising platform for modeling
multi-lineage human development, pan-tissue functional genetic
screening, and tissue engineering.

seq could enable us to resolve some missing cell types because
undersampling could result in smaller cell types being collapsed
into a larger cell type during analysis.
In regard to lineage engineering, we anticipate that there will
be a considerable degree of silencing that occurs in the
miRNA-suicide gene constructs because of the use of lentiviral
vectors. Future studies could explore incorporating these in
genomic regions, such as the AAVS1 locus, that would enable
constitutive expression across all cell types. Safety switches
based on suicide genes will also be critical for eliminating potential residual undifferentiated cells and mouse cells within the
teratoma to mitigate effects on safety and utility in tissue engineering applications.
STAR+METHODS
Detailed methods are provided in the online version of this paper
and include the following:
d

Limitations of Study
Every model system has its intrinsic strengths and weaknesses,
and below we discuss some of the limitations of the teratoma
system and also considerations regarding improving it to further
enable basic science and engineering studies. One issue with
the teratoma system (and organoids) is its intrinsic degree of heterogeneity (de Souza, 2017; Quadrato et al., 2017; Capowski
et al., 2019; Phipson et al., 2019). In this regard, we found use
of internal controls when conducting perturbation experiments
improved the signal in our studies. For example, in our
CRISPR-Cas9 screen, each teratoma contained gene targeting
guides and NTCs, enabling us to compare cell type proportion
shifts within each teratoma without having to worry about heterogeneity between teratomas.
Although teratomas have regions of organization and maturity,
these may develop in an asynchronous manner. This lack of synchronization may prove to be a barrier when accessing certain
mature cell types that need a highly ordered cellular context to
develop.
Also, because teratomas contain cell types from all lineages,
finding a single dissociation protocol that captures as many
cell types as possible is a challenge. The choice of dissociation
method can drastically change the cell types profiled in
scRNA-seq, and it is likely that the set of cell types we see in
our data is biased by our dissociation protocol (Denisenko
et al., 2019). It may be the case that no single dissociation
method can capture all cell types, and it will be necessary to
design specific dissociation protocols to capture specific
tissues.
Additionally, our cell type annotations are still preliminary.
Although we validated key cell types by comparison with fetal
human/mouse reference datasets and RNA FISH, we were not
able to validate all cell types because of limited developmental
human reference scRNA-seq datasets, as well as cost constraints. Thus, some cell types, such as neuro-ectoderm cell
types, have more validation than others, giving us greater confidence in their identity (Table 1). We may also still be underpowered to detect less abundant cell types, and additional scRNA-
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Smirnova, L., Gräfe, A., Seiler, A., Schumacher, S., Nitsch, R., and Wulczyn,
F.G. (2005). Regulation of miRNA expression during neural cell specification.
Eur. J. Neurosci. 21, 1469–1477.

Wagner, D.E., Weinreb, C., Collins, Z.M., Briggs, J.A., Megason, S.G., and
Klein, A.M. (2018). Single-cell mapping of gene expression landscapes and
lineage in the zebrafish embryo. Science 360, 981–987.

Cell 183, 1–18, November 25, 2020 17

Please cite this article in press as: McDonald et al., Defining the Teratoma as a Model for Multi-lineage Human Development, Cell (2020),
https://doi.org/10.1016/j.cell.2020.10.018

ll
Resource
Wang, S., Aurora, A.B., Johnson, B.A., Qi, X., McAnally, J., Hill, J.A., Richardson, J.A., Bassel-Duby, R., and Olson, E.N. (2008). The Endothelial-Specific
MicroRNA miR-126 Governs Vascular Integrity and Angiogenesis. Dev. Cell
15, 261–271.
Wang, J., Jenjaroenpun, P., Bhinge, A., Angarica, V.E., Del Sol, A., Nookaew,
I., Kuznetsov, V.A., and Stanton, L.W. (2017). Single-cell gene expression analysis reveals regulators of distinct cell subpopulations among developing human neurons. Genome Res. 27, 1783–1794.
Wilcoxon, F. (1946). Individual comparisons of grouped data by ranking
methods. J. Econ. Entomol. 39, 269–270.
Willis, R.A. (1934). The Structure of Teratoma. J. Pathol. Bacteriol. XL.
Willis, R.A. (1936). THE HISTOGENESIS OF NEURAL TISSUE IN TERATOMAS. J. Pathol. Bacteriol. 42, 411–416.
Wolburg, H., Wolburg-Buchholz, K., Mack, A.F., and Reichenbach, A. (2009).
Ependymal cells. Encyclopedia of Neuroscience, 1133–1140.
Wu, Y., Tamayo, P., and Zhang, K. (2018). Visualizing and Interpreting SingleCell Gene Expression Datasets with Similarity Weighted Nonnegative Embedding. Cell Syst. 7, 656–666.e4.
Yang, J., Mani, S.A., Donaher, J.L., Ramaswamy, S., Itzykson, R.A., Come, C.,
Savagner, P., Gitelman, I., Richardson, A., and Weinberg, R.A. (2004). Twist, a
master regulator of morphogenesis, plays an essential role in tumor metastasis. Cell 117, 927–939.
Yao, Q., Xu, H., Zhang, Q.Q., Zhou, H., and Qu, L.H. (2009). MicroRNA-21 promotes cell proliferation and down-regulates the expression of programmed

18 Cell 183, 1–18, November 25, 2020

cell death 4 (PDCD4) in HeLa cervical carcinoma cells. Biochem. Biophys.
Res. Commun. 388, 539–542.
Yao, Z., Mich, J.K., Ku, S., Menon, V., Krostag, A.R., Martinez, R.A., Furchtgott, L., Mulholland, H., Bort, S., Fuqua, M.A., et al. (2017). A Single-Cell Roadmap of Lineage Bifurcation in Human ESC Models of Embryonic Brain Development. Cell Stem Cell 20, 120–134.
Yin, X., Mead, B.E., Safaee, H., Langer, R., Karp, J.M., and Levy, O. (2016). Engineering Stem Cell Organoids. Cell Stem Cell 18, 25–38.
Zheng, G.X.Y., Terry, J.M., Belgrader, P., Ryvkin, P., Bent, Z.W., Wilson, R.,
Ziraldo, S.B., Wheeler, T.D., McDermott, G.P., Zhu, J., et al. (2017). Massively
parallel digital transcriptional profiling of single cells. Nat. Commun. 8, 14049.
Zhong, S., Zhang, S., Fan, X., Wu, Q., Yan, L., Dong, J., Zhang, H., Li, L., Sun,
L., Pan, N., et al. (2018). A single-cell RNA-seq survey of the developmental
landscape of the human prefrontal cortex. Nature 555, 524–528.
Zhu, S., Wu, H., Wu, F., Nie, D., Sheng, S., and Mo, Y.Y. (2008). MicroRNA-21
targets tumor suppressor genes in invasion and metastasis. Cell Res. 18,
350–359.
Zhu, Y., Sousa, A.M.M., Gao, T., Skarica, M., Li, M., Santpere, G., Esteller-Cucala, P., Juan, D., Ferrández-Peral, L., Gulden, F.O., et al. (2018). Spatiotemporal transcriptomic divergence across human and macaque brain development. Science 362, eaat8077.
Zovein, A.C., Hofmann, J.J., Lynch, M., French, W.J., Turlo, K.A., Yang, Y.,
Becker, M.S., Zanetta, L., Dejana, E., Gasson, J.C., et al. (2008). Fate tracing
reveals the endothelial origin of hematopoietic stem cells. Cell Stem Cell 3,
625–636.

