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Identification and functional characterization of long non-coding RNAs in 

development and disease 

S. John Liu 

Abstract 

The human genome produces tens of thousands of long non-coding RNA (lncRNAs), transcripts 

larger than 200 nt that do not make proteins. Select lncRNAs are established regulators of gene 

expression in developmental processes and in the etiology of diseases. However, the functions of 

the vast majority of lncRNAs are unknown. Here we utilize high throughput descriptive and 

functional genomics to characterize and understand the roles of lncRNAs in development of the 

human brain and in cancer biology. Starting with deep RNA sequencing (RNA-seq) of 

developing brain tissues, we comprehensively annotated lncRNA transcript structures in the 

cerebral cortex, revealing thousands of novel lncRNAs, many of which were antisense or non-

polyadenylated. We then applied single cell RNA-seq to quantitatively measure the 

transcriptomes of individual cells, revealing cell type-specific expression of lncRNAs and 

surprisingly high abundance of certain lncRNAs (e.g. DLX6-AS1) that appear to be low 

abundance at the population level, due to cellular heterogeneity in the brain. Combination of 

single cell RNA-seq and exome-seq were then applied to not only measure RNA expression 

heterogeneity, but also to map the mutational phylogenies of glioblastoma tumors, revealing a 

novel deletion in PDGFRA that confers survival advantage. We then developed a CRISPR 

interference (CRISPRi) platform to systematically repress 16,401 lncRNA loci across seven 

cancer and non-cancer cell lines, identifying 499 lncRNAs necessary for robust growth and 

proliferation. The functions of these lncRNAs were exquisitely cell type-specific and correlated 

with complex transcriptional networks and chromatin architecture. Finally, we applied CRISPRi 



 x 

screening of lncRNAs in combination with ionizing radiation therapy and identified over 200 

lncRNAs whose knockdown sensitizes glioblastoma cells to radiation induced cell death. As 

much as these efforts advance our knowledge of lncRNA biology in development and in disease, 

they also raise exciting new questions for future inquiry.  
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Chapter 1 

Introduction 

Long non-coding RNAs: initial discoveries  

The central dogma of molecular biology postulates that ribonucleic acid (RNA), in particular 

messenger RNA, serves in the flow of genetic information as an intermediate between DNA and 

proteins (Crick, 1970), which were thought to be responsible for performing essential functions 

in the cell. Therefore, it was surprising when completion of the human genome sequence 

revealed far fewer protein coding genes than expected, in the range of 20,000, which is roughly 

the same number as in invertebrates such as worms and flies (Lander et al., 2001; Venter et al., 

2001). Microarray and massively parallel RNA sequencing (RNA-seq) technologies, which were 

enabled by the drafting of the human genome, then revealed that the human genome harbored at 

least as many unique RNA transcripts that do not encode proteins (non-coding RNA) as protein 

coding transcripts (Cabili et al., 2011; Djebali et al., 2012; FANTOM Consortium and the 

RIKEN PMI and CLST (DGT) et al., 2014; Hon et al., 2017; Kapranov et al., 2002).  While 

many of these non-coding RNAs were known, such as ribosomal RNA, transfer RNA, small 

nuclear RNAs, and micro RNAs, another class of non-coding RNA was rapidly unearthed: long 

non-coding RNAs (lncRNAs).  

LncRNAs are operationally defined as RNA transcripts greater than 200 nt long, to 

biophysically distinguish them from small regulatory RNAs, and have no evidence for protein 

coding potential. Assessment of protein coding potential has undergone debate, but useful 

approaches include sequence detection of open reading frames, comparative genomics methods 

such as codon substitution frequency (Lin et al., 2011), in vitro translation experiments, 

proteomics data analysis (Banfai et al., 2012), ribosome profiling analysis (Guttman et al., 2013; 
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Ingolia et al., 2014), and machine learning models trained on established coding and non-coding 

transcripts(Sun et al., 2013; Wang et al., 2013). Nonetheless, a small number of transcripts 

originally annotated as lncRNAs by these and other methods are subsequently found to encode 

functional peptides (Anderson et al., 2015; Nelson et al., 2016). Unlike small regulatory RNAs 

such as micro RNAs, lncRNAs encompass a broad range of RNA species (Ulitsky and Bartel, 

