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Systematic analyses of coding and noncoding genome function in the human 

central nervous system 

 

David Wu 

 

ABSTRACT 

 

While it is now known that human chromosomes are pervasively transcribed, the 

relative contribution of the coding and lncRNA genomes to cell differentiation is unknown. 

Using genome-wide CRISPR interference (CRISPRi) screens in human pluripotent stem 

cells, we systematically assessed 18,905 protein-coding and 10,678 lncRNA targets for 

function in neural induction, identifying 419 coding and 201 lncRNA genes that regulate 

this step of development.  Comparative multi-omic analyses discovered broad properties 

of coding and lncRNA genome function, such as an enrichment of lncRNA genes for roles 

in differentiation rather than proliferation. In contrast, coding genes were enriched for 

function in cell proliferation. CRISPRi single-cell RNA-Seq (Perturb-Seq) analysis 

resolved differentiation phenotypes at the level of specific cellular states, revealing 

additional distinctions in how coding and lncRNA genes regulate neural induction. These 

systematic studies demonstrated key functional differences between the coding and 

lncRNA genomes during this critical stage of neurodevelopment. 
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The promise of genomics 

The Human Genome Project (HGP) was officially initiated in 1990, with the goal of 

creating a reference sequence map of the human genome (Lander et al., 2001; Venter et 

al., 2001). This ambitious, international collaboration was launched in order to ignite an 

unprecedented acceleration of biomedical research. Publicly available genomic atlases 

of a variety of organisms – in particular of humans – could empower scientists by 

providing a comprehensive lens into the genetic underpinnings of human biology, and 

consequentially, of human disease. 

The burgeoning field of genomics thus came with hopes to revolutionize medicine 

(Collins and McKusick, 2001). With the initial draft of the “instruction book” of human 

biology completed, personalized medicine, designer drugs, and precision targeting of 

diseases were thought to be around the corner. Perhaps genetics would no longer be a 

niche purview relegated to the niche of monogenic hereditary disease, but a critical aspect 

of healthcare for all.  

The HGP has indeed transformed biology and society. Countless scientific studies, 

from small projects on individual genes to large-scale consortia, depend on the genomic 

atlas, and the industry of direct-to-consumer genetics has grown exponentially. However, 

biomedical research – which aims to ultimately lead to human therapies – still requires 

years of careful, methodical work to bear fruit. More than 2 decades later, the translational 

aspirations of the genomics revolution are only beginning to materialize (Gibbs, 2020). 
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Landscape of the human genome 

The human genome consists of approximately 3 billion base pairs, the vast 

majority of which is noncoding (Lander et al., 2001; Venter et al., 2001). Although 

noncoding genes that produced RNAs were long known to exist (e.g., transfer RNAs, 

ribosomal RNAs, and spliceosome RNAs), proteins have long been considered the 

primary agents of biological function. Therefore, an important application of the HGP was 

the assembly of the full catalogue of human protein-coding genes, which had been 

estimated to be anywhere from 40,000 to over 120,000 genes, with most estimates falling 

between 50,000 and 100,000 (Pertea et al., 2018).  

Analysis of the initial draft of the human genome produced an estimate of 30,000-

40,000 genes (Lander et al., 2001; Venter et al., 2001), which was surprisingly near the 

low end of the range. With the completion of the initial genome draft and improved 

annotation methods over time, this estimate has been refined to an even smaller number: 

approximately 20,000 protein-coding genes (Clamp et al., 2007; Consortium, 2004; 

Ezkurdia et al., 2014). Additionally, only a very small fraction (2-3%) of the total human 

genome sequence itself directly encodes protein. Repetitive sequences, such as DNA 

transposable elements, made up nearly half of the human genome (Lander et al., 2001). 

The remaining portions were and are still not well understood, but believed to include 

regulatory elements important for orchestrating the complex ensemble of human gene 

activity. 

 

  



 

 4 

Emerging interest in the noncoding genome 

A nearly complete sequence of the human genome enabled extensive catalogues 

of human sequence variation and mapping of human traits and disease to the genome 

with high resolution. Such genetic studies, in particular Genome-wide Association Studies 

(GWAS), revealed extensive mapping of these traits to noncoding gene loci – indeed, the 

vast majority of GWAS variants are found in regions that do not directly encode protein 

(Edwards et al., 2013).  

Spurred by the HGP, major advances in sequencing technology also enabled high 

throughput acquisition of gene expression data across many sample and tissue types. 

Collectively, these studies revealed a pervasive transcriptional landscape of the human 

genome (Birney et al., 2007; Derrien et al., 2012; Djebali et al., 2012). In particular, these 

transcripts belonged to the mysterious class of long noncoding RNAs (lncRNAs), defined 

as RNAs longer than 200 nucleotides that do not encode protein. Unlike other noncoding 

RNA species which have a unifying function (tRNA) or biogenesis pathway (microRNA), 

“lncRNA” has been used as a catch-all term for noncoding transcripts that do not fall into 

other well-defined classes, with the length cutoff serving as a means of distinguishing 

these uncharacterized molecules from shorter species that were better understood. 

In other respects, lncRNAs can resemble mRNAs as many are capped, 

polyadenylated, spliced, and transcribed by RNA polymerase II. The key distinction is that 

they lack open reading frames (ORFs) of greater than 100 amino acids, though small 

ORFs may exist (Clark and Blackshaw, 2014). Due to this broad categorization, the 

functions of lncRNAs as a class were largely unknown, save for rare examples such as 
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the X-inactive specific transcript XIST which is responsible for female X chromosome 

inactivation (Panning, 2008; Penny et al., 1996).   

The catalogue of potential lncRNAs grew in tandem with the size of public 

databases of gene expression across human tissues and cell types (Derrien et al., 2012; 

Djebali et al., 2012; Hon et al., 2017). To date, the exact number of human lncRNAs is 

highly debated, with estimates ranging from the high thousands to nearly 60,000 (Iyer et 

al., 2015). More conservative databases, such as ENCODE, have lncRNA annotations at 

a similar order of magnitude as protein-coding genes (Volders et al., 2018). Regardless 

of the exact number, lncRNA genes are recognized as a significant biologically active 

component of the genome.  

Large-scale, descriptive analyses of mRNAs and lncRNAs in gene expression 

datasets revealed a common theme – lncRNA transcripts were detected in restrictive 

patterns, often found in a specific tissue or cell-type and absent from most others. As a 

group, their expression was much more tissue-specific than protein-coding genes 

(Derrien et al., 2012). This unique specificity was corroborated in other mammals as well, 

including mouse (Mercer et al., 2008), where many lncRNAs were found enriched in 

specific subregions of the brain and restricted from others. The precise spatiotemporal 

expression of lncRNAs across tissues and development observed in many studies 

became an important piece of evidence for the biological regulation and function of 

lncRNAs as a class (Briggs et al., 2015; Mercer et al., 2008; Sarropoulos et al., 2019).  

Furthermore, cross-species studies revealed an expansion of lncRNAs in 

genomes in recent evolution. In particular, thousands of lncRNAs are specific to primate 

and human genomes (Necsulea et al., 2014; Sarropoulos et al., 2019), with a large 
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fraction expressed in the brain (Cabili et al., 2011; Derrien et al., 2012; Washietl et al., 

2014). This has sparked the view that lncRNAs may broadly have a role in evolution of 

primate-specific cognitive traits and neurodevelopment (Clark and Blackshaw, 2014; 

Fatica and Bozzoni, 2014), leading some to state that the “diversity of lncRNAs has 

expanded within mammals in tandem with the evolution of increased brain complexity, 

suggesting that lncRNAs play an integral role in this process” (Clark and Blackshaw, 

2017).  

While it is now clear that certain lncRNAs have critical functional roles in biology 

(Gao et al., 2020), these collective examples constitute a relatively small number. With 

regards to the role of lncRNAs in the nervous system, most of our knowledge has come 

from either the aforementioned gene expression studies or from a limited set of functional 

studies of individual genes, e.g. Paupar (Vance et al., 2014), Dali (Chalei et al., 2014), 

Pnky (Andersen et al., 2019; Ramos et al., 2015). While many lncRNAs are hypothesized 

to have roles in nervous system development based on gene expression patterns (Mercer 

et al., 2008), the vast majority have only descriptive evidence and are not functionally 

characterized. This lack of functional evidence led to criticisms of the ballooning catalogue 

of lncRNAs, and suggestions that many alleged lncRNAs simply reflect transcriptional 

noise (Ponjavic et al., 2007). Although functional evidence has been accumulating for 

individual lncRNAs, large-scale systematic functional studies were needed to assess the 

biological significance of this class as a whole. 
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Functional genomics  

The Genome Project enabled a new field of functional genomics. With a largely 

complete index of human genes, systematic studies of genes – especially unstudied or 

uncharacterized genes – could reveal functional importance in a so-called “unbiased” 

manner. Like GWAS studies, such efforts depended on generating data at sufficient 

scale, which would enable “data-driven” and “hypothesis-free” exploration. However, 

identifying genes responsible for phenotypes of interest in this global manner required 

additional technological developments. Knowledge of the genome sequence was not 

sufficient, as experimental follow-up and characterization of single genes entail enormous 

investment and time and the selection of individual genes or proteins for study had to be 

carefully made. Thus, pursuing genes that have not been studied before can be risky; 

such risk-aversion may be one of the reasons that the scientific literature is heavily 

skewed toward a small fraction of genes: approximately 7% of protein-coding genes 

account for more than 50% of publications indexed in PubMed (Zwick et al., 2019).  

Large-scale functional perturbation of genes became technically feasible by 

molecular tools discovered through fundamental research. The discovery of the RNA 

interference (RNAi) pathway (Fire et al., 1998) paved the way for a simple and 

programmable genetic method for loss-of-function studies of any gene of interest 

(Brummelkamp et al., 2002; Elbashir et al., 2001; Hannon, 2002). Since the sequence of 

the target transcript was the primary information needed to design an RNAi construct, 

genome-wide RNAi libraries could be designed with knowledge of the genome sequence 

and the coordinate locations of genes. This led to successful genome-scale systematic 

screens for large-scale discovery of important genes, such as human essential genes 
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(Silva et al., 2008) as well as genes important for cancer (Berns et al., 2004; McDonald 

et al., 2017; Tsherniak et al., 2017), drug resistance (Kampmann et al., 2015), and even 

pluripotency and stem cell differentiation (Ding et al., 2009; Lin et al., 2014). 

A major stumbling block to RNAi technology was off-target effects, which led to 

many drug candidates that did not hold up after further development (Kaelin, 2012). Some 

of these off-target issues could be overcome using even greater scale with ultracomplex 

libraries (Kampmann et al., 2013) and sophisticated computational techniques (McDonald 

et al., 2017; Tsherniak et al., 2017). However, another powerful genetic toolkit emerged 

from fundamental research on CRISPR (Clustered Regularly Interspaced Short 

Palindromic Repeats) bacterial immune systems, which were repurposed in eukaryotic 

cells as easily programmable molecular scissors (Bhaya et al., 2011; Cong et al., 2013; 

Jinek et al., 2013; Mali et al., 2013). Using a simple guide RNA (gRNA) sequence, 

researchers could program the CRISPR/Cas9 machinery to localize to almost region of 

the genome to induce a cut in the DNA. When imperfectly repaired by the cell, this would 

lead to loss-of-function of the gene by inducing a mutation. CRISPR-based genome-wide 

screens quickly became a powerful way of conducting systematic loss-of-function studies 

(Koike-Yusa et al., 2014; Shalem et al., 2014; Wang et al., 2014).  