Please cite this article in press as: McDonald et al., Defining the Teratoma as a Model for Multi-lineage Human Development, Cell (2020),
https://doi.org/10.1016/j.cell.2020.10.018

ll
Resource
STAR+METHODS
KEY RESOURCES TABLE

REAGENT or RESOURCE

SOURCE

IDENTIFIER

Antibodies
Anti-Pax6 (rabbit polyclonal)

Millipore Sigma

AB2237 Lot: 3324991 RRID:AB_1587367

Dnk pAb to Rb IgG DylightⓇ 550

Abcam

ab98489 Lot: GR33528-3
RRID:AB_10674190

anti-rabbit IgG Alexa 488

Invitrogen

Ref: A11008 Lot: 2179202
RRID:AB_143165

Invitrogen

Ref: C7373-03

N/A

N/A

Invitrogen

Ref: 11668-019 Lot: 2196156

Chromium Single Cell 30 Reagent Kit

10x Genomics

PN-1000075

Tumor Dissociation Kit, Human

Miltenyi Biotec

Order No. 130-095-929

RNAScopeⓇ Fluorescent Multiplex
Reagent Kit V1

Advanced Cell Diagnostics

Cat# 320850

Bacterial and Virus Strains
One ShotⓇ Stbl3
Biological Samples
N/A
Chemicals, Peptides, and Recombinant Proteins
Lipofectamine 2000
Critical Commercial Assays

Deposited Data
Raw and processed data

This paper

GEO: GSE156170

Mouse Cell Atlas

Han et al., 2018b

GEO: GSE108097

Mouse Organogenesis Cell Atlas

Cao et al., 2019

GEO: GSE119945

Fetal Human Cortex scRNA-seq Dataset
(gw 5 -gw18)

Zhong et al., 2018

GEO: GSE104276

Fetal Human Cortex scRNA-seq Dataset
(gw 17 -gw18)

Polioudakis et al., 2019

http://solo.bmap.ucla.edu/shiny/webapp/,
dbGAP: phs001836

Fetal Human Gut scRNA-seq Dataset

Gao et al., 2018

GEO: GSE103239

Combined Human (hg19) and Mouse
(mm10) genome reference and gene
annotations

10X Genomics

https://support.10xgenomics.com/
single-cell-gene-expression/software/
pipelines/latest/advanced/references

Gene Ontology Biological Process
Genesets

MSigDB

https://www.gsea-msigdb.org/gsea/
msigdb/collections.jsp#C5

TRRUST TF database

Han et al., 2018a

https://www.grnpedia.org/trrust/

H1 Embryonic Stem Cell Line

WiCell

RRID:CVCL_N541

H9 Embryonic Stem Cell Line

WiCell

RRID:CVCL_1240

HUES62 Embryonic Stem Cell Line

WiCell

RRID:CVCL_B197

PGP1 Induced Pluripotent Stem Cell Line

Dr. George Church

RRID:CVCL_F182

HEK293T

ATCC

RRID:CVCL_0063

Experimental Models: Cell Lines

HUVEC

ATCC

RRID:CVCL_2959

HeLa

ATCC

RRID:CVCL_0030

UC San Diego ACP

RRID:BCBC_4142

This paper

N/A

Experimental Models: Organisms/Strains
Male NOD-scid IL2Rgammanull Mice
Oligonucleotides
(See Table S7 and Star Methods)

(Continued on next page)

Cell 183, 1–18.e1–e11, November 25, 2020 e1

Please cite this article in press as: McDonald et al., Defining the Teratoma as a Model for Multi-lineage Human Development, Cell (2020),
https://doi.org/10.1016/j.cell.2020.10.018

ll
Resource
Continued
REAGENT or RESOURCE

SOURCE

IDENTIFIER

CROPseq-Guide-Puro

Datlinger et al., 2017

CROPseq-Guide-Puro Cat# 86708

Lenti-guide-puro

Sanjana et al., 2014

Lenti-guide-puro Cat# 52963

pCR4-Blunt-TOPO

Thermo Fisher Scientific

Cat# K2875J10

CAG-spCas9-P2A-EGFP

This paper

N/A

Ef1alpha-mCherry-IRES-Hygro-Barcode

This paper

N/A

miRNA-HSV-tk-GFP

This paper

N/A

pMD2.G

Trono Lab

pMD2.G Cat# 12259

pCMV delta R8.2

Trono Lab

pCMV delta R8.2
Cat# 12263

Code for processing and analyzing
teratoma data

This paper

https://www.github.com/yanwu2014/
teratoma-analysis-code

R/RStudio

R/RStudio

https://rstudio.com/

CellRanger

10X Genomics

https://support.10xgenomics.com/
single-cell-gene-expression/software/
pipelines/latest/what-is-cell-ranger

Seurat

Stuart et al., 2019

https://satijalab.org/seurat/

SWNE

Wu et al., 2018

https://github.com/yanwu2014/swne

perturbLM

Parekh et al., 2018

https://github.com/yanwu2014/perturbLM

phEMD

Chen et al., 2020

https://www.bioconductor.org/packages/
release/bioc/html/phemd.html

CellMapper

Github

https://github.com/yanwu2014/cellMapper

ImageJ (FIJI)

ImageJ Team

https://imagej.net/Welcome

Genotyping Matrices

Parekh et al., 2018

https://github.com/yanwu2014/
genotyping-matrices

PicardTools

Broad Institute

https://broadinstitute.github.io/picard/

MedChemExpress

Cat# HY-13637

Recombinant DNA

Software and Algorithms

Other
Ganciclovir (99.77%)

RESOURCE AVAILABILITY
Lead Contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by the Lead Contact, Prashant
Mali (pmali@ucsd.edu).
Materials Availability
Until the Addgene submission process completes, all unique/stable reagents generated in this study are available from the Lead Contact with a completed Materials Transfer Agreement.
Data and Code Availability
The accession number for the scRNA-seq data reported in this paper is GEO: GSE156170
All code used for analysis are available at this github repository: yanwu2014/teratoma-analysis-code. Instructions for reproducing
our analysis step by step are also in this repository.
EXPERIMENTAL MODEL AND SUBJECT DETAILS
Cell Culture
The H1 (P30), H9 (P36), PGP1 (P39), and HUES62 (P20) hESC cell line was maintained under feeder-free conditions in mTeSR medium (Stem Cell Technologies). Prior to passaging, tissue-culture plates were coated with growth factor-reduced Matrigel (Corning)
diluted in DMEM/F-12/Glutamax medium (Thermo Fisher Scientific), and incubated for 30 minutes at 37 C, 5% CO2. Cells were
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dissociated and passaged using the dissociation reagent Versene (Thermo Fisher Scientific). Cells were passaged a maximum of 4
times for proper expansion prior to injection. HEK293T and HeLa were maintained in high glucose DMEM supplemented with 10%
fetal bovine serum (FBS) and passaged every couple days upon confluency with 0.05% Trypsin-EDTA (GIBCO). HUVECs were maintained in EGM-2 (Lonza).
Organoid Generation and Dissociation
Self-patterned whole brain organoids were generated following the Quadrato et al., 2017 protocol (Quadrato et al., 2017). Briefly, H1
ESCs transduced with either miR-124-HSV-tk-GFP or HSV-tk-GFP were cultured as embryoid bodies for 5 days, transferred into
Neural Induction (NI) media for 5 days, and finally embedded in Matrigel and cultured in Cortical Differentiation (CD) media for
25 days. Day 35 organoids were dissociated to single cell following a modified protocol using the GentleMACS Human Tumor Dissociation Kit, but without use of the GentleMACS dissociator and instead cells were triturated post-37 C 1-hr incubation with a 1000 mL
pipetman prior to 70 mM filtration. Resulting single cell suspension was analyzed for GFP florescence via flow cytometry. Cells,
embryoid bodies, and organoids were maintained under puromycin selection [0.75mg/mL] for the entirety of the experiment.
Animals
Animals used in this study were male NOD-scid IL2Rgammanull mice 8-10 weeks of age. Housing, husbandry and all procedures
involving animals used in this study were performed in compliance with protocols (#S16003) approved by the University of California
San Diego Institutional Animal Care and Use Committee (UCSD IACUC). Mice were group housed (up to 4 animals per cage) on a
12:12 hr light-dark cycle, with free access tso food and water in individually ventilated specific pathogen free (SPF) autoclaved cages.
All mice used were healthy and were not involved in any previous procedures nor drug treatment unless indicated otherwise.
METHOD DETAILS
PGP1-Cas9 Clone Generation
The PGP1 human induced pluripotent stem cell line was a kind gift of Dr. George Church at Harvard Medical School. The sgRNA
targeting AAVS1 locus of the human genome (spacer sequence GGGCCACTAGGGACAGGAT) was cloned into the Lenti-guidepuro plasmid (Addgene #52963). To generate the knockin donor plasmid, we cloned the CAG promoter followed by a cassette of
co-expression of spCas9 and EGFP splitting via the P2A sequence into the pCR4-Blunt-TOPO vector (Thermo Fisher Scientific).
Two homology arms were amplified from upstream (804 bp) and downstream (837 bp) of the sgRNA targeting site in AAVS1 genomic
locus and constructed into the donor plasmid flanking the CAG-spCas9-P2A-EGFP cassette. Between the upstream homology arm
and the CAG promoter, we inserted a splice acceptor sequence following by a T2A linked blasticidin resistance gene.
Human iPSC PGP1 cells were electroporated using 4D-Nucleofector system and P3 Primary Cell X kit (Lonza) according to the
manufacturer’s instruction. Briefly, the PGP1 cells were dissociated into single cells. 1x106 cells were mixed with 100 mL nucleofection reagents and 10 mg DNA (5 mg Cas9 donor + 5 mg sgRNA) and electroporated. The cells were recovered with pre-warmed medium and then cultured on inactivated MEF feeders in 10 cm dishes with mTeSR medium supplemented with 0.5 mM ROCK-inhibitor.
Afterward, the mTeSR medium without ROCK-inhibitor was refreshed daily. 2 mg/ml blasticidin were added into the culture medium
7 days after electroporation. The cells were cultured without passage until clones emerged on the plate. The clones were checked
under the microscope and those with EGFP expression were picked up and expanded individually.
To detect genomic integration, the genomic DNA from cultured cells was extracted using DNeasy Blood & Tissue Kits (QIAGEN).
Approximately 500 ng of genomic DNA was used for each PCR reaction using KAPA HiFi HotStart Ready Mix (Kapa Biosystems). The
PCR amplification of the left and right arm utilized primers that amplified regions spanning both the PGP1 AAVS1 endogenous locus
and the engineered cassette (Figure S4B).
The primer sequences are listed below.