2013). Both polyadenylated and nonpolyadenylated transcripts have fallen under the term, and 

lncRNAs can be oriented as intergenic, intronic, antisense, or overlapping with respect to coding 

genes. LncRNAs can also be unspliced single exons or spliced transcripts. The lncRNA class 

known as long intergenic/intervening non-coding RNA (lincRNA) is understood to be 5’ 

methylguanine capped, 3’ polyadenylated, and have prominent trimethylation of histone 3 lysine 

residue 4 (H3K4me3) at their promoters and broad trimethylation of histone 3 lysine 36 

(H3K36me3) along their gene bodies (Guttman et al., 2009). Recent large scale sequencing 

studies in humans have identified tens of thousands of lncRNAs (Cabili et al., 2011; Derrien et 

al., 2012) – in one study as high as 50,000 (Iyer et al., 2015). The NONCODE database now lists 

a staggering 337,880 annotated lncRNA genes, 101,700 of which are found in human (Zhao et 

al., 2016). Ideally, as sets of lncRNAs become better characterized, more informative functional 

designations will be established to make sense of these highly heterogenous RNAs (Mattick and 

Rinn, 2015). There is now little doubt of pervasive transcription from the human genome and the 

diversity of RNA molecules that are produced. There is, however, much debate over which 

lncRNAs are functional, what their roles are, and how they perform these functions. 
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lncRNAs regulate the flow of genetic information 

One of the earliest long non-coding RNAs to be recognized is the X inactive specific transcript – 

XIST (BARR and BERTRAM, 1949; Borsani et al., 1991; Brown et al., 1991). XIST is an RNA 

produced in female mammalian cells and is required for the initiation of X chromosome 

inactivation (XCI), a process of dosage compensation that randomly silences transcription from 

one of two female X chromosomes (Wutz, 2011). Decades of research have begun to elucidate 

the molecular mechanisms of XIST in XCI. The transcript establishes enrichment of 

heterochromatin at the inactive X by tethering the chromosome to the nuclear periphery via 

interaction between the XIST Rep A sequence and the lamin B receptor (Chen et al., 2016), 

allowing local spreading of the XIST RNA (Engreitz et al., 2016b), leading to histone 

deacetylation and finally H3K27 trimethylation through recruitment of the polycomb repressive 

complex 2 (PRC2) (Chu et al., 2015; McHugh et al., 2015).  

In the wake of the XIST discovery and its ongoing characterizing has been an explosion 

of reports on functional lncRNAs, primarily thought to regulate the flow of genetic information 

in diverse ways. The early discovered lncRNA H19 is transcribed from an imprinted locus and is 

thought to negatively regulate cellular growth through suppression of IGF2 (Bartolomei et al., 

1991; Brannan et al., 1990; Ripoche et al., 1997). LncRNA MALAT1 has been shown to regulate 

RNA alternative splicing through interactions with SR proteins (Tripathi et al., 2010). The 

HOXC locus lncRNA HOTAIR regulates both HOXD and more global gene expression through 

interaction with PRC2 and LSD1, leading to transcriptional repression via 

heterochromatinization (Gupta et al., 2011; Rinn et al., 2007; Tsai et al., 2010). The concept of 

lncRNAs as molecular scaffolds that “guide” chromatin modifying enzymes has been adopted by 

many reports on other lncRNAs, including ANRIL (Yap et al., 2010), MEG3(Zhao et al., 2010a), 
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KCNQ1OT1 (Pandey et al., 2008), Evf2/DLX6AS (Berghoff et al., 2013; Bond et al., 2009), and 

MORRBID (Kotzin et al., 2016). LncRNAs are not restricted to functions in the nucleus. 

Cytoplasmic lncRNAs such as NRON (Willingham et al., 2005)and UCHL1 (Carrieri et al., 

2012)can regulate protein trafficking and translation, respectively (Mercer and Mattick, 2013).  

 However, recent observations suggest that many lncRNAs act not as free floating 

molecular agents but as local regulators of chromatin structure, such as through formation of 

chromatin loops between distal promoters and enhancers (e.g. LUNAR1, CCAT1) (Ma et al., 

2015; Trimarchi et al., 2014; Xiang et al., 2014). The function of some lncRNAs are also thought 

to result from the act of transcription itself (Engreitz et al., 2016b; Kornienko et al., 2013; Latos 

et al., 2012; Li et al., 2013; Mele and Rinn, 2016), consistent with the relatively lower sequence 

conservation of lncRNA gene bodies (Hon et al., 2017; Ponting et al., 2009). Intriguingly, studies 

have also shown that the DNA loci of certain lncRNAs are responsible for the cellular 

phenotypes originally attributed to the lncRNA transcripts (Groff et al., 2016; Paralkar et al., 

2016; Sauvageau et al., 2013). To add even more complexity to the study of lncRNA function, 

some lncRNA transcripts have different functions from their host DNA locus, as in the case of 

HAUNT (Yin et al., 2015). Therefore, while there is great excitement in the many possible 

flavors of lncRNA roles and mechanisms, caution must be exercised before arriving at definitive 

answers.  