Further developments in CRISPR technology led to the CRISPR interference 

(CRISPRi) and activation (CRISPRa) platforms. These systems use modified non-cutting 

Cas9 fusion proteins to modify the epigenetic environment at a given locus, leading to 

repression or activation (Gilbert et al., 2013, 2014; Qi et al., 2013). Importantly, while 

CRISPR typically relied on inducing loss-of-function nonsense mutations for protein-

coding genes, CRISPRi/a systems were better suited for perturbing all loci, including 
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regulatory elements (i.e. enhancers) and lncRNAs, where nonsense mutations were not 

applicable (Gilbert et al., 2013). 

 

Lessons from systematic studies 

Application of genetic screens revealed important broad principles of the human 

genome. For example, systematic studies of human protein-coding genes required in 

cellular proliferation revealed a core set of essential genes across cell types, as well as 

disease-specific vulnerabilities (Hart and Moffat, 2013; Hart et al., 2015; Silva et al., 2008; 

Wang et al., 2015). Studies using RNAi or CRISPR screens identified roles for lncRNAs 

in pluripotency (Guttman et al., 2011; Lin et al., 2014), cell growth (Liu et al., 2017; Zhu 

et al., 2016), and drug resistance (Bester et al., 2018; Boettcher et al., 2018).  

While the early small-scale studies established the functional role of lncRNAs, the 

larger studies that examined lncRNAs at scale provided broader insights into this 

mysterious class. For example, in a systematic study comparing growth-modulating 

lncRNAs in seven human cell lines, lncRNAs showed exquisite cell type specific function 

(Liu et al., 2017). This specificity could not be predicted from their expression levels. For 

example, the lncRNA LINC00263 knockdown was selectively lethal to U87 glioma cells 

but not other cell lines with comparable LINC00263 expression. The scale of the study 

revealed this phenomenon was not unique to LINC00263; instead, the specificity was 

very common across functional lncRNAs. This is in stark contrast to coding genes, where 

there exists core set of essential genes across most cell types (Hart et al., 2015; Wang 

et al., 2015).  
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Therefore, genome-scale studies can reveal surprising and important information 

that changes our biological understanding of the coding and noncoding genomes. In the 

past decades, lncRNAs have been implicated in a wide range of human neurological 

disorders including cancer, developmental delay, as well as psychiatric and 

neurodegenerative disease (Barry et al., 2014; Goede et al., 2021; Hon et al., 2017; Rinn 

and Chang, 2011; Talkowski et al., 2012). In an animal model of Angelman syndrome, a 

genetic disease characterized by intellectual disability and developmental delay, 

knockdown of lncRNA Ube3a-ATS ameliorates cognitive defects (Meng et al., 2015). 

Similarly, in studies of Alzheimer’s disease, knockdown of lncRNA BACE1-AS in neural 

cell lines reduces the processing of amyloid precursor protein (Faghihi et al., 2008). Given 

such examples of lncRNA function in human disease, and the many other studies 

associating lncRNA expression with neurological disorders, the emerging lncRNA field is 

now poised at a stage where the identification of lncRNAs with important 

neurodevelopmental function would greatly advance our understanding of how lncRNAs 

might underlie neurological disease, and which lncRNAs may be manipulated for 

therapeutic benefit.  

In this dissertation, I leverage the power of functional genomics to systematically 

identify both protein-coding and lncRNA genes that regulate human neural induction, an 

early step of development. In addition to identifying hundreds of coding and lncRNA 

genes that regulate this process, our comparative multi-omics analyses, machine 

learning, and analyses of CRISPRi perturbation coupled with single-cell RNA-Sequencing 

readout (Perturb-Seq) reveal important broad distinctions between the coding and 

lncRNA genomes.    
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SUMMARY 

While it is now known that human chromosomes are pervasively transcribed, the relative 

contribution of the coding and lncRNA genomes to cell differentiation is unknown. Using 

genome-wide CRISPR interference (CRISPRi) screens in human pluripotent stem cells, 

we systematically assessed 18,905 protein-coding and 10,678 lncRNA targets for 

function in neural induction, identifying 419 coding and 201 lncRNA genes that regulate 

this step of development.  Comparative multi-omic analyses discovered broad properties 

of coding and lncRNA genome function, such as an enrichment of lncRNA genes for roles 

in differentiation rather than proliferation. In contrast, coding genes were enriched for 

function in cell proliferation. CRISPRi single-cell RNA-Seq (Perturb-Seq) analysis 

resolved differentiation phenotypes at the level of specific cellular states, revealing 

additional distinctions in how coding and lncRNA genes regulate neural induction. These 

systematic studies demonstrated key functional differences between the coding and 

lncRNA genomes during this critical stage of neurodevelopment.  

 

KEYWORDS 

CRISPR, human pluripotent stem cells, neurodevelopment, long noncoding RNA, 

genome-wide pooled screens, Perturb-Seq, single-cell RNA-Seq 
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INTRODUCTION 

The human genome contains thousands of genes – both coding and noncoding – 

and many are critical to the complex process of cell differentiation during development 

(Gilbert and Barresi, 2016; Perry and Ulitsky, 2016; Sauvageau et al., 2013). In an early 

step of brain development, neural stem cells (NSCs) are produced from pluripotent stem 

cells by the process of neural induction (Chambers et al., 2009). Long noncoding RNAs 

(lncRNAs) are transcripts longer than 200 nucleotides that do not encode protein, and 

many are expressed in neural tissues (Derrien et al., 2012; Mercer et al., 2008). Whereas 

the neurodevelopmental function of coding genes has been extensively examined, far 

fewer lncRNAs have been demonstrated to regulate cell biology (Nakagawa, 2016). More 

broadly, the relative contribution of coding genes and lncRNAs to neurodevelopment has 

not been studied systematically. 

Genetic screens are powerful methods for identifying genes underlying 

phenotypes of interest (Hanna and Doench, 2020). Performed at genome-scale, such 

studies can provide insight into principles of genome function. For coding genes, such 

screen data can be integrated into a rich foundation of literature, including knowledge of 

protein structure, functional domains, and physical and/or functional interaction networks. 

Although genetic screens of lncRNAs are now emerging (Bester et al., 2018; Lin et al., 

2014; Liu et al., 2017), functional knowledge for this class of molecules is still primarily 

drawn from the study of individual lncRNAs.   

In this work, we leveraged functional genomics to systematically assess 18,905 

coding genes and 10,678 lncRNAs for roles in human neural induction. Using CRISPR 

interference (CRISPRi) marker-based screens, we identified 419 protein-coding and 201 
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lncRNA genes that regulated the production of NSCs from induced pluripotent stem cells 

(iPSCs). The scale and design of this study enabled multi-omics analyses of lncRNA-

coding gene relationships and the discovery of general properties of coding and lncRNA 

genome function. To obtain deeper insights into the biology of these regulators, we 

applied CRISPRi perturbation coupled with single-cell RNA-Seq (Perturb-Seq) (Adamson 

et al., 2016; Datlinger et al., 2017; Dixit et al., 2016; Jin et al., 2020; Replogle et al., 2020), 

which resolved phenotypes at the level of specific cell states and revealed differences 

between coding and lncRNA regulators. Together, these studies advance our broad 

understanding of the roles of the coding and lncRNA genomes at a level that is 

challenging to appreciate by the study of individual genes. 
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RESULTS 

Genome-wide CRISPRi screens identify coding and noncoding genes that regulate 

neural induction  

An early step towards brain development is neural induction from pluripotent stem 

cells. Using the dual SMAD inhibition (dSMADi) paradigm (Chambers et al., 2009; Tchieu 

et al., 2017), we induced the production of NSCs from iPSCs that express the dCas9-

KRAB CRISPRi machinery (CRISPRi-iPSCs) under doxycycline-inducible control (Figure 

S1A). The induction of NSCs was progressive over time, which we characterized through 

flow cytometry staining of the canonical marker PAX6 (Figure S2B) and RNA-Seq of 

polyadenylated and total RNA at multiple time-points (0, 4, 6, 8, 10, and 11 days). Over 

30,000 coding and noncoding genes were dynamically expressed over the course of 

neural induction (Figure S1C and Table S1). 

We applied the transcriptomic data to inform the assembly of libraries (Methods) 

containing validated CRISPRi sgRNAs targeting human coding (hCRISPRiv2) (Horlbeck 

et al., 2016) and lncRNA (CRiNCL) genes (Liu et al., 2017). We included a total of 212,938 

sgRNAs (with 4,523 non-targeting controls) against 29,583 total targets, covering 18,905 

coding and 10,678 lncRNA genes (Figure 1A, left).  

To identify coding and lncRNA genes that either promote or inhibit neural induction, 

we conducted parallel, pooled PAX6 marker-based screens using CRISPRi-iPSCs 

(Figure 1A). We selected day 8 of neural induction as our screen endpoint, as distinct 

PAX6+ and PAX6- populations were present (Figure S1B), enabling the identification of 

“hits” that either increase or decrease this marker of neural induction. We sequenced the 

sgRNA libraries to ensure their uniform distribution, packaged them into lentivirus, and 
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transduced ~650 million CRISPRi-iPSCs for the coding and lncRNA libraries (2 

independent replicates each). Cells were propagated in self-renewal medium under 

puromycin selection until they reached at least 80% sgRNA positivity, as detected by co-

expressed BFP. 

We performed the screens with >1,000X sgRNA coverage per replicate maintained 

over the course of neural induction. Time zero (T0) aliquots were collected to assess 

initial sgRNA abundance. After 8 days of neural induction and doxycycline-induced 

dCas9-KRAB expression, cells were harvested and quantified. Approximately 2.7 billion 

cells in total were fixed, permeabilized, and stained with antibodies against PAX6 for 

fluorescence-activated cell-sorting (FACS) into PAX6+ and PAX6- fractions (top and 

bottom thirds; Figure 1A, right). The abundance of sgRNAs in each fraction were 

quantified by PCR amplification followed by Illumina sequencing. 

The differentiation phenotype rho (U; log2 enrichment ratio of normalized sgRNA 

abundance in PAX6+ versus PAX6- fraction) was calculated for all targets and non-

targeting controls (Figure 1A, right). Negative values of U indicate that the sgRNA 

decreased neural induction (e.g., knockdown of pro-neural factors) while positive U values 

indicate that the sgRNA promoted the development of PAX6+ cells (e.g., knockdown of 

pluripotency factors). Independent replicates were correlated (Figure S1D) and after 

applying an empirical false discovery rate (FDR) of 0.05, exclusion of ambiguous sgRNAs 

and “neighbor hits” (see Methods, Figure S1E, and Table S2), we identified 419 protein-

coding and 201 lncRNA genes that altered the production of PAX6+ NSCs (Figure 1B-

C).  
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Validation of neural induction screen results 

Of the 18,905 coding genes screened, PAX6 itself was the highest scoring 

negative hit (Figure 1B) with ρ = -3.01, representing an 88% reduction in PAX6+ cells by 

FACS. We also observed numerous examples of hits with expected positive or negative 

impact on neural induction. For instance, pro-pluripotency factors (POU5F1/OCT4, 

GBX2, SMARCC1, PRDM14) were positive hits while genes with known 

neurodevelopmental roles (SOX2, SOX4, SOX11, HES1, OTX2) were negative hits. 