Left_arm_forward

ACTTCCCCTCTTCCGATGTTG

Left_arm_reverse

ATTGTAGCCGTTGCTCTTTCA

Right_arm_forward

GAGCAAAGACCCCAACGAGAAGC

Right_arm_reverse

CTGCCTGGAGAAGGATGCAGGA

This was further validated by direct Sanger sequencing of the arms (Figure S4A), The activity of Cas9 in the PGP1-Cas9 cells was
validated by the generation of indels at the expected position when guide RNAs were introduced.
sgRNA Design
The CRISPR-KO sgRNA sequences targeting transcription factor genes were obtained from the GPP sgRNA Designer web tool
(https://portals.broadinstitute.org/gpp/public/analysis-tools/sgrna-design, accessed February 2018) as follows. The 24 gene symbols in the table below were converted to Entrez gene IDs using Bioconductor package org.Hs.eg.db_3.5.0, and the resulting IDs
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were submitted together with the following parameters: enzyme Sp, taxon human, quota 50, include unpicked. From the resulting
output, the two guide sequences with the highest ‘‘pick order’’ were selected for each target gene. To check the validity of each guide
sequence, the corresponding context sequence was compared to the human reference genome at the predicted cut location using
Bioconductor package BSgenome.Hsapiens.UCSC.hg38_1.4.1, and the cut location was confirmed to be fully within the target gene
coding sequence determined using Bioconductor package TxDb.Hsapiens.UCSC.hg38.knownGene_3.4.0.

Gene symbol

Entrez ID

sgRNA-1

sgRNA-2

SOX17

64321

GGCAACGGGTAGCCGTCGAG

AGGGCGAGTCCCGTATCCGG

CDX2

1045

CCGCAGTACCCGGACTACGG

CAAATATCGAGTGGTGTACA

HNF4A

3172

GGGACCGGATCAGCACTCGA

GCAATGACTACATTGTCCCT

GATA4

2626

TGTGGGCACGTAGACTGGCG

CCGGCTTACATGGCCGACGT

GATA6

2627

CGGGACGCCTCAGCTCGACA

GCCGACAGCGAGCTGTACTG

RUNX1

861

CTGATCGTAGGACCACGGTG

TGCTCCCCACAATAGGACAT

FOXA2

3170

ATGAACATGTCGTCGTACGT

TCCGTGAGCAACATGAACGC

PDX1

3651

GGAGAACAAGCGGACGCGCA

TATTCAACAAGTACATCTCA

NKX2-1

7080

GCGAGCGGCATGAACATGAG

GGTTGGCGCCGTACCATCCG

NKX2-5

1482

GTAGGCACGTGGATAGAAGG

GAAGACAGAGGCGGACAACG

SOX9

6662

ACGTCGCGGAAGTCGATAGG

TTCACCGACTTCCTCCGCCG

PROX1

5629

AGTGTCCACAACTTGCGACA

CGGGTTGAGAATATAATTCG

SNAI1

6615

GGGACTCTCCTGGAGCCGAA

TGTAGTTAGGCTTCCGATTG

TWIST1

7291

CGGGAGTCCGCAGTCTTACG

AGCGGGTCATGGCCAACGTG

ASCL1

429

CCAGGTTGACCAACTTGACG

AAACGCCGGCTCAACTTCAG

NEUROG1

4762

CCGCATGCACAACTTGAACG

TTGGTGTCGTCGGGGAACGA

KLF6

1316

TCTGAGGCTGAAACATAGCA

GCTGACCAAAACTTCGCCAA

KLF2

10365

GGTTCGGGGTAATAGAACGC

CTTCGGTCTCTTCGACGACG

HES1

3280

GTGCGAGGGCGTTAATACCG

AGCCAGTGTCAACACGACAC

FOXG1

2290

AGCGCGTTGTAGCTGAACGG

CCGCGCCACTACGACGACCC

TULP3

7289

GGAGTATGACAGTTCACCAA

TGAAAGTGTGAACTTCGATG

MYOG

4656

TTACACACCTTACACGCCCA

TCGAACCACCAGGCTACGAG

GATA3

2625

TCCAAGACGTCCATCCACCA

CAGGGAGTGTGTGAACTGTG

FGFR2

2263

CTTAGTCCAACTGATCACGG

TGACCAAACGTATCCCCCTG

Gene symbol

Entrez ID

sgRNA-1

sgRNA-2

sgRNA-3

TCF4

6925

GTGGACATCGGAGGAAGAC

TGTCCACTTTCCATCGTAG

CAAACGTTCATGTGGATGC

MECP2

4204

GCTCCATCATCCGTGACCG

AAAGCCTTTCGCTCTAAAG

TTGCGTACTTCGAAAAGGT

L1CAM

3897

GCGTCCGGTGTCATTGGCC

GCGTACTATGTCACCGTGG

GCCAGTACCGAACTGGATG

Library Preparation
The lentiviral backbone plasmid for the barcode vector was constructed containing the EF1a promoter, mCherry transgene flanked
by BamHI restriction sites, followed by a P2A peptide and hygromycin resistance enzyme gene immediately downstream (ECIH). The
backbone was digested with HpaI, and a pool of 20 bp long barcodes with flanking sequences compatible with the HpaI site, was
inserted immediately downstream of the hygromycin resistance gene by Gibson assembly. The vector was constructed such that the
barcodes were located only 200 bp upstream of the 30 -LTR region. This design enabled the barcodes to be transcribed near the polyadenylation tail of the transcripts and a high fraction of barcodes to be captured during sample processing for scRNA-seq.
The lentiviral backbone plasmid for the sgRNAs was the CROPseq-Guide-Puro vector (Addgene #86708). To create the sgRNA
library, individual sgRNAs were PCR amplified utilizing overlapping forward and reverse primers custom designed with flanking sequences compatible with the BSMBI restriction sites (Table S4B). The lentiviral backbone was digested with BSMBI (New England
Biolabs) at 55 C for 3 hours in a reaction consisting of: CROPseq-Guide-Puro backbone, 5 mg, Buffer NEB 3.1, 5 ml, BSMBI, 5 ml, H20
up to 50 ml. After digestion, the vector was purified using a QIAquick PCR Purification Kit (QIAGEN). Each sgRNA was then individually
assembled via Gibson assembly.
The lentiviral backbone plasmid for the miRNA-HSV-tk-GFP constructs was an EF1-alpha promoter, GFP, IRES domain, and puromycin-resistance gene (EGIP) backbone. The lentiviral backbone was digested with EcoRV-HF (New England Biolabs) at 37 C for 1
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hour to excise out the GFP in a reaction consisting of: EGIP backbone, 5 mg, 1X Cutsmart Buffer (New England Biolabs), 5 ml, EcoRVHF, 5 ml, H20 up to 50 ml. After digestion, the vector was purified using a QIAquick PCR Purification Kit (QIAGEN). We amplified a
gBlock containing the Herpes Simplex Virus thymidine kinase (HSV-tk), 2A self-cleaving peptide, and GFP.
The primers used to amplify the gBlock contain unique miRNA binding sites (see below).