 

lncRNAs in development and disease 

One of the striking features of lncRNAs is dynamic and tissue specific expression patterns, 

supporting the importance of lncRNAs in mammalian development (Cabili et al., 2011; Carninci 

et al., 2005; Derrien et al., 2012; Liu et al., 2016; Ramos et al., 2013; Tsoi et al., 2015). 



 5 

LncRNAs are critical to the maintenance of pluripotency in embryonic stem cells (Guttman et 

al., 2011) and also to the formation and physiology of specialized cell types such as neural stem 

cells (Lin et al., 2014; Liu et al., 2016; Ramos et al., 2015), GABAergic interneurons (Bond et 

al., 2009; Briggs et al., 2015), adipocytes (Hacisuleyman et al., 2014), lung epithelia (Herriges et 

al., 2014), and cardiomyocytes (Grote et al., 2013; Klattenhoff et al., 2013). One organ system in 

particular, the nervous system, has implicated lncRNAs in a host of different functions (Briggs et 

al., 2015), from fate specification (Bond et al., 2009; Chalei et al., 2014; Lin et al., 2014; Ramos 

et al., 2015), to neurite outgrowth (Modarresi et al., 2012), and synaptogenesis (Bernard et al., 

2010). Intriguingly, the lncRNA HAR1 is transcribed in the brain from a genomic region under 

rapid evolutionary acceleration from chimpanzee to human, supporting a role of lncRNAs in the 

complexity of the human cerebral cortex (Pollard et al., 2006).   

 LncRNAs are also involved in the pathogenesis of disease, or at least correlated with the 

disease state (Huarte, 2015; Prensner and Chinnaiyan, 2011; Schmitt and Chang, 2016). Because 

of prominent examples of lncRNA function in various cancers and their restricted expression 

patterns, lncRNAs may be ideal biomarkers for diagnosis or disease progression, as well as 

therapeutic targets (Mouraviev et al., 2016). Some of the earliest studied lncRNAs are known to 

be aberrantly expressed in cancer. H19 overexpression is characteristic of several cancers, 

including Wilms’ tumor (Rainier et al., 1993), and MALAT1 is important for metastasis of lung 

and breast cancer (Gutschner et al., 2013; Ji et al., 2003). The prostate cancer specific lncRNA 

PCA3 is even used clinically as a biomarker for prostate cancer progression (Hessels and 

Schalken, 2009; Lee et al., 2011). ANRIL is overexpressed in prostate and gastric cancers, 

leading to silencing of its neighboring tumor suppressor gene, CDKN2B (also known as 

INK4a/ARF) (Kotake et al., 2011; Yap et al., 2010; Zhang et al., 2014). Breast cancer metastasis 
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also involves HOTAIR-mediated reprograming of the epigenetic state (Gupta et al., 2011). 

Colorectal cancer implicates CCAT1 in stabilizing distal MYC chromatin looping (McCleland et 

al., 2016; Xiang et al., 2014), and also PVT1 is frequently amplified in many tumors (Tseng et 

al., 2014). Not all cancer-associated lncRNAs act through overexpression, however. The 

glucocorticoid receptor antagonist lncRNA GAS5 is downregulated in breast cancer, which 

presumably allows abnormally high hormone receptor signaling that increases fitness of the 

cancer cells (Mourtada-Maarabouni et al., 2009). One intriguing area of lncRNA cancer research 

is in brain tumors. MEG3 and NBAT1 have been shown to contribute to the etiology of 

meningioma and neuroblastoma, respectively (Pandey et al., 2014; Zhang et al., 2010), but 

relatively little is known about the role of lncRNAs in glioblastoma, the most fatal primary brain 

tumor.  