Protein-protein network analysis revealed enrichment for known functional interactions 

among coding gene hits, such as those of the BRG1/BRM associated factor (BAF) 

chromatin remodeling complex, the Polycomb repressive complex (PRC), and signaling 

pathways critical to neurodevelopment such as NOTCH (Figure S2A-B). Furthermore, 

gene ontology (GO) and KEGG pathway analysis of coding hits revealed enrichment for 

processes important in early development (Figure S2C). Thus, our screen design can 

identify genes that function in complexes and pathways important for neural induction. 

To experimentally validate screen results, we selected 32 different sgRNAs hits 

covering each of the hit subcategories (i.e., coding/lncRNA, positive/negative, with 2 

independent sgRNAs per target). These sgRNAs were individually transduced into iPSCs, 

and after 8 days of neural induction and CRISPRi, the cells were analyzed by PAX6 

staining via flow cytometry (Figure 2A). Individual sgRNAs targeting both coding and 

lncRNA genes produced phenotypes corresponding to screen phenotypes (Figure 2B-

C). Collectively, results from individual experiments were highly correlated with the screen 

results (Pearson r = 0.91, Figure 2D), providing experimental validation to the hits 

identified in the screen.  
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Coding gene and lncRNA hits have distinct transcriptomic and epigenomic 

characteristics 

 For both coding and lncRNA genes, we leveraged our screen data to identify 

transcriptomic and epigenomic properties that distinguish hits from non-hits. To provide 

transcriptomic features for this analysis, we used our neural induction RNA-Seq time-

series data (Figure S1B). For each gene targeted in the screen, we determined the 

normalized expression (transcripts per million, TPM), fold-change at each time point 

relative to day 0, maximum expression, maximum fold-change, and scaled expression (Z-

score representing relative change across time). For epigenomic features, we used data 

from the Roadmap Epigenomics project that profiled 27 histone marks in human 

embryonic cells undergoing dual SMAD inhibition neural induction similar to that 

performed in our screen (Xie et al., 2013). For all coding and lncRNA genes, we quantified 

the levels of the histone marks at the promoter in the pluripotent state and after neural 

induction. 

To compare the overall ability of transcriptomic and epigenomic data to 

discriminate hits from non-hits, we constructed machine learning classifiers and analyzed 

the area under the curve (AUC) of the receiver operating characteristic (ROC). For coding 

genes, both transcriptomic and epigenomic datasets classified neural induction screen 

hits at a similar performance (mean AUC 0.74-0.75) (Figure 3A, top). In contrast, 

transcriptomics (mean AUC 0.55) substantially underperformed epigenomics (mean AUC 

0.74) for the classification of lncRNA hits (Figure 3A, bottom). Thus, while both 

transcriptomic and epigenomic features were associated with coding gene hits, lncRNA 



 

 32 

hits were more strongly associated with histone marks. This pattern was consistent 

across common machine learning algorithms (Figure S3A). 

We next performed a bootstrapped ROC analysis of each bioinformatic feature 

with significance at the 99% confidence level (Figure 3B). For transcriptomic features, 

expression level at all time-points scored highly for coding hits but not lncRNA hits (Figure 

3B). The median expression level of coding hits (50.4 TPM) was over 4-fold higher than 

that of non-hits (11.7 TPM), whereas the expression level difference of lncRNA hits (0.7 

TPM) and non-hits (0.4 TPM) was smaller and less significant (Figure 3C, left). 

Differential expression differences (maximum absolute fold change) were also more 

associated with coding genes than lncRNAs (Figure 3C, right). Using a time-series 

clustering algorithm to classify genes based on their temporal expression dynamics, we 

identified 8 transcriptomic patterns (Figure S3B). While lncRNA hits were not enriched 

for any pattern, coding hits were associated with multiple (Figure S3C). Thus, across 

multiple transcriptomic analyses, coding hits were more associated with gene expression 

differences than lncRNA hits. 

Epigenomic features as a group were associated with both coding and lncRNA 

hits. To explore this finding at a more granular level, we examined histone-3 lysine-4 

trimethylation (H3K4me3), which scored highly in the individual ROC analysis. This 

histone modification is associated with active genes (Santos-Rosa et al., 2002), with the 

top 5% “broadest” domains enriched for genes important for cellular identity and function 

(Benayoun et al., 2014, 2015). Analysis of normalized ChIP-Seq profiles revealed 

elevated H3K4me3 deposition at both coding and lncRNA hit promoter regions (Figure 

3D). Additionally, both coding and lncRNA hits were significantly enriched (odds ratio ~4-
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8) in the broadest H3K4me3 domains (Figure 3E). Together, these findings illustrate how 

epigenomic features – as a group as well as at the level of a specific histone mark – 

distinguish hits from non-hits in a screen for genes that regulate neural induction. 

 

A subset of lncRNA hits have evidence of enhancer-like function 

Some lncRNAs regulate the expression of genes on the same chromosome by an 

enhancer-like mechanism (Engreitz et al., 2016; Kopp and Mendell, 2018; Ørom et al., 

2010). Cross-reference with the FANTOM5 atlas of 43,011 human enhancers (Andersson 

et al., 2014) revealed that 8% of lncRNA hits had a TSS that overlapped or were within 1 

kb of a potential enhancer (Figure 4A, B). This proportion of lncRNA hits mapping to 

enhancers was not significantly different from that of coding gene hits (6%) or lncRNA 

non-hits (6%) (Figure 4B, left). When cross-referenced with FANTOM5 data specific to 

neural tissues and cell types, only 3% of lncRNA hits mapped to such putative neural 

enhancers (Figure 4B, middle). A massively parallel reporter assay (MPRA) recently 

identified 1,547 candidate regulatory sequences activated during human neural induction 

(Inoue et al., 2019). Among the screen hits, 3% of lncRNAs and 2% of coding genes 

mapped to MPRA enhancer elements (Figure 4B, right). Combining these datasets, 11% 

of lncRNA hits and 8% of coding hits mapped to potential enhancer sequences (Table 

S3). 

We also considered the genomic orientation of each lncRNA hit and the nearest 

coding gene hit on the same chromosome. Some lncRNAs are found in divergent, 

overlapping, or antisense orientations with coding genes (Figure 4C), and these relatively 

close-range distances can correlate with enhancer-like function between the promoter 
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regions (Engreitz et al., 2016). Of the 201 lncRNA hits, 11 (5%) were found in such close-

range lncRNA-coding hit pairs, with the antisense orientation being statistically enriched 

(Figure 4D).  

The genomic distance between all lncRNA-coding hit pairs ranged from ~1 kb to 

over 35 megabases (Mb), with a median distance of 1.68 Mb (Figure S4A). Some 

lncRNAs can regulate gene expression through long-range 3-dimensional (3D) 

intrachromosomal interactions (He et al., 2021). To investigate such looping interactions, 

we performed H3K4me3 proximity ligation-assisted ChIP-sequencing (PLAC-Seq) in the 

parental iPSC line used in our screen. After significance filtering, we identified 18,348 

intrachromosomal interactions at 5 kb resolution, spanning distances from 10 kb to 1 Mb. 

We mapped the anchor points of these interactions to gene coordinates, resulting in 8,624 

interactions that mapped to at least 1 gene at either anchor. Using the screen data, we 

annotated gene-gene chromatin interactions as “interaction hits” if they connected a 

lncRNA hit at one anchor to a coding hit at the other anchor (Figure 4E and Table S4). 

Among the 7,032 gene-gene interaction pairs, 6 lncRNA hits (3%) interacted with a coding 

hit at median linear distance of 160 kb (Figure 4F).  

In total, 18% (36 of 201) of the lncRNA hits had evidence of enhancer-like function 

in at least one of the aforementioned analyses (Figure 4G). These inclusive criteria also 

classified 13% (54 of 419) of coding gene hits as potential enhancers (Figure S4B). Using 

higher stringency criteria – evidence from at least two of the analyses – only 2% (4 of 

201) of lncRNA hits were classified as potential enhancers (Figure 4G). Taken together, 

these analyses indicate that a small fraction of lncRNA and coding hits from our neural 

induction screen have evidence of enhancer-like function. 
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Functional lncRNA genes are enriched for roles in promoting neural induction  

Similar numbers of coding gene hits exerted positive (52%) and negative (48%) 

effects on neural induction, and this slight skew was not significant (permutation test p = 

0.27, Figure 5A, left). In contrast, the majority (87%) of lncRNA hits identified were 

negative hits, and this skew in the lncRNA hit distribution was highly significant 

(permutation test p < 1 x 10-6, Figure 5A, right). These results indicate that lncRNA hits 

were enriched for functions that normally promote neural induction, as the inhibition of 

these hits led to decreased PAX6+ NSCs. 

During development, cell division can have important effects on differentiation. To 

investigate the effects of proliferation during neural induction, we compared the total 

sgRNA abundance in the PAX6+ and PAX6- fractions at day 8 (final abundance) to the 

initial sgRNA abundance in samples collected at the beginning of the screen (Figure 

S5A). This enabled calculation of the growth enrichment index gamma (J; negative values 

indicate a decrease in proliferation; positive values indicate an increase), which we 

directly validated in a separate screen without FACS-sorting (see Methods, Figure S5B).  

We identified 730 coding gene hits and 24 lncRNA hits that altered cell proliferation 

during neural induction. Coding gene hits included numerous cell cycle, apoptosis, and 

other essential genes (e.g. CDC20, CDT1, TP53, MDM2, TOP2A, BAX) (Figure S5C). 

Proliferation hits were strongly enriched for GO terms relating to essential biological 

processes, including ribosome biogenesis and DNA helicase activity (Figure S5D). As a 

group, coding hits were biased toward negative proliferation hits (Figure 5B), consistent 

with previous studies of essential genes (Hart et al., 2015, 2017; Wang et al., 2015).  
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Integrated analyses of both differentiation and proliferation effects (Figure 5C) 

revealed that the majority (91%) of hits produced a single phenotype (i.e., differentiation 

or proliferation, but not both). Of the 1,258 hits across both coding and lncRNA screens, 

only 9% of hits had “dual” phenotypes (Figure 5D). For example, knockdown of the dual 

hit POU5F1/OCT4 increased differentiation (positive p, Figure 1B) and decreased 

proliferation (negative J, Figure S5C), consistent with its role in maintaining both 

pluripotency and self-renewing stem cell divisions.  

Additionally, the integrated analysis revealed a major contrast between coding and 

lncRNA genes in their relative numbers of differentiation and proliferation hits. Among all 

coding hits, the ratio of differentiation to proliferation hits was skewed toward proliferation 

by 1:2 (permutation test, p < 1 x 10-6). Among lncRNA hits, however, differentiation hits 

outnumbered proliferation hits by nearly 10-fold (permutation test, p < 1 x 10-6, Figure 

5E). Coding hits were also far more likely to exhibit dual function (11%) than lncRNAs 

(1%). Thus, as compared to coding gene hits, lncRNA hits were more specialized for roles 

in promoting of neural induction.  

 

Perturb-Seq reveals diverse phenotypes and interaction pathways of neural 

induction screen hits 

The genome-wide screens identified hundreds of genes important for neural 

induction and revealed general differences between coding and lncRNA gene function. 

To gain granular insight into the roles of coding and lncRNA genes in neurodevelopment, 

we used the screen data to design a Perturb-Seq experiment (Adamson et al., 2016; 
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Replogle et al., 2020), which couples pooled genetic perturbation with single-cell 

transcriptomic readout (Figure 6A). 