miR_Empty_F

TGGCTAGTTAAGCTTGATATCGA
ATTCCTGCAGCCCGGGGGATCCA
GATCACACCGGTCGCCA

miR_Empty_R

GGGAGAGGGGGGGGGGGCGG
AATTCCGCGGGCCCGTCGAC
GCGGTTAACGCCGCTTTACTTGTACAG

miR_21_F

TGGCTAGTTAAGCTTGATATCGAATT
CCTGCAGCCCGGGGGATCCTCAACA
TCAGTCTGATAAGCTA AGATC
ACACCGGTCGCCA

miR_21_R

GGGAGAGGGGGGGGGGGCGGAATT
CCGCGGGCCCGTCGACGCGGTTTAG
CTTATCAGACTGATGTTGA AACG
CCGCTTTACTTGTACAG

miR_122_F

TGGCTAGTTAAGCTTGATATCGAATTC
CTGCAGCCCGGGGGATCCCAAACAC
CATTGTCACACTCCA AGAT
CACACCGGTCGCCA

miR_122_R

GGGAGAGGGGGGGGGGGCGGAA
TTCCGCGGGCCCGTCGACGCGG
TTTGGAGTGTGACAATGGTGTTTG
AACGCCGCTTTACTTGTACAG

miR_124_F

TGGCTAGTTAAGCTTGATATC
GAATTCCTGCAGCCCGGGGGA
TCCGGCATTCACCGCGTGC
CTTA AGATCACACCGGTCGCCA

miR_124_R

GGGAGAGGGGGGGGGGGCGGAATT
CCGCGGGCCCGTCGACGCGGTTTA
AGGCACGCGGTGAATGCC AAC
GCCGCTTTACTTGTACAG

miR_126_F

TGGCTAGTTAAGCTTGATATCGA
ATTCCTGCAGCCCGGGGGATCC
CGCATTATTACTCACGGTAC
GA AGATCACACCGGTCGCCA

miR_126_R

GGGAGAGGGGGGGGGGGCGGAA
TTCCGCGGGCCCGTCGACGCGG
TTTCGTACCGTGAGTAATAATGCG
AACGCCGCTTTACTTGTACAG

miR_302A_F

TGGCTAGTTAAGCTTGATATCGAA
TTCCTGCAGCCCGGGGGATCCAGC
AAGTACATCCACGTTTAAGT
AGATCACACCGGTCGCCA

miR_302A_R

GGGAGAGGGGGGGGGGGCGGAAT
TCCGCGGGCCCGTCGACGCGG
TTACTTAAACGTGGATGTACTTGC
T AACGCCGCTTTACTTGTACAG

We cloned this amplicon into our digested EGIP backbone using standard Gibson assembly.
The Gibson assembly reactions were set up as follows: 1:10 molar ratio of digested backbone to sgRNA insert, 2X Gibson assembly master mix (New England Biolabs), H20 up to 20 ml. After incubation at 50 C for 1 h, the product was transformed into One Shot
Stbl3 chemically competent Escherichia coli (Invitrogen). A fraction (150 mL) of cultures was spread on carbenicillin (50 mg/ml) LB
plates and incubated overnight at 37 C for 15-18hrs (miRNA constructs required longer incubation times). Individual colonies
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were picked, introduced into 5 mL of carbenicillin (50 mg/ml) LB medium and incubated overnight in a shaker at 37 C. The plasmid
DNA was then extracted with a QIAprep Spin Miniprep Kit (QIAGEN), and Sanger sequenced to verify correct assembly of the vector
and to extract barcode sequences.
To assemble the library, individual sgRNA vectors were pooled together in an equal mass ratio along with 5 non-targeting control
(NTC) sgRNAs which constituted 50% of the final pool.
Viral Production
HEK293T cells were maintained in high glucose DMEM supplemented with 10% fetal bovine serum (FBS). Cells were seeded in a 15 cm
dish 1 day prior to transfection, such that they were 60%–70% confluent at the time of transfection. For each 15 cm dish 36 mL of Lipofectamine 2000 (Life Technologies) was added to 1.5 mL of Opti-MEM (Life Technologies). Separately 3 mg of pMD2.G (Addgene
#12259), 12 mg of pCMV delta R8.2 (Addgene #12263) and 9 mg of an individual vector or pooled vector library was added to 1.5 mL
of Opti-MEM. After 5 minutes of incubation at room temperature, the Lipofectamine 2000 and DNA solutions were mixed and incubated
at room temperature for 30 minutes. Medium in each 15 cm dish was replenished with 25 mL of fresh medium. After the incubation
period, the mixture was added dropwise to each dish of HEK293T cells. Supernatant containing the viral particles was harvested after
48 and 72 hours, filtered with 0.45 mm filters (Steriflip, Millipore), and further concentrated using Amicon Ultra-15 centrifugal ultrafilters
with a 100,000 NMWL cutoff (Millipore) to a final volume of 600-800 ml, divided into aliquots and frozen at 80 C.
Viral Transduction
For viral transduction, virus was added at a low MOI (ensuring a single barcode/cell or a single sgRNA/cell) to stem cells at 20% confluency alongside polybrene (5 mg/ml, Millipore) in fresh mTeSR medium. The following day, medium was replaced with fresh mTeSR.
Appropriate selection reagent was added 48 hr after transduction (hygromycin [50mg/mL] for barcode / puromycin [0.75mg/mL] for
CRISPR KO screen / miRNA-HSV-tk-GFP) (Thermo Fisher Scientific) and was replaced daily. For miRNA-HSV-tk-GFP transduced
cells puromycin selection did not begin until 5-7 days after transduction to allow for enough GFP positive cells. For editing in CRISPR
KO screen, selection was continued for 5 days prior to use for teratoma formation in mice.
sgRNA Editing Rate Validation
We individually transduced each sgRNA into our PGP-Cas9 cell line in an arrayed format and selected with puromycin after 48 hr and
allowed editing to occur for an additional 5 days (7 days total). From there we retrieved the cell pellets from each individual sgRNA and
extracted gDNA. We then designed primers (Table S4C) upstream and downstream of the expected cut site for each individual
sgRNA and amplified that region utilizing standard PCR on the gDNA extracted from each cell pellet transduced with each individual
sgRNA. Each amplicon for each sgRNA was then sent out for deep sequencing. We used CRISPResso with default parameters to
compute the fraction of reads containing mutations, which we split out into an indel rate and an overall mutation rate.
GCV-HSV-tk Killing in vitro
Cells transduced with miRNA-HSV-tk-GFP construct and EGIP-transduced controls grew for a maximum of 5 days in standard medium conditions in the presence of Ganciclovir ([GCV, Sigma-Aldrich] 1mM, 10mM, or 100mM) with daily phase and fluorescent microscopy imaging. GCV was resuspended and stored in 1 mL PBS (GIBCO) aliquots at 3mg/mL in 20 C. Cells were seeded at similar
densities on Day 0 of experiment.
miRNA-HSV-tk-GFP Knockdown in vitro
Cells were transduced with miRNA-HSV-tk-GFP constructs and allowed to grow for a maximum of 5 days in standard medium conditions. After 5 days, cells were spun down and resuspended in PBS (GIBCO) at 1x106 cell / mL and ran on the Becton Dickinson
FACScan flow cytometer gating for fluorescence (FL1-H [GFP positivity]) and forward scatter (FSC-H [shape and size]).
Teratoma Formation
A subcutaneous injection of 5-10 million PSCs in a slurry of Matrigel and mTeSR medium (1:1) was made in the right flank of anesthetized Rag2/;gc/ immunodeficient mice. Weekly monitoring of teratoma growth was made by quantifying approximate elliptical area (mm2) with the use of calipers measuring outward width and height.
Molecular Sculpting of Teratomas
Standard teratoma formation protocol was followed using miRNA-HSV-tk-GFP transduced H1s. Once teratomas reach a size of at
least 10mm in one axis, intratumoral (IT) or combined intraperitoneal intrautumoral (IPIT) administration of GCV begins at 80mg/kg/
d or 100mg/kg/d (50mg/kg/d at each site) respectively, using standard needle and syringe injection. Teratoma was allowed to grow
for a total of 10 weeks before extraction.
Teratoma Processing
After growth for 70 days on average mice were euthanized by slow release of CO2 followed by secondary means via cervical
dislocation. Tumor area was shaved, sprayed with 70% ethanol, and then extracted via surgical excision using scissors and forceps.
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Tumor was rinsed with PBS, weighed, and photographed. Tumors were inspected for external heterogeneity to ensure proper tumor
representation. Representative tumors were cut in a semi-random fashion in % 22 mm diameter pieces and frozen in OCT for
sectioning and H&E staining courtesy of the Moore’s Cancer Center Histology Core. Remaining tumor was cut into small pieces
1-2mm in diameter and subjected to standard GentlaMACS protocols: Human Tumor Dissociation Kit (medium tumor settings),
Red Blood Cell Lysis Kit, and Dead Cell Removal Kit. Single cells were then resuspended in 0.04% BSA for 10X Genomics chromium
(Zheng et al., 2017) platform.
Histology and RNAScope
Sectioning and H&E staining was performed by the Moore’s Cancer Center Histology Core. In brief, Optimal Cutting Temperature