 

Sequencing approaches to studying lncRNAs 

Prerequisites to functional studies of lncRNAs involve accurate annotations of their transcript 

structure, e.g. what is the primary sequence, where is the promoter, where are the splice sites, 

and are there any splice variances. The explosion in the number of diverse lncRNAs annotated in 

the past decade is due mostly to advancements in not only RNA sequencing technology, but to 

computational algorithms that reconstruct RNA transcript structure from short sequencing reads 

(Garber et al., 2011; Guttman et al., 2010; Steijger et al., 2013). As the cost of high throughput 

sequencing decreased, the sequencing depth used in studies increased and so did the number of 

tissues and cell types examined, all leading to the mapping of tens of thousands of lncRNAs 

(Hon et al., 2017; Iyer et al., 2015). Microaray data, which were intended to probe protein coding 

gene expression, have also been retrospectively re-annotated to analyze lncRNA expression 
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across hundreds of clinical samples (Du et al., 2013). Long read sequencing and targeted 

resequencing of captured transcripts (CaptureSeq) have been useful for revealing novel isoforms 

and quantitative expression levels of lncRNAs (Clark et al., 2015; Ramos et al., 2013).  

 One technology in particular, single cell RNA-seq, has transformed our approach to 

transcriptome analysis (Linnarsson and Teichmann, 2016). While standard RNA sequencing 

approaches (“bulk” RNA-seq) average the expression profiles of genes across thousands or 

millions of cells, single cell RNA-seq allows quantitative measurement of global RNA 

expression in individual cells, even from complex tissues such as the cerebral cortex (Liu et al., 

2016; Pollen et al., 2015; 2014; Zeisel et al., 2015) and tumors such as glioblastoma (Müller et 

al., 2016; Patel et al., 2014). These and other studies revealed many insights, including the vast 

heterogeneity of different cell types formed during development and disease, and also the 

bimodal or “bursting” nature of RNA transcription (Shalek et al., 2013; Tirosh et al., 2016). A 

pressing question in lncRNA biology has been whether the apparent low expression levels of 

lncRNAs in RNA sequencing data has been due to uniform low abundance across all cells, or 

small numbers of high lncRNA expressing cells being averaged out by bulk methods. Although 

its quantitative accuracy is still improving, single cell RNA-seq is an ideal method for addressing 

this question. Recent work demonstrated that exquisite cell type-specific expression of lncRNAs 

in heterogeneous tissues such as the brain can explain their low abundance at the population 

level. For instance, lncRNA DLX6-AS1 is very highly expressed within inhibitory interneurons, 

but the relative dearth of these cells in early fetal brain development results in muted expression 

levels in tissue RNA-seq (Liu et al., 2016). However, single molecule fluorescence in situ 

hybridization (FISH) measuring the abundance of 61 lncRNAs in cell culture demonstrated 

relatively uniform expression (Cabili et al., 2015). It remains to be determined whether 
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discrepancies between these approaches are related to differences in lncRNA expression patterns 

in cell cultures versus heterogeneous tissues.  

 Looking beyond features of the lncRNA primary sequence, various methods have been 

developed to understand the secondary and tertiary structure of lncRNAs, which may provide 

clues about their function and biophysical properties (Wan et al., 2011). SHAPE-seq and PARIS 

utilize chemical crosslinking of base paired RNA and selective deep sequencing of paired and 

unpaired RNA, in order to map RNA secondary structure (Ding et al., 2014; Lu et al., 2016; 

Lucks et al., 2011). Since lncRNAs typically act together with proteins as ribonucleoprotein 

complexes, there is great interest in approaches to accurately identify protein binding partners of 

lncRNAs. Earlier efforts focused on surveying RNAs that associated with a given protein using 

methods such as RNA immunoprecipitation sequencing (RIP-seq) (Zhao et al., 2010b). Other 

approaches involve incubation of labeled RNA with nuclear or cell lysate, followed by RNA pull 

down and mass spectrometry of interacting proteins (Kretz et al., 2013; Ramos et al., 2015; 

Tacheny et al., 2013). Most recently, there has been a push to elucidate in vivo lncRNA-protein 

interactions, using techniques such as aptamer tagging of lncRNAs through gene editing (Butter 

et al., 2009), and high resolution cross linking of RNA and protein while they are still inside cells 

(e.g. ChIRP-MS, RAP-MS) (Chu et al., 2015; McHugh et al., 2015). While these descriptive 

genomics and other methods have been instrumental to our understanding of lncRNA biology, 

more direct functional genomics studies are needed to determine the roles of lncRNAs.  