The Perturb-Seq library consisted of 492 sgRNAs for 12 non-targeting controls and 

240 unique targets (120 coding, 120 lncRNA, with 2 independent sgRNAs each), covering 

60 positive differentiation hits, 85 negative differentiation hits, 30 dual hits, as well as 65 

non-hits. Targets were selected from hits with the highest neural induction screen scores 

and randomly sampled non-hits with similar average expression levels as hits. The library 

was transduced into CRISPRi-iPSCs at a low multiplicity of infection (MOI) of 0.1, 

corresponding to >95% cells with a single sgRNA integration. After FACS-sorting for 

sgRNA+ cells, we initiated neural induction and activation of CRISPRi. On day 8, we 

harvested cells and prepared scRNA-Seq libraries using direct capture of sgRNAs 

(Replogle et al., 2020).  

Following sequencing and data processing, we filtered cells for sgRNA detection, 

singlet status, and quality metrics (Methods and Table S5). We obtained a total of 78,393 

cells that harbored single sgRNA perturbations, with each perturbation represented in a 

median of 317 cells. The Perturb-Seq dataset was visualized in 2 dimensions using 

uniform manifold approximation and projection (UMAP). Based on RNA velocity analysis 

(Figure 6B) (Bergen et al., 2020; Manno et al., 2018) and marker gene expression 

(Figures 6C and S6A), we identified three major cellular trajectories. The largest 

trajectory (50%) corresponded to non-cycling cells in the NSC lineage, with velocities 

directed toward a final cell state with high expression of neural markers including PAX6, 

FOXG1, and EMX2. Pluripotency markers such as GBX2 and OCT4/POU5F1 were lowly 

expressed in this trajectory but present in other cell populations (Figures 6C and S6A). 
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The second largest trajectory (30%) consisted of actively cycling cells (CDC6+ and 

MKI67+), including both PAX6+ cells as well as PAX6- cells that expressed pluripotency 

markers. Cells exiting this trajectory branched into either the NSC trajectory or a third 

trajectory (14%) that was characterized by markers of ectodermal lineages (TFAP2A/B) 

outside the central nervous system (CNS) (Tchieu et al., 2017). Additionally, a subset of 

cells (7%) exhibited sufficiently distinct transcriptional profiles that did not fall within these 

trajectories. 

Each Perturb-Seq sgRNA was mapped to each cell, and we constructed 

normalized 2D density heatmaps to visualize the enrichment of hits and non-hits in the 

UMAP space. As a group, positive hit sgRNAs were enriched in PAX6+ NSCs, whereas 

negative hit sgRNAs were enriched in multiple PAX6- cell states (Figure 6D). While the 

distributions of positive and negative hits were significantly different from control sgRNAs, 

the distribution of non-hits was not (Figure 6D), suggesting that non-hits as a group did 

not have substantial effects on the neural induction transcriptome. To assess potential 

sgRNA effects on cell proliferation, we quantified the number of cells expressing each 

sgRNA, providing a relative measure of this growth phenotype (e.g., a target that reduces 

proliferation would drop out over time, resulting in fewer sgRNA+ cells). For targets in the 

Perturb-Seq experiment, the sgRNA-cell counts at day 8 of neural induction were 

proportional to the γ proliferation phenotype from the genome-wide screens (Figure 

S6B), with dual hits showing the strongest correlation (Pearson r = 0.92). Thus, both 

differentiation and proliferation effects from the genome-wide screens were confirmed by 

Perturb-Seq. 



 

 39 

To analyze the effects of individual hits, we generated normalized density 

heatmaps for each target, and performed density-based spatial clustering and application 

with noise (DBSCAN) to identify discrete UMAP regions of high sgRNA density (see 

Methods). Pairwise analysis and hierarchical clustering of the density profiles revealed 

groups of targets with similar effects (Figures 6E and S6C-E). For instance, 

OCT4/POU5F1 is upregulated by SALL4 (Zhang et al., 2006), and the density heatmaps 

of these two positive hits were highly overlapping, with a similar enrichment pattern in 

both the NSC and non-CNS ectoderm trajectories (Figure S6C). Analysis of the density 

heatmaps also identified similar patterns among other groups of coding genes known to 

function in the same molecular pathways, such as Wingless (WNT) and Mitogen Activated 

Protein Kinase (MAPK) signaling (Figure S6C and Table S6). 

Perturbation of genes encoding proteins that physically interact also produced 

similar patterns in this Perturb-Seq analysis. BAF1 complex components were positive 

hits in the genome-wide neural induction screen (Figures 1 and S2B), and sgRNAs 

targeting ARID1A (BAF250A), SMARCA4 (BRG1), SMARCC1 (BAF155), and SMARCE1 

(BAF57) were discretely enriched in overlapping cell states in the UMAP space (Figure 

6F, top). Knockdown of the BAF complex led to enrichment farther along both NSC and 

non-CNS ectoderm trajectories, consistent with the role of this chromatin regulator in 

maintaining stem cell pluripotency (Gatchalian et al., 2018). Proteins encoded by negative 

hits PAF1, CTR9, RTF1, and CDC73 physically interact in a complex known as PAF1c 

that regulates transcription, chromatin structure, and signaling pathways important for 

embryogenesis (Oss et al., 2017). Targeting these PAF1c components produced a cell 

state that is distinct from the major cell trajectories observed in neural induction (Figure 
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6F, bottom). Similarly, Perturb-Seq revealed overlapping density patterns among hits 

related to the Mediator, DNA synthesis, and Polycomb complexes (Figure S6D). 

Interestingly, pairwise similarity analysis also identified less characterized as well 

as novel potential interactions (Figure S6D). For instance, KDM1A and HESX have been 

predicted to interact from two hybrid experiments (Weimann et al., 2013), and these hits 

had a similar distribution in the UMAP space (Figure S6E). Examples of similar 

transcriptional effects were also found for coding and lncRNA target pairs (Figure S6E). 

Thus, by providing a view of transcriptomic effects at single-cell resolution, Perturb-Seq 

enables the detection of known functional networks, suggesting that less studied coding 

and noncoding genes can be functionally associated based on the similarity of their 

Perturb-Seq profiles (Norman et al., 2019). 

 

Coding gene perturbations are associated with fewer cell states compared to 

lncRNAs 

Based on the DBSCAN analysis of density profiles for all Perturb-Seq targets, we 

identified a total of 594 regions of high sgRNA density in the UMAP embedding. Many of 

these regions were highly overlapping across multiple targets (Figure S7A), and through 

hierarchical clustering (Figure S7B-C), similar regions were collapsed into 29 cell states 

(Figure 7A). Each Perturb-Seq target was then analyzed for the relative density of its 

sgRNAs mapping to each of the 29 states, and this data was visualized by heatmap 

(Figure 7B and Table S7). Positive and negative hits largely separated, even though this 

directional information was not used to inform clustering. For instance, many positive hits 

associated with NSC states (e.g., 16, 12, 9, 23, 24), while negative hits were prominent 
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in less differentiated, intermediate cell states (e.g., 13, 6). While some Perturb-Seq 

targets mapped to only a single state, we noted that other targets produced multiple, 

discrete states (Figure 7B). 

Among the targets that produced a single state was the positive hit OGT (neural 

induction screen U = 1.19), which encodes the O-GlcNAc transferase protein with key 

roles in pluripotency and neural differentiation (Andres et al., 2017; Jang et al., 2012). 

Perturb-Seq sgRNAs targeting OGT were enriched in NSC state 16 (Figure 7C, top left), 

which was characterized by the highest expression of neural markers, including genes 

involved in forebrain development (e.g., PAX6, FOXG1, FEZF1, EMX2) (Figure 7D and 

Table S7). Targeting the novel lncRNA LH09400 (internal identifier, screen U = 1.20) led 

to enrichment in NSC state 12 (Figure 7C, top right), which also expressed neural 

markers but had higher levels of HES4, HES5, and ID4 – genes downstream of NOTCH 

signaling. Thus, both coding and lncRNA positive differentiation hits can produce single 

states in this Perturb-Seq analysis. 

In the genome-wide screen, Homeobox expressed in ES cells 1 (HESX1) – which 

encodes a transcription factor required for anterior forebrain development (Martinez-

Barbera et al., 2000) – was a negative hit (U = -1.16). Perturb-Seq targeting of HESX1 led 

to enrichment in cell state 6 (Figure 7C, lower left), an intermediate state characterized 

by PAX6- and GBX2+ cells exiting the cell cycle trajectory (Figure 6C) and 

downregulation of the MAPK cascade (Figure 7D). While other negative coding hits also 

produced single states (Figure 7B), we noted that lncRNA negative hits appeared to be 

more distributed across multiple states.  
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For example, LH14510 is a novel lncRNA negative hit with a neural induction 

screen phenotype similar to that of HESX1 (U = -1.05 and -1.16, respectively). While 

HESX1 perturbation resulted in a solitary state in the NSC trajectory, sgRNAs targeting 

LH14510 were enriched in 7 cell states (6, 13, 12, 18, 24, 26, and 1; Figure 7C). In 

addition to affecting cells in the NSC lineage (states 6, 13, and 12), perturbation of 

LH14510 also resulted in changes to cell cycle (states 18 and 24), apoptosis (state 26), 

and cells at the far end of the non-CNS ectoderm trajectory (state 1, Figure 7D). Thus, 

despite these two negative hits inhibiting neural induction to a similar degree, the effect 

of LH14510 targeting was vastly different from that of HESX1. 

We thus investigated whether lncRNA hits in general were distinct from coding 

gene hits in the number of associated states. Overall, lncRNA hits were twice as likely as 

coding hits to result in 3 or more cell states (Fisher’s exact test, p = 1 x 10-4; Figure S7B). 

72% of positive and 70% of negative coding hits gave rise to 1-2 states in the Perturb-

Seq analysis, as did 56% of positive lncRNA hits. In contrast, only 14% of negative 

lncRNA hits resulted in 1-2 states, with 86% giving rise to 3 or more (Figure 7E). 

Compared to negative coding hits, negative lncRNA hits were 2.9 times more likely to 

produce 3 or more cellular states (Fisher’s exact test, p < 1 x 10-5), and this difference 

was not explained by neural induction effect size (Figure S7C). Thus, compared to coding 

gene hits, lncRNA hits are associated with a greater number of cell states. 

DISCUSSION 

While it is now known that human chromosomes are extensively transcribed 

(Djebali et al., 2012; Hon et al., 2017), the relative contribution of the coding and lncRNA 

genomes to development is poorly understood. In this study, we applied functional 
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genomics to study coding and lncRNA genes that regulate neural induction from 

pluripotent stem cells. In addition to identifying hundreds of genes that regulate this early 

step of neurodevelopment, the genome-scale and parallel design of the screens revealed 

important distinctions between the coding and lncRNA classes. The high-dimensional 

Perturb-Seq analyses provided novel insights into the biology that underlies the function 

of hundreds of screen hits, further illustrating how lncRNAs and coding genes affect the 

process of neural induction differently.  

The expression level of a gene is often used to predict biological function in 

development (Hon et al., 2017; Mercer et al., 2008). For instance, genes expressed at 

higher levels might be expected to be more likely to have phenotypes than lowly-

expressed genes. In our systematic analyses, the inference of function by transcriptional 

information is relatively strong for coding genes, but much weaker for lncRNAs. In 

contrast, for both coding genes and lncRNAs, epigenomic information (e.g., the level of 

specific histone modifications) could discriminate hits from non-hits for neural induction 

function. In addition to providing information that can help prioritize lncRNAs for functional 

studies (e.g., the presence of specific histone modifications may be more predictive than 

gene expression levels and/or differences; also see Guttman et al., 2009), these insights 

indicate that there is a fundamental difference in how coding and lncRNA genes regulate 

neural development. 