(O.C.T.) blocks were sectioned with a cryostat into 10 micron sections onto a positively charged glass slide. The slide was then
stained with Harris hematoxylin and then rinsed in tap water and treated with an alkaline solution. The slide was then de-stained
to remove non-specific background staining with a weak acid alcohol. The section was then stained with an aqueous solution of eosin
and passed through several changes of alcohol, then rinsed in several baths of xylene. A thin layer of polystyrene mountant was
applied, followed by a glass coverslip. Sections from teratomas were confirmed to have the presence of all 3 germ layers: ectoderm,
mesoderm, and endoderm via microscopy identification courtesy of pathologist Dr. Ann Tipps. Further detailed identification also
performed by Dr. Tipps.
Fresh frozen sections were subjected to standard RNAScope Fluorescent Multiplex Reagent Kit protocols following fresh frozen
tissue requirements. In brief, sections were fixed with chilled 200 mL of 4% PFA in 1X PBS in 4 C for 15 min. The slides were then
placed in 50% EtOH for 5 min at RT, then placed in 70% EtOH for 5 min at RT, and then finally placed in 100% EtOH for 5 min at RT
twice. After the slides had dried, we drew a hydrophobic barrier around the tissue. We then placed the dried slides on a HybEZ Slide
Rack, and added Pretreat 4 to entirely cover each section and then incubated for 30 min at RT. Slides were then washed with 1X PBS.
We then added the appropriate probe to cover each section. Slides were then placed in the slide rack and then placed in a HybEZ
Oven for 2 hr at 40 C. After 2 hr, slides were taken out and slides were washed with 1X Wash Buffer for 2 min at RT twice. AMP 1-FL
was then added to entirely cover each section. The slides were then placed on the slide rack and inserted into the oven for 30 min at
40 C. The slides were then taken out and slides were washed with 1X Wash Buffer for 2 min at RT twice. AMP 2-FL was then added to
entirely cover each section. The slides were then placed on the slide rack and inserted into the oven for 15 min at 40 C. The slides
were then taken out and slides were washed with 1X Wash Buffer for 2 min at RT twice. AMP 3-FL was then added to entirely cover
each section. The slides were then placed on the slide rack and inserted into the oven for 30 min at 40 C. The slides were then taken
out and slides were washed with 1X Wash Buffer for 2 min at RT twice. AMP 4-FL (Alt A, B, or C) was then added to entirely cover each
section. The slides were then placed on the slide rack and inserted into the oven for 15 min at 40 C. The slides were then taken out
and slides were washed with 1X Wash Buffer for 2 min at RT twice. The slides were then counterstained with DAPI (30 s at RT) and
mounted with ProLong Gold Antifade Mountant (Cat# P10144). We then placed a 24 mm x 50 mm coverslip over the tissue section
and stored them in the dark at 4C.
Immunostaining
For SARS-CoV2 spike protein immunostaining, fresh frozen sections were rinsed once with PBS before addition of 10ug/mL of antirabbit IgG Alexa 488 (Invitrogen) + 10ug/mL of SARS-CoV2-spike-RBD protein (Sino Biological) diluted in PBS + 0.5% BSA for
30 mins shielded from light. Two consecutive washes were then performed with PBS + 0.5% BSA 10 min each with gentle agitation
before imaging.
For neuro-ectoderm staining, fresh frozen sections were rinsed onced with PBS before fixation at room temperature for 15 min with
4% paraformaldehyde. Three consecutive washes were then performed with PBS 5 min each before addition of blocking buffer (5%
normal donkey serum, 0.2% triton x-100 in PBS) for 1 hr. Primary antibody (anti-PAX6 rabbit [Millipore Sigma] diluted 1:50 in blocking
buffer) was added overnight (12 hr) at 4C. Three consecutive washes were then performed with PBS 10 min each with gentle agitation
before addition of secondary antibody (Anti-Rabbit Dylight 550 (Abcam) diluted 1:200 in blocking buffer) for 1 hr at 37C shielded from
light. Three consecutive washes were then performed with PBS 5 min each with gentle agitation before addition of DAPI (1:10,000 dilution in PBS) for 10 min. This was finally followed by three consecutive washes with PBS 10 min each with gentle agitation before imaging.
Microscopy
Following 24 hr of incubation with RNAScope probes in 4 C, slides were imaged using Zeiss 880 Airyscan Confocal microscope
with special thanks to Michael Hu for image processing utilizing the UC San Diego Microscopy Core. Raw images on the Leica DMi8
were obtained with 16bit bit-depth per color, and highlights and shadows were adjusted in the LASX software. Raw images on the
Zeiss 880 were obtained with 16bit bit-depth per color, and highlights and shadows were adjusted in the ZEN software. RNAScope
images were dilated using ImageJ’s MorphoLib by splitting the image into the composite channels and dilating the dots in the appropriate channel. Dots were dilated to 3 pixels as disks.
Cost Analysis
Overall, the cost of profiling a single teratoma with the 10X RNA-seq system runs at about $1,300, including sequencing costs for
8,000 cells (the output of a single 10X RNA-seq run) at a sequencing depth of 50,000 reads per cell. Mouse husbandry and reagents
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related to teratoma formation (cells, Matrigel, media) are relatively cheap in comparison. During teratoma growth, the researcher
needs to only monitor the mice for health concerns, weights, and tumor measurements if desired. The teratoma can be extracted
at any time after 3 weeks of growth. For the miRNA molecular sculpting experiments the mice require a daily dose of GCV until
time of tumor extraction. It is also theoretically possible to inject both flanks of the mouse to generate 2 teratomas per animal.
With the availability of easy to use analysis tools such as Seurat/PAGODA2, as well as methods for integrating datasets (such as
CONOS), running a basic clustering and cell type annotation of scRNA-seq data is fairly straightforward.
QUANTIFICATION AND STATISTICAL ANALYSIS
Overview
For all figures, we used the CellRanger pipeline as described in the Single Cell RNA-Seq Processing section to generate counts
matrices (Zheng et al., 2017). We also used the Seurat package in the R Statistical Programming Language for clustering, data integration, and classification for all figures as described in the Seurat Data Integration and H1 Teratoma Clustering and Validationmethods sections (Stuart et al., 2019). For assigning lentiviral barcodes and CRISPR guide RNAs to cells (relevant to Figures 2 and S2
and Figures 4 and S4 respectively), we used the genotyping-matrices method as described in the Lentiviral Barcode and CRISPR
Guide Assignment section (Parekh et al., 2018). For Figures 3 and S3, we used Similarity Weighted Nonnegative Embedding
(SWNE) as described in the Developmental Staging Analysis section (Wu et al., 2018). For Figure 4, we quantified guide RNA editing
using CRISPResso (Pinello et al., 2016). And for Figure S4, we used DESeq2 as described in the PGP1 Neural Disorder Screen Analysis section (Love et al., 2014). The remaining analysis was done using custom R scripts.
For the heterogeneity analysis in Figures 2 and S2, we treated each teratoma as an individual data replicate. For Figure S4, we
collapsed the expression all cells with the same cluster and guide RNA identity into a single replicate in order to run pseudobulk differential expression analysis. For Figure S5, each teratoma was treated as a replicate to compute the cell type proportion z-scores. In
other analyses each cell was treated as a replicate.
A brief summary of the analysis details for each figure can be found in the results and figure legends. Below we also provide a mapping between each figure and the relevant methods sections:
d
d
d
d

Figures 1 and S1: Seurat Data Integration and H1 Teratoma Clustering and Validation
Figures 2 and S2: Quantitative Assessment of Teratoma Heterogeneity and Cell Type Bias and Lentiviral Barcode and CRISPR
Guide Assignment
Figures 3 and S3: Developmental Staging Analysis
Figures 4, S4, and S5: PGP1 Embryonic Lethal Screen Analysis, PGP1 Neural Disorder Screen Analysis and Molecular Sculpting Analysis

All analysis code as well as instructions on how to reproduce our analyses can be found at the Github repository: yanwu2014/teratoma-analysis-code.
Single Cell RNA-seq Processing
Using the 10X Genomics CellRanger (v2.01) pipeline (Zheng et al., 2017), we aligned Fastq files to a combined hg19 and mm10 reference using STAR aligner (Dobin et al., 2013), counted UMIs to generate human and mouse gene-expression counts matrices, and
aggregated samples across 10X runs with the cellranger aggr command. All cellranger commands were run using default settings.
Seurat Data Integration
Data integration was performed on the aggregated counts matrices for each of the following datasets: the 7 H1 teratomas, the 6
PGP1 CRISPR-KO screen teratomas, and the 3 cell line teratomas. We used the Seurat v3 data integration pipeline (Butler et al.,
2018; Stuart et al., 2019). Briefly, we first filtered the counts matrix for genes that are expressed in at least 0.1% of cells, and cells
that express at least 200 genes. We then normalized the counts matrix using total-counts normalization, and log-transformed the
result. Log-transforming RNA-seq counts results in the data following an approximately normal distribution, which is the assumption
that Seurat makes for the remainder of the analysis (Law et al., 2014). For each teratoma, we identified highly variable genes, and
selected the top 4000 genes that appeared as overdispersed across the most teratomas. We then identified anchor cells, and integrated the teratomas to create a batch-corrected gene expression matrix. After batch correction, we used a linear model to regress
away library depth, and mitochondrial gene fraction, and ran Principal Components Analysis (PCA) (Abdi and Williams, 2010), keeping
the first 30 principal components. We then used the PCs to generate a k Nearest Neighbors (kNN) graph, setting k = 10, and then used
the kNN graph to calculate a shared nearest neighbors (SNN) graph (Houle et al., 2010). We ran modularity optimization algorithm with
a resolution of 0.4 on the SNN graph to find clusters (Butler et al., 2018).
H1 Teratoma Clustering and Validation
H1 clusters were assigned to cell types using a two-stage strategy. First, we trained a kNN classifier on the Mouse Cell Atlas dataset
using k = 40 (Tarlow et al., 2013), mapping mouse genes to their human orthologs. We projected each cell in the teratoma dataset onto
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the first 40 Principal Components (PCs) of the Mouse Cell Atlas and classified each cell in the H1 teratoma dataset using this kNN classifier to generate a rough set of cell type assignments for each cluster. We then manually inspected the marker genes for each cluster
and adjusted the cell type based on the expression of canonical markers (Tables S2A–S2E). We also specifically looked at transcription
factor markers using the TRRUST database (Tables S2A and S2D) (insert reference). We computed differential gene expression in
Seurat using the default Wilcoxon rank-sum test, which does not make any assumptions about the distribution of the data being tested,
otherwise known as a non-parametric test (Wilcoxon, 1946). Clusters that mapped to the same MCA cell type, and expressed similar
marker genes were merged. Finally, we ran UMAP on the first 30 PCs as input in order to visualize the results (Becht et al., 2018; McInnes
and Healy, 2018). We validated each annotated cell type by computing the Pearson correlation between the average expression of each
cell type and the average expression of each broad cell type in the Mouse Organogenesis Cell Atlas (Cao et al., 2019). We used the union
of all marker genes for the teratoma cell types and Mouse Organogenesis Cell Atlas cell types to perform the correlation analysis.
In some cases, it was necessary to sub-cluster the cells to achieve greater cell type resolution. Specifically, we noted that the ciliated epithelium cluster had both retinal and airway markers so we sub-clustered the all cells mapping to ciliated epithelium in order to
separate retinal epithelium and airway epithelium. Additionally, we sub-clustered the neuro-ectoderm in order to identify interneurons, peripheral neurons, retinal progenitors, and early neuro-ectoderm. In both cases we simply subsetted the gene expression matrix with the cells of interest and reran the Seurat analysis pipeline, identifying sub-clusters using known marker genes (Table S2G).
Quantitative Assessment of Teratoma Heterogeneity and Cell Type Bias
In order to quantify the level of heterogeneity between teratomas we used the Normalized Relative Entropy metric from CONOS (Barkas et al., 2019).
Pnclust
k = 1 sk 3 KLðfk ; FÞ
P
1
logðnteratomas Þ nk clust
= 1 sk
Where fk is a vector with the number of cells in each teratoma from cluster k, KLðfk ; FÞ is the empirical KL divergence between fk and
the total number of cells in each teratoma, F. Higher Normalized Relative Entropy means the cell types are more mixed across the
teratomas and thus the teratomas are less heterogeneous.
There was only one replicate per non-H1 cell line teratoma as our main goal was to assess the heterogeneity across cell lines versus
the heterogeneity within the H1 cell line, while also demonstrating that we could generate teratomas using multiple cell lines.
To quantify the heterogeneity/bias of individual cell types across teratomas we simply take the KL divergence of the number of cells
in each teratoma from that cell type/cluster and the total number of cells in each teratoma and then scale by the number of cells in
each cell type. For each cell type k:
sk 3 KLðfk ; FÞ
Lentiviral Barcode and CRISPR Guide Assignment
To assign one or more lentiviral/gRNA barcode to each cell, we extracted each barcode by identifying its flanking sequences, resulting in reads that contain cell, UMI, and barcode tags. To remove potential chimeric reads, we used a two-step filtering process. First,
we only kept barcodes that made up at least 0.5% of the total amount of reads for each cell. We then counted the number of UMIs and
reads for each plasmid barcode within each cell, and only assigned that cell any barcode that contained at least 10% of the cell’s read
and UMI counts. The code for assigning barcodes to each cell can be found on GitHub at: https://github.com/yanwu2014/
genotyping-matrices (Parekh et al., 2018).
H1 Cell Barcoding Analysis
We extracted lentiviral barcodes from the genomic DNA fastq files before and after teratoma formation for the 3 barcoded H1 teratomas. We counted the number of unique barcodes that were supported by at least 10 reads (the reads requirement is to mitigate
overcounting unique barcodes due to minor sequencing errors) and then computed the fraction of unique barcodes that remain after
teratoma formation to assess the approximate number of cells that are involved in the teratoma formation process.
We also identified lentiviral barcodes at the single cell level, using the barcode assignment strategy described in the Lentiviral Barcode and CRISPR Guide Assignment section. For each cell type, we computed its bias for specific barcodes using the same relative
entropy metric we used to compute teratoma bias.
sk 3 KLðbk ; BÞ
Where bk is a vector with the number of cells in each barcode from cluster k, KLðbk ; BÞ is the empirical KL divergence between bk and
the total number of cells in each barcode, B.
Developmental Staging Analysis
In order to assess the developmental maturity of the teratoma cell types, we computed the average expression of all cells related to
neuro-ectoderm (Radial Glia, Intermediate Neuronal Progenitors, Early Neurons) and gut (Oral/Esophageal, Stomach, Intestine) cell
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types and calculated the cosine similarity of the teratoma average expression to the average expression of fetal human cells across
different time points. We used all genes that were detected in both the fetal and teratoma data.
For the neuro-ectoderm cells, we then sub-clustered those cells and identified additional cell types using canonical marker genes
(Table S2G). We then matched those neuro-ectoderm sub-clustered cell types to cell types in a larger fetal week 17-18 single cell
prefrontal cortex dataset.
We next generated Similarity Weighted Nonnegative Embeddings (SWNE) (Wu, Tamayo and Zhang, 2018a) for the neuronal and
gut cell types using the top 3000 overdispersed genes in each tissue type. Briefly, SWNE uses nonnegative matrix factorization (NMF)
(Lee and Seung, 1999) to decompose a gene expression matrix into component factors, embeds the factors in 2D using sammon
mapping (Sammon, 1969), and embeds the cells and key genes in the 2D space relative to the factors. The cell positions are
smoothed using a shared nearest neighbors (SNN) network. For the neuronal SWNE embedding, we used 30 NMF factors and 20
nearest neighbors when computing the SNN. For the gut SWNE embedding, we used 20 NMF factors and 30 nearest neighbors.