Some lncRNAs regulate gene expression via enhancer-like activity (Engreitz et al., 

2016; Kopp and Mendell, 2018; Ørom et al., 2010). CRISPRi can inhibit such activity by 

sterically blocking DNA binding sites or reducing transcription through DNA regulatory 

sequences (Thakore et al., 2015). By combining multiple enhancer datasets (Andersson 
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et al., 2014; Inoue et al., 2019), analysis of genomic relationships between hits, and 

studies of chromatin loop interactions, we found that 18% of lncRNA hits had at least one 

piece of evidence for enhancer-like activity. In this same analysis, we also found that 13% 

of coding hits met at least one criterion for enhancer-like activity. Thus, with this broadly 

inclusive set of criteria, only a minority of lncRNA and coding hits mapped to potential 

enhancer loci, suggesting that most hits do not regulate neural induction through 

enhancer-like function. 

In the process of cell differentiation, genes can be generally classified as positive 

and negative regulators. While coding gene hits were equally distributed in these two 

categories, lncRNA hits were strongly skewed for negative hits, indicating that most 

lncRNA hits would be classified as positive regulators of neural induction. Protein-coding 

hits were instead skewed for roles in cell proliferation, with the majority being essential to 

growth. Taken together, these results indicated that in comparison to coding gene hits, 

lncRNA hits were nearly 10-fold more likely to have roles in differentiation than 

proliferation. Thus, our work provides systematic, genome-scale evidence supporting the 

hypothesis that lncRNAs tend to have specialized functions (e.g. regulating 

differentiation) in the cell rather than essential housekeeping roles (Batista and Chang, 

2013; Fatica and Bozzoni, 2014; Flynn and Chang, 2014).  

The scRNA-Seq readout of Perturb-Seq provided high-dimensional resolution of 

hit phenotypes, and the inclusion of both coding and lncRNA genes in this pooled 

experiment enabled detailed comparisons of these classes. Among coding genes, 

Perturb-Seq identified groups of hits that had highly similar phenotypes (e.g., genes that 

form the PAF1 transcriptional complex, Figure 6E); the localization of sgRNAs to the 
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same cell state indicated that the four PAF1 complex hits all inhibit neural induction in a 

similar manner, producing a transcriptomic state suggestive of altered RNA processing. 

BAF1 complex hits also produced highly overlapping phenotypes, and our analysis 

dissected this positive hit screen phenotype into two cell states representing distinct 

differentiation trajectories, suggesting that the BAF1 complex acts as a general barrier to 

differentiation. The ability of Perturb-Seq to identify highly similar phenotypes among 

coding hits known to physically or functionally interact suggests that this analysis can help 

prioritize the study of potential functional interactions between coding and lncRNA genes. 

In the Perturb-Seq analysis, most coding gene hits produced only 1 or 2 cell states. 

In contrast, 86% of negative lncRNA hits were associated with 3 or more cell states. For 

example, sgRNAs targeting the homeobox transcription factor HESX1 (Martinez-Barbera 

et al., 2000) were enriched in a single, intermediate PAX6-negative population within the 

NSC trajectory (Figures 6B and 7C), suggesting that without HESX1, cells become 

stalled or are slower to progress to NSCs. In contrast, sgRNAs targeting the novel lncRNA 

LH14510 – a negative hit with the same effect magnitude as HESX1 – were enriched in 

7 states, including cell types outside the NSC lineage, such as surface ectoderm 

(expressing KRT8, KRT18) and possibly neural crest-derived cells (expressing EDNRA). 

One interpretation of this comparison is that in neural induction, HESX1 may function 

primarily along a specific developmental program, whereas LH14510 has function(s) 

across multiple cellular programs, helping “constrain” cells to the NSC trajectory. Detailed 

study of individual genes will be necessary to understand the underlying molecular 

mechanisms.   
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The functional distinctions between the coding and lncRNA genomes have broad 

implications for understanding the contribution of these two classes of genetic information 

to development and disease. Many lncRNAs appear to have arisen in evolution much 

later than protein-coding genes (Necsulea et al., 2014; Ulitsky, 2016; Ulitsky and Bartel, 

2013), which may correspond to the propensity of lncRNA genes to function in cell 

differentiation rather than the more basic process of cell proliferation. Studies of human 

genome variation and expression have implicated both lncRNA and coding genes in a 

wide range of neurodevelopmental disorders (Goede et al., 2021; Hon et al., 2017), and 

our results provide a functional context in which to begin to study potential disease 

associations. More generally, our systematic studies demonstrate that within the human 

genetic landscape, the lncRNA genome contains a wealth of information important for 

neural induction.   
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Figure 2.1: Parallel genome-wide CRISPRi screens identify coding and noncoding 
genes that regulate neural induction 
(A) Overview of pooled, marker-based CRISPRi screen design for assessing 18,950 
coding genes and 10,678 lncRNA targets in the regulation of neural induction. Each class 
was targeted with ~100,000 sgRNAs, with 5 sgRNAs/TSS for coding genes and 10 
sgRNAs/TSS for lncRNAs due to more accurate TSS annotations for coding genes. 
Parallel screens were performed on a staggered schedule for feasibility, and top and 
bottom thirds of the PAX6 fractions were sorted during FACS. 
(B) Volcano plot of neural induction screen results for coding genes (5 sgRNAs/TSS); 
and  
(C) Volcano plot of neural induction screen results for lncRNAs (10 sgRNAs/TSS), with 
X-axis showing screen phenotype rho (U) value (normalized enrichment in PAX6+ / 
PAX6- fractions) and Y-axis showing -log10 p-value. Blue dots show hits (FDR < 0.05); 
dark grey dots show non-hits; light grey dots show non-targeting controls.  
See also Figure S1 and Tables S1 and S2. 
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Figure 2.2: Experimental validation of neural induction screen results 
(A) Diagram of arrayed, individual sgRNA validation assay using CRISPRi-iPSCs with 
exemplar PAX6 flow cytometry histograms for negative and positive screen hits.  
(B) Histograms showing PAX6 flow cytometry staining of validated positive and negative 
hits for both coding and lncRNA classes. 
(C) Validation scatter plot of 32 sgRNAs targeting positive and negative hits of both 
coding and lncRNA classes, with X-axis showing the genome-wide screen U and Y-axis 
showing the individual validation U’, which were strongly correlated (Pearson r = 0.91). 
See also Figure S2. 
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Figure 2.3: Machine learning analyses reveals distinct transcriptomic and 
epigenomic properties of coding and lncRNA hits 
(A) Representative ROC curves for transcriptomic and epigenomic data in classifying 
coding and lncRNA hits vs. non-hits. Selected curves were within 1% of the mean AUC 
value of 1,000 training/validation trials. 
(B) Heatmaps showing AUC values for individual transcriptomic and epigenomic 
features for classifying coding and lncRNA hits vs. non-hits. Statistical significance 
determined at the 99% confidence level from 1,000 bootstraps, with non-significant 
features are denoted in grey. 
(C) Boxplots showing the distribution of max expression level (left) and log2 fold-change 
(right) of coding genes and lncRNAs during neural induction. Coding hits colored in 
green; lncRNA hits colored in magenta; all non-hits colored in grey. All p-values were 
determined using the Mann-Whitney test. 
(D) ChIP-Seq profiles showing average H3K4me3 signal in a 2-kb window at the 
promoter region of coding and lncRNA genes in ESCs. Coding hits colored in green; 
lncRNA hits colored in magenta; all non-hits colored in grey. 
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(E) Odds ratio for the enrichment of hits in top 5% broadest H3K4me3 domains. Both 
coding and lncRNA hits had significantly enriched odds compared to non-hits. Dashed 
line denotes an odds ratio of 1 (null hypothesis), and error bars denote 95% confidence 
intervals determined by Fisher’s exact test. * p < 1 x 10-8 

See also Figure S3 and Table S1. 
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Figure 2.4: A subset of lncRNA hits have evidence of enhancer-like function 
(A) Diagram of screen hits that map to enhancer sequences across FANTOM5 atlas and 
MPRA neural induction enhancer datasets. 
(B) Bar plots showing fraction of coding and lncRNA genes (colored = hit; grey = non-hit) 
mapping to enhancers described in (A). * p < 0.05 comparing hits and non-hits by Fisher’s 
exact test; n.s., non-significant 
(C) Diagram of close-range lncRNA-coding hit pairs with genomic relationships. 
(D) Bar plots showing fraction of coding and lncRNA genes (colored = hit; grey = non-hit) 
in each category described in (C). * p < 0.05 comparing hits and non-hits by Fisher’s exact 
test; n.s., non-significant 
(E) Diagram of long-range 3D chromatin interactions between lncRNA and coding hit 
pairs. 
(F) Histogram showing counts and distances of long-range 3D gene-gene looping 
interactions identified by PLAC-Seq. Interaction hit pairs are colored in light red, while 
all other interactions are in grey. 
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(G) Venn diagram showing all potential enhancer-like lncRNA screen hits falling into the 
categories detailed above. 
See also Figure S4 and Tables S3 and S4. 
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Figure 2.5: Functional lncRNA genes are enriched for roles in promoting neural 
induction 
(A) Distributions of genome-wide U values for coding and lncRNA hits in PAX6 marker-
based differentiation screens. * p < 1 x 10-6 by permutation test.  
(B) Distributions of genome-wide J values for coding and lncRNA hits in growth-based 
proliferation screens. * p < 1 x 10-6 by permutation test. 
(C) Scatter plots showing both differentiation (U) and proliferation (J) phenotypes for all 
screened genes, with hits colored by their primary phenotype (differentiation = blue, 
proliferation = orange, or dual = purple) and non-hits shown in grey. 
(D) Venn diagrams showing relative breakdown of coding and lncRNA hits by their 
primary phenotypes, drawn to scale. 
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(E) Ratio of differentiation to proliferation hits for coding genes and lncRNAs in neural 
induction. * p < 1 x 10-6 by permutation test. 
See also Figure S5 and Table S2. 
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Figure 2.6: Perturb-Seq reveals diverse phenotypes and interacting pathways of 
neural induction screen hits  
(A) Overview of neural induction Perturb-Seq experimental design, with direct capture of 
sgRNAs. 
(B) Major cell trajectories inferred from RNA velocity and visualized in 2D by UMAP. 
(C) Expression of markers for NSCs, pluripotent cells, and actively cycling cells, 
visualized by color intensity on UMAP. 
(D) Normalized density heatmaps of hit and non-hit sgRNAs, overlaid on UMAP. 
Density profiles of Perturb-Seq target sgRNAs were calculated in UMAP space and 
normalized to the background density of non-targeting controls. * p < 1 x 10-3 based on 
multivariate Kolmogorov-Smirnov test vs. non-targeting control distribution. 
(E) Heatmap showing hierarchical clustering of Perturb-Seq targets by the similarity of 
their density profiles using the overlap coefficient. Two groups of targets, the BAF and 
PAF1c complexes, are highlighted in blue and red, respectively. 
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(F) Normalized density heatmaps of sgRNAs targeting BAF and PAF1c complex 
members and their colocalization in UMAP. 
See also Figure S6 and Tables S5 and S6. 
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Figure 2.7: Perturb-Seq analysis of cell states reveal differences between coding 
and lncRNA hits  
(A) Cell states associated with target perturbations, overlaid on UMAP.  
(B) Heatmap showing the density of sgRNAs for each target (rows) across the 29 cell 
states (columns), colored by positive or negative hit direction. Hit direction was not used 
for clustering. 
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(C) Normalized density heatmaps of positive and negative coding and lncRNA hits with 
similar magnitudes of effect from the genome-wide neural induction screens.  
(D) Heatmap of gene expression signatures of cell states observed in (C), with enriched 
gene ontology terms (FDR < 0.01) and markers listed for each signature. 
(E) Pie charts showing the proportion of hits in each category (coding/lncRNA, 
positive/negative) associated with few (1-2) or multiple (3+) states. Negative coding and 
lncRNA hits were significantly different. * p < 1 x 10-5 by Fisher’s exact test. 
See also Figure S7 and Table S7. 
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Figure S2.1: Screen design and replicate analysis, related to Figure 1 
(A) Neural induction of CRISPRi-iPSCs by dual SMAD inhibition, stained for PAX6 
protein, a canonical marker of NSCs. Scale bar, 100 Pm. 
(B) Progressive increase of PAX6+ NSCs over time during neural induction, analyzed 
by flow cytometry. Distinct peaks of PAX6+ and PAX6- were present at day 8, which 
was selected as the screen endpoint. 
(C) Heatmap showing Z-scaled gene expression for top differentially expressed coding 
and lncRNA transcripts during neural induction time-course.  
(D) Replicate analyses of coding and lncRNA screen data at the level of normalized 
read counts (CPM), phenotype (U), and screen score. Pearson correlations reported for 
each analysis. 
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(E) Overview of neighbor hit identification. Any lncRNA hit with its TSS within 1 kb of a 
coding hit TSS is classified as a neighbor hit, as previously described (Liu et al., 2017). 
See also Tables S1 and S2. 
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Figure S2.2: Bioinformatic validation of neural induction screen results, related to 
Figure 2 
(A) Analysis of protein-protein network interactions in the STRINGdb database for screen 
hits and randomly selected genes. Hits were highly enriched for connections compared 
to random gene sets at all confidence thresholds. Error bars denote 95% confidence 
interval from 1,000 random samples. * p < 1 x 10-16 determined from STRINGdb protein-
protein interaction enrichment test. 
(B) Network graph showing high confidence interactions (from experiments and 
databases only) between neural induction screen hits, with select complexes and 
pathways highlighted. 
(C) Gene ontology enrichment analysis of neural induction coding gene hits for 
molecular function, biological process, cellular component, and KEGG pathway terms. 
All terms were significant at FDR < 0.01. 
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Figure S2.3: Machine learning performance and transcriptomic patterns, related to 
Figure 3 
(A) Summary plot of AUC distributions obtained from 1,000 trials for each of 3 common 
machine learning algorithms used to classify hits and non-hits for coding genes and 
lncRNAs. 
(B) Line plots showing 8 major transcriptional patterns identified from neural induction 
RNA-Seq time-series clustering, with time-point plotted on the X-axis and expression Z-
score plotted on the Y-axis. Colored lines represent median transcript for each cluster, 
and light grey lines represent all genes for that cluster. 
(C) Heatmap showing enrichment of coding and lncRNA hits in each of the 
transcriptomic clusters. Numbers represent the percent of genes within the cluster that 
are hits, and color represents the log2 odds for statistically significant enrichments, 
determined by Fisher’s exact test (FDR < 0.05).  
See also Table S1. 
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Figure S2.4: Coding-lncRNA hit distances and categorization of enhancer-like 
coding loci, related to Figure 4 
(A) Histogram showing linear genomic distances of lncRNA hit start sites to the nearest 
coding hit start site, with a median distance of 1.68 Mb. 
(B) Venn diagram showing all potential enhancer-like coding gene screen hits falling 
into the categories detailed in Figure 4. 
See also Tables S3 and S4. 
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Figure S2.5: Assessment of proliferation effects during neural induction, related to 
Figure 5 
(A) Diagram showing calculation of J values from the genome-wide neural induction 
screens, with day 8 sorted fractions combined into a final time-point to compare to the 
initial time-point. 
(B) Scatter plot showing validation of J phenotype calculation from a separate screen 
where J was determined as shown in (A) or by using unsorted cells at the final time-
point.  
(C) Volcano plots of genome-wide proliferation screen results for coding genes and 
lncRNAs, with X-axis showing screen phenotype J value and Y-axis showing -log10 p-
value. Orange dots show hits (FDR < 0.05); dark grey dots show non-hits; light grey 
dots show non-targeting controls.  
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(D) Gene ontology enrichment analysis of coding gene proliferation hits for molecular 
function, biological process, cellular component, and KEGG pathway terms. All terms 
were significant at FDR < 0.01. 
See also Table S2. 
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Figure S2.6: Functionally-associated targets revealed by Perturb-Seq, related to 
Figure 6 
(A) Expression of key markers of neural cells, actively cycling cells, pluripotent cells, 
and other ectodermal cells, visualized by color intensity on UMAP. 
(B) Scatter plot showing validation of proliferation phenotypes by Perturb-Seq, with X-axis 
showing the genome-wide J phenotype and the Y-axis showing the day 8 Perturb-Seq 8 
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cell count. Dual hits, with expected proliferation effects, are colored in orange, while those 
without proliferation phenotypes are colored in grey. Pearson r = 0.92 for dual hits. 
(C) Normalized density heatmaps of targets with similar profiles and known pathway 
interactions, overlaid on UMAP. 
(D) Normalized density heatmaps of targets with similar profiles and known physical 
interactions, overlaid on UMAP. 
(E) Normalized density heatmaps of targets with similar profiles and uncharacterized 
associations (including lncRNA-coding gene pairs), overlaid on UMAP. 
See also Tables S5 and S6. 
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Figure S2.7: Perturb-Seq cell state analysis, related to Figure 7 
(A) Overview of regions of high sgRNA density detected across all targets, which were 
analyzed by overlap similarity for clustering and merging. 
(B) Hierarchical clustering of all detected cell states by overlap coefficient. 
(C) Merging of similar cell states by overlap coefficient into 29 clusters, with k 
determined by the silhouette method. 
(D) Pie charts showing the proportion of all coding and lncRNA hits associated with few 
(1-2) or multiple (3+) Perturb-Seq cell states. Coding and lncRNA hits were significantly 
different. * p = 1 x 10-4 by Fisher’s exact test. 
(E) Scatter plots of positive and negative coding and lncRNA hit phenotypes vs. number 
of cell states, with the X-axis showing the number of Perturb-Seq states and the Y-axis 
showing the genome-wide neural induction screen ρ. Pearson correlations reported for 
each category. 
See also Table S7. 
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METHOD DETAILS 

Neural induction of human pluripotent stem cells 

Neural induction of human iPSCs was performed according to the dual SMAD inhibition 

paradigm (Chambers et al., 2009; Tchieu et al., 2017). Engineered CRISPRi-iPSCs 

(Mandegar et al., 2016) were grown in Essential 8 (Thermo Fisher Scientific) media on 

Matrigel (Corning) to 80% confluency. Cells were rinsed with DPBS and dissociated with 

Accutase (StemPro). After centrifugation at 300 x g for 3 minutes and resuspension in 

Essential 8 media with 10 uM Y-27632 ROCK inhibitor, cells were replated at a density 

of 250,000 cells/cm2 overnight at 37° C. The next day (D0), cells were rinsed with DPBS 

and changed to neural induction media, which consisted of Essential 6 media (Thermo 

Fisher Scientific) with freshly-added SMAD inhibitors 500 nM LDN193189 (Tocris) and 10 

uM SB431542 (Selleckchem). Media was replaced every 2 days until the endpoint of 

interest, as described (Tchieu et al., 2017). 

 

Flow cytometry and Fluorescence-Activated Cell Sorting (FACS) 

Cells were harvested by dissociation with Accutase. After washing twice with DPBS, cells 

were quantified on the Countess II (Thermo Fisher Scientific) and resuspended in 4% 

paraformaldehyde at 10 million cells/ml for 20 minutes at room temperature. Cells were 

then washed twice in a permeabilization buffer (DPBS 5% goat serum with 0.5% saponin) 

and blocked in the same buffer for 30 minutes at room temperature. Primary and 

secondary antibodies were added for 30 minutes each with 2 washes in between. Prior 

to running through the instrument, cells were resuspended in DPBS 5% BSA at 5 million 

cells/ml. Cells were gated by size (FSC) and granularity (SSC) and then for singlets by 
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FSC-H vs. FSC-W followed by SSC-H vs. SSC-W. Cells were further gated for expression 

of dCas9-KRAB by coexpression of mCherry and expression of sgRNAs by coexpression 

of BFP before analyzing stained proteins. 

 

Immunocytochemistry 

Cells were grown on glass chamber slides until the desired endpoint and fixed in 4% 

paraformaldehyde for 15 minutes. After two washes in PBS, cells were permeabilized in 

0.1% Triton X-100 for 15 minutes, followed by blocking with 10% goat serum for 1 hour. 

Primary and secondary antibodies were added for 60 minutes each with 2 washes in 

between. DAPI (Thermo Fisher Scientific) was added 1:1,000 with secondary antibody 

(Thermo Fisher Scientific Alexa Fluor 555/647 goat anti-mouse IgG, A32728). Slides were 

mounted overnight with coverslips using Aqua Poly/Mount (Polysciences). 

  

RNA purification and sequencing library preparation 

RNA was purified using Direct-zol (Zymo) columns with DNase I treatment. RNA integrity 

was verified using the TapeStation 4200 (Agilent) prior to library generation. Libraries 

were generated using the NEBNext Ultra II Directional RNA kit (NEB) according to the 

manufacturer’s instructions. For polyA RNA, Oligo-dT magnetic bead selection was used 

prior to library generation. For total RNA, rRNA depletion using hybridization and RNase 

H-induced cleavage was used prior to library generation. For all samples, 2 ug of RNA 

was used as input. Samples were sequenced on HiSeq 4000 to >160 M reads per time-

point. 
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Genome-wide CRISPRi screens for neural induction 

Sublibraries of the hCRISPRiv2 and CRiNCL sgRNA libraries were assembled into coding 

and lncRNA libraries at equimolar ratios and sequenced to ensure uniform distribution. 

Coding and lncRNA screens were performed separately on a staggered schedule for 

feasibility. A lncRNA sublibrary (common sublibrary) was also performed in a separate 

batch to validate proliferation phenotypes (described below in “Differentiation and 

proliferation screen analysis”) and results were aggregated with the main lncRNA library 

during analysis. Lentivirus was prepared in the high titer LentiX 293T subclonal line 

(Clontech) using TransIT-LT1 (Mirus) and ViralBoost (Alstem) according to the 

manufacturer’s instructions. Viral supernatant was collected at 72 hours, filtered, and 

concentrated through ultracentrifugation for 2 hours at 4° C. Titer was assessed through 

serial dilution of single-freeze aliquots to determine the necessary amount of virus to 

achieve the desired MOI of 0.5. In total, approximately 650 million CRISPRi-iPSCs were 

transduced for coding and lncRNA libraries (each with 2 independent replicates). Once 

transduced and seeded, replicates were maintained independently and never re-pooled. 