We projected teratoma data onto the fetal SWNE, by first projecting the teratoma data onto the fetal NMF factors and generating
embedding coordinates. We then smooth the projected coordinates by projecting the teratoma data onto the fetal SNN.
We then compared the expression of key neuronal/gut marker genes in each neuronal and gut cell type by correlating the expression of those markers between the teratoma data and the fetal human data. We used the scaled gene expression for both the teratoma and fetal data, which involves subtracting the average expression and dividing by the standard deviation. We selected the cell
type markers for the neuro-ectoderm and gut comparisons using published studies of the developing human cortex and developing
gut. Specifically, we selected VIM/SOX2 as markers for Radial Glia, DLX1 as a marker for Interneurons, and HMGB2 as a marker for
Cycling Progenitors using the markers from the single-cell RNA-seq study of week 17 – 18 developing human cortex (Polioudakis
et al., 2019). HES5 is known to be a key regulator of the neural progenitor state while DCX and NEUROD1 are essential for early
neuronal differentiation (Gao et al., 2009b; Bansod et al., 2017; Khalaf-Nazzal et al., 2017). For the developing gut, we selected
CDX1/CDX2 as Mid/Hindgut markers and PAX9 as a foregut marker from the single-cell RNA-seq study of the developing human
digestive tract (Gao et al., 2018). HHEX regulates midgut development, specifically the formation of the pancreas from the gut
tube (Bort et al., 2004). SOX2 is a known foregut marker that regulates gut patterning while FOXJ1 marks foregut cells primed for
the lung epithelial lineage (Que et al., 2007; Green et al., 2011).
PGP1 Embryonic Lethal Screen Analysis
For each of the six teratomas across the original and replicate screens, we used two technical replicate 10X runs. In order to ensure
consistent cell types across teratomas, we merged the 10X runs corresponding to the same teratoma, and then integrated all six
teratomas across both the original and replicate screen using Seurat v3 data integration. We used 3000 anchor features and 20
CCA dimensions for the integration. Using the annotated H1 teratoma dataset as the reference, we used Seurat label transfer to identify the cell type for all cells in the screen datasets. Due to the relatively low number of cells per guide RNA in the original screen, we
collapsed closely related cell types into broader cell groupings in order to boost the power of our analysis. Specifically, Airway Epithelium was merged into Foregut (Airway epithelium is derived from the foregut epithelium during development), Schwann Cells and
Melanoblasts were grouped as Schwann Cell Progenitors (SCP), Immune Cells, Erythrocytes, and Hematopoietic Stem Cells
(HSCs) were grouped as Hematopoietic cells, Muscle Progenitors and Cardiac/Skeletal Muscle were grouped as Muscle, all
MSC/Fibroblast populations were merged, Intermediate Neuronal Progenitors (INP) and Radial Glia were grouped as Neuronal Progenitors, and Retinal Neurons and Early Neurons were simply grouped as Neurons. In order to visualize the PGP1 data, we projected
the integrated screen dataset onto the first 20 PCs from the H1 dataset and ran UMAP on the projected PCs.
We validated the editing efficiencies of all our guide RNAs using PCR amplification of the expected cut site and looking for mutations and indels with CRISPResso. We then selected the top guide targeting each gene with at least a 60% overall editing efficiency
and a 40% indel efficiency which resulted in a total of 16 out of 48 guides selected. We then only used these 16 validated guides for
further computational analysis. Unfortunately, the TULP3-2 guide was not detected in the replicate screen so we ended up using 15
guides (plus 5 NTC guides) for analysis.
We assigned CRISPR-KO gene perturbations using the barcode assignment strategy described in the Lentiviral Barcode and
CRISPR Guide Assignment section. To determine the total effect of each knockout, we computed a normalized Earth Mover’s Distance (EMD) between all cells in each gene knockout with all cells belonging to the NTC separately for each screen (Chen et al., 2020).
EMD computes the difference in cell type composition between two groups of cells, weighted by how transcriptionally distinct the cell
types are (Chen et al., 2020). Thus, differences in cell type composition between cells belonging to the gene knockouts and NTC that
arise from the fact that the label transfer has a hard time distinguishing similar cell types will not be as highly weighted as differences
between distinct cell types. We ran the EMD analysis separately for the original and replicate screens, and normalized the EMD metric
so that the average EMD for all NTC guides would equal 1.
To assess the effect of gene knockouts on individual cell types, we used a ridge regression model with the R glmnet package as
initially described in the PerturbSeq method (Friedman et al., 2015; Dixit et al., 2016). Briefly, for each CRISPR gRNA, this resulted in
regression coefficients for each cell type describing the enrichment or depletion of that gRNA in that cell type. This method assumes
that the data is normally distributed, which is approximately true for RNA-seq and scRNA-seq data when log-transformed (insert ref).
We permuted the gRNA assignments to assign p values to each coefficient representing the probability that coefficient is non-zero by
chance. Because we used a non-parametric permutation test, we did not make any assumptions about the distribution of regression
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coefficients. We then used the Benjamini-Hochberg multiple testing correction (Thissen et al., 2002) to generate False Discovery
Rates and visualized coefficients with an FDR < 0.05. For each gRNA, we computed the cell type shift effect size as the average
EMD effect across the screens. The reproducibility of the gRNA knockout was assessed by correlating the gRNA knockout effects
(regression coefficients) across the original and replicate screen.
PGP1 Neural Disorder Screen Analysis
For each of the 2 teratomas across the original and replicate screens, we used two technical replicate 10X runs. In order to ensure
consistent cell types across teratomas, we merged the 10X runs corresponding to the same teratoma, and then integrated the teratomas using Seurat v3 data integration. We used the same data integration and label transfer parameters as the embryonic lethal
screen. We again collapsed closely related cell types into the broader cell groupings described in the PGP1 Embryonic Lethal Screen
section, and additionally filtered out any remaining cell types with fewer than 200 cells.
We assigned CRISPR-KO gene perturbations using the barcode assignment strategy described in the Lentiviral Barcode and
CRISPR Guide Assignment section. To determine the total effect of each knockout, we again computed the normalized Earth
Mover’s Distance (EMD) between all cells in each gene knockout with all cells belonging to the NTC separately for each screen
(Chen et al., 2020).
We analyzed differential expression for each broad cell type separately so that cell type specific effects would be captured. For
each cell type, we summed the counts for all cells assigned to a specific guide RNA and a specific teratoma to create a pseudobulk
expression matrix. This essentially treats each guide in each teratoma as a biological replicate for a given gene knockout, and enables
us to use DESeq2, a well-validated differential expression method (Love et al., 2014). For each gene knockout, we ended up with 6
pseudobulk replicates (3 guides x 2 teratomas). We ran DESeq2 with default parameters, comparing the pseudobulk replicates for
each gene with the NTC replicates, and used apeglm to shrink effect sizes. We set a False Discovery Rate cutoff of 0.1 to call a gene
differentially expressed. We also ran DESeq2 on each teratoma separately to compute log fold-changes and assess reproducibility.
Molecular Sculpting Analysis
To assess the enrichment or depletion of cell types in the miRNA-HSV-tk transduced H1 teratomas, we compared teratomas that had
ganciclovir (GCV) added using intratumoral (IT) and both intratumoral and intraperitoneal (IPIT) injection methods, versus a control
teratoma that had the construct miRNA-HSV-tk but no GCV. All teratomas were injected on the same date and extracted after
10 weeks of growth. To assign cell types, we again used Seurat’s label transfer. We then collapsed cell types using the same merging
strategy described in the PGP1 Teratoma Screen Analysis section, and then computed the fraction of cell types present in each teratoma. Finally, we computed log2 fold-changes of cell type fractions by dividing the cell type fractions in the GCV+ IT/IPIT teratomas
with the cell type fractions in the GCV- teratoma. To compute an estimated z-score, we subtracted the GCV- teratoma fractions from
the GCV+ IPIT/IT teratoma fractions and divided by the cell type fraction variance. The z-scores for IPIT and IT teratomas were
computed separately, and the cell type fraction variance was computed by pooling the variance of the miRNA-HSV-tk teratomas
and the variance of the plain H1 teratomas with Cohen’s pooled standard deviation (Cohen, 1988).
Figure Generation
All figures were generated using original artwork or open source with InkScape, Adobe Illustrator, and ImageJ.
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Supplemental Figures