Transduced iPSCs were selected under puromycin to >80% positivity and allowed 2 days 

to recover with >1,000X sgRNA library representation per replicate. At the next seeding, 

an additional aliquot of each sample (~100 M cells per replicate) was frozen to measure 

the initial sgRNA abundance (“T0”). A second, small aliquot of cells was seeded in a 

sentinel 6W plate for monitoring screen progress. Doxycycline was added at 1 uM at the 

initiation of neural induction to activate the dCas9-KRAB CRISPRi machinery. At days 6-

8, cells from the sentinel plate were fixed, permeabilized, and stained to assess neural 

induction progress. All samples were harvested, fixed, permeabilized, stained, and sorted 
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into PAX6+ and PAX6- fractions (top and bottom thirds) as described above with final 

coverage of ~4000X. Genomic DNA was harvested using a chemically-catalyzed FFPE 

extraction method (DNAStorm) following the manufacturer’s instructions. Sequencing 

libraries were prepared by targeted amplification of integrated sgRNAs using Q5 High-

Fidelity Master Mix (NEB) and sequenced on an Illumina HiSeq 4000 to >50 M reads per 

replicate. Processing of screen data was performed as previously described using 

ScreenProcessing (Horlbeck et al., 2016). 

 

Individual sgRNA cloning and validation 

Individual sgRNAs were cloned using an annealing and ligation procedure, as previously 

described (Gilbert et al., 2014). Sense and antisense oligos that matched the desired 

CRISPRi protospacer sequence were annealed and ligated into a U6-driven lentiviral 

expression vector derived from pSico. All individually-cloned sgRNA vectors underwent 

Sanger sequencing to verify successful sequence insertion. Lentivirus was prepared and 

transduced into CRISPRi-iPSCs as described above, except in an arrayed fashion (12-

well plates). Transduction efficiency was monitored through detection of a BFP cassette 

coexpressed by the sgRNA vector. Neural induction was performed as described above 

and cells were harvested at the endpoint for flow cytometry. Assessment of individual 

sgRNA phenotypes were performed by comparing the ratio of PAX6+ to PAX6- cells for 

populations with and without sgRNA (measured by BFP).  

 

  

https://app.readcube.com/library/b396a5cd-4112-4d1c-b588-753217f0141e/all?uuid=727232885814909&item_ids=b396a5cd-4112-4d1c-b588-753217f0141e:04B7FCAB-41B0-28FB-8C20-1AB3F837CDDD
https://app.readcube.com/library/b396a5cd-4112-4d1c-b588-753217f0141e/all?uuid=4886550182383038&item_ids=b396a5cd-4112-4d1c-b588-753217f0141e:48767a07-6841-4e77-8a91-7ece64b3e5da
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Proximity Ligation-Assisted ChIP-Seq (PLAC-Seq) for long-range chromatin loops 

PLAC-Seq was performed as previously described (Fang et al., Song et al.). 

Approximately 1-5 million cells were used for library preparation. Digestion was performed 

using 100 U MboI for 2 h at 37 °C, and chromatin immunoprecipitation was performed 

using Dynabeads M-280 sheep anti-rabbit IgG (Invitrogen 11203D) superparamagnetic 

beads bound with 5 μg anti-H3K4me3 antibody (Millipore 04-745). Sequencing adapters 

were added during PCR amplification. Libraries were sequenced at paired-end 150 on an 

Illumina HiSeq 4000. Quality and adaptor trimming were performed with fastp (0.13). 

 

Perturb-Seq experimental design 

A direct-capture Perturb-Seq library consisting of a mixture of 492 sgRNAs targeting 120 

coding genes, 120 lncRNAs, and 12 non-targeting control sequences was cloned as a 

pool as previously described (Replogle et al., 2020). Targets were selected from those 

with the highest genome-wide neural induction screen scores, with strong proliferation 

hits excluded due to expected growth dropout effects. Dual hits with more moderate 

phenotypes (J between -1 and 1) were not excluded from the experiment. A set of lncRNA 

sgRNAs identified as targeting ambiguous loci (described below, under “Differentiation 

and proliferation screen analysis”) were included in the Perturb-Seq library for assessing 

potential local effects, and these targets were excluded for all reported analysis. Reported 

analyses included the remaining 195 targets. After library sequencing to ensure sgRNA 

uniformity, CRISPRi-iPSCs were transduced with the Perturb-Seq library at a low MOI of 

0.1 (corresponding to >95% of cells with a single sgRNA integration) and >1,000X 

coverage using the lentiviral protocol described above. After FACS to sort for sgRNA+ 



 

 77 

cells, we recovered the cells in maintenance media for 2 days before initiating dual SMAD 

inhibition neural induction. We performed single-cell and direct sgRNA capture at our 

previously determined endpoint of day 8, aiming for >100X singlet coverage per sgRNA 

on the Chromium V3 single-cell RNA-Seq system (10x Genomics). Gene expression 

libraries were sequenced to a median depth of >50,000 reads/cell, producing a median 

library complexity of >3000 unique genes. Directly-captured CRISPRi sgRNAs were 

sequenced to >5,000 reads/cell. All Perturb-Seq sequencing was performed on an 

Illumina NovaSeq 6000 with paired-end 100 reads. 

 

QUANTIFICATION AND STATISTICAL ANALYSIS 

Unified coding and lncRNA reference annotation 

The lncRNA annotation corresponding to the CRiNCL library (Liu et al., 2017) was 

merged with the ENSEMBL GRCh37.p13/hg19 annotation that was used to inform the 

design of the hCRISPRi libraries (Horlbeck et al., 2016). Duplicated entries were identified 

using gffcompare (0.10.6). To maintain consistency across datasets, all analyses were 

performed using the screen feature identifiers (“feature id”) for targeted genes as the 

unique identifier (GTF available on GEO). 

 

RNA-Seq processing and transcriptome analysis 

RNA-Seq reads were analyzed for quality metrics using FastQC (0.11.8). Quality and 

adapter trimming were performed using bbduk (38.36) prior to transcript pseudoalignment 

and quantification using kallisto (0.45) on the unified lncRNA and coding gene annotation 

described above. Transcripts were aggregated to genes in R (3.6.3) using tximport 
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(1.12.3). Expression values were processed using DESeq2 (1.24) for variance-stabilized 

transformation. Transcripts per million or Z-scaled variance-stabilized transformation 

values were used for downstream plotting and analysis. Time-course expression 

clustering was performed using maSigPro (1.56) at an alpha level of 0.1 using the mclust 

algorithm. Genes that did not significantly cluster to any of the temporal patterns were 

aggregated into the “unassigned” cluster.  

 

CRISPRi sgRNA libraries 

Based on transcriptomic analysis, we identified expressed and dynamically regulated 

genes during neural induction. In order to screen equal numbers of coding and lncRNA 

sgRNAs, we aimed for approximately 100,000 guides for each class. Coding genes were 

targeted by 5 sgRNAs/locus due to well-annotated transcriptional start sites (TSS) while 

lncRNAs were targeted with 10 sgRNAs/locus. This enabled coverage of all 18,905 

coding loci using the top 5 ranked sgRNAs. For lncRNA loci, we selected the combination 

of sublibraries that covered the greatest number of detected lncRNAs prioritized by 

differential expression (by DESeq2 and the temporal clustering). In total, we screened 

212,938 sgRNAs targeting 29,583 loci (all 18,905 coding loci, 10,678 lncRNA loci, with 

4,523 non-targeting control sgRNAs, Figure 1A).  

 

Differentiation and proliferation screen analysis 

Analysis and hit scoring of screen data was performed as previously described using 

ScreenProcessing (Horlbeck et al., 2016; Liu et al., 2017). Briefly, after sgRNA 

quantification, all sgRNAs represented with fewer than 50 reads in any sample were 
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excluded. Differentiation phenotypes (U) were calculated by taking the log2 enrichment 

ratio of each sgRNA in the PAX6+ versus PAX6- sorted fractions, providing a symmetric 

measure of the impact on neural induction (as read out by PAX6 protein) on a log-scale 

(Figure 1A). Proliferation phenotypes (J) were calculated by taking the log2 ratio of the 

final normalized abundance versus the initial normalized abundance of each sgRNA and 

normalized by the number of cell divisions. For the genome-wide screen, the final 

abundance was calculated from the combined sum of sgRNA abundances in sorted 

fractions. This approach was directly validated through a separate lncRNA sublibrary 

screen with 37,395 sgRNAs targeting 3,560 lncRNAs (Figure S3B), where we harvested 

cells without sorting for the final time-point. Upon analysis, the two methods (sorted and 

unsorted) produced strongly correlated gamma values (Pearson r = 0.99 for hits, r = 0.81 

for all targets) (Figure S3B). For all analyses, a screen score that incorporated both the 

effect size and significance was calculated for all targets as previously described. Hits 

were then identified based on this screen score, at an empirical FDR < 0.05 based on the 

distribution of non-targeting controls. A subset of CRiNCL sgRNAs that were within the 

highly active CRISPRi targeting window (1 kb around TSS) of coding genes were 

identified as ambiguous and excluded from all reported analyses (1468 loci); the coding 

loci were not excluded as they were more likely the cause of any potential phenotype. 

However, 142 coding loci were excluded from analysis as they did not map to ENSEMBL 

hg19 annotated transcripts. Additional details on the screen scoring procedure and hit 

identification are previously described (Horlbeck et al., 2016; Liu et al., 2017). 
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Gene ontology, pathway, and protein network analysis 

For coding gene hits, gene ontology and KEGG pathway analyses were performed using 

clusterProfiler (3.14.3). Protein-protein interaction network analysis was performed using 

STRINGdb (11.0). For all of these analyses, we set the gene universe to contain all 

screened genes. For the interaction network analysis, statistical background distributions 

were generated through random sampling an equal number of genes from the gene 

universe. 

 

Chromatin interaction analysis using MAPS 

We called significant H3K4me3-mediated chromatin interactions using the MAPS pipeline 

(Juric et al., 2019) at a resolution of 5 kb. Reads were mapped to hg19/GRCh37 using 

BWA-MEM (0.7.17). Unmapped reads and reads with low mapping quality were 

discarded. PLAC-Seq anchor bins were defined by H3K4me3 CUT&Tag using MACS2 

with an q-value of 0.0001. To call significant interactions, we used a zero-truncated 

Poisson regression-based approach to normalize systematic biases from restriction sites, 

GC content, sequence repetitiveness, and ChIP enrichment. We fitted models separately 

for AND and XOR interactions and calculated FDRs for interactions based on the 

expected and observed contact frequencies between interacting 5-kb bins. We grouped 

interactions whose ends were located within 15 kb of each other into clusters and 

classified all other interactions as singletons. We defined our significant chromatin 

interactions as interactions with 12 or more reads, normalized contact frequency (defined 

as the ratio between the observed and expected contact frequency) ≥ 2, and FDR < 0.01 

for clusters and FDR < 0.0001 for singletons. This was based on the reasoning that 
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biologically meaningful interactions are more likely to appear in clusters, whereas 

singletons are more likely to represent false positives. Significant interactions were 

overlapped with all screened genes and annotated by hit category (e.g., lncRNA 

differentiation hit, coding differentiation hit, and so forth). Interactions between all 

combinations of categories were tallied and assessed for significance using Fisher’s exact 

test, with FDR-adjusted p-values for multiple testing correction. 