Figure S1. Comprehensive Teratoma Characterization, Related to Figure 1 and Table 1
(A) H&E stains (left to right, top to bottom): Choroid Plexus, Fetal Neuro-ectoderm, Retinal Pigment Epithelium (RPE), Developing Airway, Ciliated Respiratory
Epithelium, Fetal Cartilage, Mesenchyme, Bone, Developing Cardiac/Skeletal Muscle, Squamous epithelium, Retinal Neurons (around RPE), Smooth Muscle,
Adipocytes. (B) The fraction of cells that are classified as MSC/Fibroblast across each teratoma. (C) Heatmap of the average expression of key marker genes for
each cell type (guidelines separate cell types from different germ layers) (Table S3C). (D) Correlation of the average expression of each human teratoma cell type
with the average expression of each fetal mouse cell type. (E) UMAP plot of mouse cell types in the H1 teratomas.
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Figure S2. Assaying Teratoma Heterogeneity, Related to Figure 2
(A) UMAP scatterplot showing how each line (HUES62, PGP1, and H9) contributes to the various cell type clusters. (B) Left: the normalized proportion of each
teratoma in every cell type. Right: the bias each cell type shows toward specific teratomas. A low bias score means the cell type is well mixed across all 7
teratomas. (C) Growth kinetics of 6 teratomas based on cell line (HUES62, PGP1, and H9). (D) Karyotyping of all 4 PSC lines. (E) Lentiviral barcode construct map.
(F) Barcoding summary statistics for both bulk and single cell assays across the three barcoded teratomas.
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(legend on next page)
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Figure S3. Assaying Teratoma Maturity, Related to Figure 3 and Table 1
(A) A heatmap of log fold-changes for the top differentially expressed genes between matched teratoma neuro-ectoderm and fetal cortical cell types. (B) A
heatmap of the enrichment scores for top differential genesets (via Geneset Enrichment Analysis) between matched teratoma neuro-ectoderm and fetal cortical
cell types. (C) Cosine similarity of teratoma gut cells with fetal gut cells of different ages. (D) Projection of fetal gut epithelium cell types onto a teratoma gut
epithelium SWNE embedding. (E) Correlation of the scaled expression of key marker genes across mid/hindgut epithelium and foregut epithelium between
teratoma and fetal cell types. Marker genes are colored by their corresponding cell type. (F) Proportion of foregut and mid/hindgut cells in the teratoma and fetal
gut. (G) A heatmap of log fold-changes for the top differentially expressed genes between matched teratoma gut epithelium and fetal gut epithelium cell types. (H)
A heatmap of the enrichment scores for top differential genesets (via Geneset Enrichment Analysis) between matched teratoma gut epithelium and fetal gut
epithelium cell types. (I) H&E stains (left) as well as RNA FISH staining (right) of FOXJ1 (Airway epithelium), CDX2 (Intestinal epithelium), TNNT2 (Cardiac muscle),
and THY1 (mesenchymal stem cell/fibroblast). Scalebar = 50mM (20x). Dots were dilated using ImageJ.
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Figure S4. Engineering Teratomas via Genetic Perturbations, Related to Figure 4
(A) Schematic showing knock-in of the CAG-spCas9-P2A-EGFP cassette with an upstream T2A linked blasticidin resistance gene into the AAVS1 locus thus,
creating the Cas9-expressing PGP1 line (above). Accompanying validated trace sequences of the left and right arms (below). (B) 2% agarose gel confirming
integration of the CAG-spCas9-P2A-EGFP cassette into the AAVS1 locus of the PGP1 line via PCR amplification of the left and right arm spanning the
endogenous locus and the engineered cassette compared to a PGP1 negative control. (C) Observed cells per gRNA and cells per gene for the screen. (D) UMAP
projection of PGP1 cell types classified using the H1 cell types as a reference. (E) PGP1-Cas9 iPSCs were transduced with a CRISPR-Cas9 library targeting TCF4
(Pitt-Hopkins Syndrome), MECP2 (Rett Syndrome), and L1CAM (L1 Syndrome) with 3 guides each. After generating 2 teratomas with the PGP1-iPSCs, scRNAseq was used to identify shifts in cell type specific gene expression as a result of gene knockouts. (F) Shift in cell types as measured by normalized Earth Mover’s
Distance (EMD) due to knockouts from the embryonic lethal knockouts and the disease screen knockouts (TCF4, MECP2, L1CAM). (G - I) The shift in gene
expression as measured by log2 fold-change against NTC guides across both teratoma replicates for (G) L1CAM knockout in Neurons, (H) MECP2 knockout in
Neural Progenitors, (I) TCF4 knockout in Neural Progenitors. The color of the data points represents the –log(False Discovery Rate) as computed by DESeq2.
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Figure S5. Engineering Teratomas via Molecular Sculpting, Related to Figure 4
(A) Phase images from light microscopy showing H1 cell survival after 3 and 5 days in the presence of GCV (10mM). H1 ESC line was either transduced with GFP
control (EGIP backbone) or miR-124-HSV-tk-GFP. (B)-(C) Quantification using flow cytometry and gating based on the presence or absence of GFP in HEK293T
(red) and HeLa/HUVEC (blue) cells (B)/(C) transduced with either No GFP control, HSV-tk-GFP, or miR-21-HSV-tk-GFP/miR-126-HSV-tk-GFP for 5 days (STAR
Methods). (D) Schematic of generating self-patterned whole brain organoids (STAR Methods). (E) Images of teratomas grown in the absence and presence of
GCV administration (80mg/kg/d, STAR Methods) for 10 weeks. (F) H&E stains of teratomas grown in the absence (left) and presence (right) of GCV administration.
Arrowheads highlight regions of neuro-ecotoderm. Scalebars are directly labeled. (G) anti-PAX6 (red) and DAPI (blue) immunostaining in GCV+ and GCV- control
sections across 3 different regions of the corresponding teratoma. Scalebar = 2 mm. (H) Secondary antibody staining only (Dylight 550, red) and DAPI (blue) for a
GCV+ and GCV- negative teratoma. Scalebar = 2 mm. (I) RNA FISH analysis of HES5 (red) and DAPI (blue) in a GCV+ and GCV- teratoma. Scalebar = 2 mm,
200 mm (magnified insert).