 

Epigenomic dataset processing and analysis  

Published neural induction epigenomics datasets were downloaded from the NIH 

Roadmap Epigenomics Project (Xie et al., 2013). Raw reads underwent adaptor and 

quality trimming using bbduk (38.36) prior to alignment using HISAT2 (2.1). For all overlap 

analyses, regions were counted if they overlapped by at least 1 bp within a 2 kb window 

centered around the transcription start site of screened genes. For quantitative analysis 

of ChIP-Seq signal, reads were mapped to screened genes using featureCounts (1.6) 

and normalized to input. For peak calling analysis of histone marks, significant peaks 

were identified using MACS (2.2.6) and replicate samples were IDR-filtered before 

determining overlap with screened genes following parameters of the ENCODE ChIP-

Seq Pipeline for broad and narrow peaks. Genomic coordinates of enhancer regions from 

published datasets (Andersson et al., 2014; Inoue et al., 2019) were downloaded as BED 

files and analyzed for overlap with screened genes by the same criteria. All analysis was 

performed on the hg19/GRCh37.p13 reference genome build, using the unified coding 

and lncRNA annotation described above. For visualization, bam files for replicates were 

merged and converted to bigwig files using deeptools (3.4.0). For analysis of broad 

https://app.readcube.com/library/b396a5cd-4112-4d1c-b588-753217f0141e/all?uuid=8377143224049649&item_ids=b396a5cd-4112-4d1c-b588-753217f0141e:92cede4f-c25a-4d4d-8f5d-e08c589abf2f,b396a5cd-4112-4d1c-b588-753217f0141e:47c3d909-52e6-4288-a332-7d9fcc0996c3
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H3K4me3 domains, we followed the procedure described (Benayoun et al., 2014) by 

running MACS2 in with the “--broad" flag for broad peak analysis. For all genes, promoter 

regions (2 kb window centered around the TSS) were analyzed for overlap with H3K4me3 

domains, which were categorized by percentile on their peak breadth. The top 5 percentile 

of peaks were assigned “broad H3K4me3” domains, as described (Benayoun et al., 

2014). 

 

Machine learning classification 

Feature data consisted of the transcriptomic and epigenomic datasets described above. 

Transcriptomic features included the scaled variance-stabilized and TPM values at each 

time-point (polyA or total RNA), log2 fold-change from day zero for each time-point, as 

well as variables for the maximum/median expression levels, maximum fold-change, 

number of exons, gene length, and isoform count. Epigenomic features consisted of the 

histone mark signal at the promoters (within 2 kb window surrounding the TSS) of 

screened genes. To prevent confounding epigenomic signal from nearby coding and 

lncRNA promoters, all coding-lncRNA gene pairs with promoters within the 2 kb window 

were excluded from classification. All predictor variables were centered around the mean 

and standardized. To generate machine learning models, the screen hit status was 

binarized and used as the response variable. For all classification models, coding genes 

and lncRNAs hits were compared to non-hits of the same class. For example, to analyze 

features of coding genes, coding hits were binarized as 1 and analyzed against coding 

non-hits binarized as 0. Several classes of models (elastic net logistic regression, random 

forest, gradient boosting machines) were generated and tested, producing similar results. 



 

 83 

Training and validation were performed using randomly-sampled partitions of 70% 

training data and 30% validation data. Model parameters were estimated using 5-repeats 

of 5-fold cross-validation. Model performance was evaluated on the validation set using 

the area under the receiver-operating characteristic (ROC) curve. This resampling, 

training, validation, and ROC assessment was repeated for 1,000 iterations, and the 

average AUC is reported. Each feature was additionally analyzed individually using ROC 

analysis to assess its association with hits. For this individual analysis, statistical 

significance was determined using 1,000 iterations of bootstrapping at the 99% 

confidence level. Variables with confidence intervals that crossed AUC 0.5 were 

considered non-significant. 

 

Analysis of phenotype distribution and differentiation versus proliferation hit ratios 

Differences in phenotype distributions between coding and lncRNA hits were assessed 

using the Kolmogorov-Smirnov (K-S) test. Skews of positive and negative phenotype 

distributions were assessed for significance through permutation testing. Using the 

baseline number of total hits for each library, we permuted the label of “positive” and 

“negative” hit status and calculated the ratio of positive to negative hits for 1 million trials. 

Skews between proliferation and differentiation hits were calculated in a similar manner, 

with permutation of the “proliferation” and “differentiation” hit labels performed for 1 million 

trials. In each case, the p-value was determined by the fraction of trials producing a more 

extreme ratio.  
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Perturb-Seq computational processing 

Paired-end 100 reads for gene expression and sgRNA libraries were processed using 

cellranger (4.0) following developer instructions for CRISPR library analysis. Data was 

processed on the unified lncRNA and coding gene reference described above (Liu et al., 

2017) as well as the newer GRCh38 genome, which led to similar results. Initial quality 

filtering was performed with background removal and empty droplet identification using 

cellbender (2.1). Barcodes identified as those belonging to cells from the cellranger and 

cellbender pipelines were compiled. Assignment of sgRNAs to cellular barcodes was 

performed using a two-component mixture model, consisting of Poisson (lower) and 

Gaussian (upper) distributions (Replogle et al., 2020), which enabled doublet 

identification (barcodes with >1 sgRNA). After excluding doublets, we obtained 84,808 

single cells harboring the distinct genetic perturbations. Quality scoring was performed 

based on unique genes detected, mitochondrial RNA percentage, and ribosomal RNA 

percentage. In order to assess whether apparent low-quality cellular transcriptomes were 

the result of any perturbations, no cells were filtered on quality metrics until after clustering 

and analysis (described below). After batches were integrated using multi-canonical 

correlation analysis in Seurat (3.9) based on the top 5000 variable genes, data was 

variance-stabilized and transformed using SCTransform (0.3.2). Dimensionality reduction 

was performed using principal components analysis followed by uniform manifold 

approximation projection of the top 30 principal components. High-resolution clustering 

of cells was performed using a shared nearest neighbor network with k = 30 and the 

Leiden algorithm set at a resolution of 1.2. This resulted in 30 total clusters, and clusters 

driven by the quality metrics described above were excluded. In total, 78,393 high-quality 

https://app.readcube.com/library/b396a5cd-4112-4d1c-b588-753217f0141e/all?uuid=2890063210724285&item_ids=b396a5cd-4112-4d1c-b588-753217f0141e:51996c8e-0eb3-4f90-8109-26f810b8ade0
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single-cell transcriptomes containing single sgRNA perturbations were used for all 

reported analysis.  

 

RNA velocity analysis 

Output bam files from cellranger were processed for RNA velocity analysis of spliced an 

unspliced transcripts using velocyto (Manno et al., 2018). Velocity vectors were computed 

and visualized using scVelo (Bergen et al., 2020), with 30 principal components and 30 

neighbors based on the top 3000 highly variable genes for computational feasibility. 

 

Normalized density analysis of Perturb-Seq perturbations 

To visualize phenotypes of Perturb-Seq sgRNAs in the UMAP embedding, normalized 

density heatmaps of cells were constructed. For each target, cells harboring the relevant 

sgRNAs were identified and located in UMAP space. Gaussian kernel densities were 

calculated for these cells in 2 dimensions, with 10,000 total bins (100 bins in each 

dimension spanning the full coordinate range). To normalize for the background 

distribution, this density calculation was performed with the same parameters for non-

targeting control sgRNAs, and this background was subtracted. The density profile was 

then visualized by color intensity and overlaid onto the UMAP projection. 

 

Pairwise similarity and hierarchical clustering analysis 

After calculating the normalized density for each target in the 2D UMAP embedding, 

density-based spatial clustering and application with noise (DBSCAN) was applied to 

identify areas of high density for each target. Regions of zero or near zero density were 
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excluded using a threshold of 1% of the top The DBSCAN epsilon parameter of 1 and a 

minimum threshold of 25 bins were used for the top 50% of regions with highest densities. 

These regions were considered the enriched cell states for each target. To identify targets 

with similar density profiles, the overlap coefficient was determined for all pairwise 

comparisons and this pairwise table was converted to a distance matrix for unsupervised 

hierarchical clustering. To merge overlapping cell states from different targets into a 

universal set of cell states, all states across all targets were compared by overlap 

coefficient and collapsed to 29 cell states after hierarchical clustering, with the final k 

determined by the silhouette method for values ranging from 2 to 50 (Figure S7A-C). 

 

Data and software availability 

Sequencing data generated in this study are available in the Gene Expression Omnibus 

(GEO) under accession number GSE150062. Custom Python scripts for analysis of 

genome-scale CRISPRi screens is available at 

https://github.com/mhorlbeck/ScreenProcessing. Custom Python scripts and Jupyter 

notebooks for direct capture sgRNA identity assignment are available at 

https://github.com/josephreplogle/guide_calling.   

https://github.com/mhorlbeck/ScreenProcessing
https://github.com/josephreplogle/guide_calling
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Chapter 3 

Conclusion 
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In this dissertation, I was driven to take a systematic and comprehensive approach 

to study one of the earliest stages of human development, neural induction. Building on 

the fundamental work before me, particularly of John Liu and Max Horlbeck (Liu et al., 

2017), I brought together multiple puzzle pieces to make this study possible. Inspired by 

John and Max’s work, I also wanted to unveil broader principles of the human genome, 

especially in a normal biological context.   

Even at the outset of my project, CRISPR-based genetic screening technologies 

were not new – not even for the study of lncRNAs. However, studies that examined both 

protein-coding genes and lncRNAs together were rare, despite the fact that they were 

important building blocks of the same genome that likely worked together. Additionally, 

the vast majority of CRISPR-based genetic screens have focused on protein-coding 

genes important for the survival of cancer cells; in the integrated database CRISPR 

screens, 1159 of 1197 (97%) screens assessed the growth of cancer cells (Choi et al., 

2020). The remaining 3% were mostly focused on drug resistance of cancer cells. Few 

systematic studies have been performed for lncRNAs, but those primarily focused on 

growth as well (Gao et al., 2020). Many fewer marker-based screens had been performed 

(Lin et al., 2014; Parnas et al., 2015), even though this approach could be used to 

interrogate more complex phenotypes where cell growth was not a primary outcome. 

By combining these components – coding and lncRNA, growth and differentiation, 

the developmental context – we were able to make surprising discoveries and distinctions 

between the coding and lncRNA genomes. These results have important implications for 

our understanding of genome evolution and interpretation of in vivo phenotypes. 

Additionally, many genomic lncRNA studies rely upon expression levels to infer function, 



 

 98 

and — counterintuitively — we found that expression levels/dynamics were poor 

predictors of function as compared to epigenetic marks. Thus, our findings about 

transcriptional vs. epigenetic information and their relation to function will broadly 

influence the interpretation of gene expression studies of lncRNAs.  

Overall, by analyzing this vast amount of functional data, we were able to make 

fundamentally important biological insights that could not have been obtained by 

individual gene studies, or even screens of coding genes and lncRNAs performed 

separately. I hope that this work can serve as a framework for future systematic studies 

in developmental biology and beyond. While I chose to focus my work on early 

neurodevelopment, this general approach can easily be adapted to the study of later 

developmental stages (e.g., differentiation of neuronal subtypes, astroglia), other 

developmental lineages (e.g., cardiac development), or any phenotype of interest with a 

clear marker.  

In recent decades, biology has been completely transformed by the computing 

revolution. Today, basic skills in informatics, programming, and computation are 

increasingly considered vital skills in the life sciences (Leonelli, 2019). The digital era of 

genomics began largely with observational data – descriptive information that laid the 

groundwork for global, comprehensive views of biology that generated novel hypotheses 

and ideas.  

However, simply observing a map only goes so far. Translation and application of 

the information contained within the map requires careful and detailed study. The 

development and spread of genome-scale functional methods has enabled powerful 

systematic experiments that are illuminating the lesser understood aspects of human 
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biology. These big picture, fundamental discoveries will provide a critical framework for 

applying our knowledge of the human genome toward understanding normal human 

development as well as disease. 
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