 

Functional genomics approaches to studying lncRNAs 

Direct perturbation-based approaches such as deletion or knockdown experiments are 

instrumental for understanding lncRNA function (Bassett et al., 2014). In particular, systematic 
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approaches are especially suitable, due to the large number of lncRNAs annotated whose 

functions are not known.  RNA interference (RNAi) using small interfering RNAs or short 

hairpin RNAs have been extensively applied to knockdown lncRNAs, even in pooled genetic 

screens, (Guttman et al., 2011; Lin et al., 2014; Ramos et al., 2015). However, many lncRNAs 

are enriched in the nucleus, where RNAi exhibits variable knockdown efficiency (Zeng and 

Cullen, 2002). Antisense oligonucleotides (ASOs), which act through RNase H mediated 

degradation of complementary RNA transcripts, exhibit long half-lives, efficient depletion of 

nuclear lncRNAs, and are also promising for therapeutic use in the clinic (Gutschner et al., 2013; 

Meng et al., 2015; Monteleone et al., 2015). Gene knockouts conducted in model organisms and 

human cells have also yielded important biological insights about lncRNAs, but this approach is 

difficult to scale (Aparicio-Prat et al., 2015; Ho et al., 2014; Meller and Rattner, 2002; 

Sauvageau et al., 2013). Introduction of insertion/deletion mutations via CRISPR/Cas9 nuclease 

is useful for targeted loss of function studies of protein coding genes by altering the coding 

frame, but they are not suitable for the study of lncRNA gene function, since small deletions do 

not generally disrupt lncRNA biological activity (Shalem et al., 2014; Shi et al., 2015; Wang et 

al., 2014).  Nonetheless, larger Cas9-mediated genetic deletions can be effective at eliminating 

lncRNA genes (Bassett et al., 2014; Groff et al., 2016; Paralkar et al., 2016; Yin et al., 2015; Zhu 

et al., 2016).  

Engineered CRISPR/Cas9 systems utilizing nuclease-dead dCas9 fused to either a 

repressor or activator domain has proved effective at controlling lncRNA transcription (Gilbert et 

al., 2014; 2013; Liu et al., 2017; 2016; Mandegar et al., 2016; Qi et al., 2013). In particular, 

CRISPR interference (CRISPRi), which targets the dCas9-KRAB repressor to the transcription 

start site (TSS) of any gene by a single guide RNA (sgRNA), has been used to screen over 
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16,000 lncRNA loci across 7 different cancer and non-cancer cell lines (Liu et al., 2017). Since 

CRISPRi has a small window of activity (1kb) around the targeted TSS (Gilbert et al., 2014), and 

as dCas9 occupies only 23bp of the targeted DNA strand (Nishimasu et al., 2015), CRISPRi 

allows for precise repression of any lncRNA gene. By placing repressive chromatin 

modifications around the TSS and serving as a transcriptional roadblock, CRISPRi tests a broad 

range of potential lncRNA functions: the production of cis- and trans-acting RNA (Rinn and 

Chang, 2012), cis gene regulation from transcription itself (Engreitz et al., 2016a; Kornienko et 

al., 2013; Li et al., 2013; Ørom et al., 2010), and enhancer function of the actual DNA loci 

(Fulco et al., 2016; Paralkar et al., 2016; Yin et al., 2015). Therefore, dissecting the contributions 

of the lncRNA transcript versus the DNA locus from which it’s transcribed will require 

additional experiments, such as massively parallel reporter assays and genetic knock-ins of poly 

adenylation sites (Engreitz et al., 2016b; Kheradpour et al., 2013). The synthesis of these and 

other approaches with a modicum of creativity will undoubtedly reveal new surprises in lncRNA 

biology.   
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Chapter 2 

Single-cell analysis of long non-coding RNAs in the developing human 

neocortex 
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Summary 

Long non-coding RNAs (lncRNAs) comprise a diverse class of transcripts that can regulate 

molecular and cellular processes in brain development and disease.  LncRNAs exhibit cell type- 

and tissue-specific expression, but little is known about the expression and function of lncRNAs 

in the developing human brain. Furthermore, it has been unclear whether lncRNAs are highly 

expressed in subsets of cells within tissues, despite appearing lowly expressed in bulk 

populations. We use strand-specific RNA-seq to deeply profile lncRNAs from polyadenylated 

and total RNA obtained from human neocortex at different stages of development, and we apply 

this reference to analyze the transcriptomes of single cells.  While lncRNAs are generally 

detected at low levels in bulk tissues, single cell transcriptomics of hundreds of neocortex cells 

reveal that many lncRNAs are abundantly expressed in individual cells and are cell type-specific. 

Notably, LOC646329 is a lncRNA enriched in single radial glia cells but is detected at low 

abundance in tissues. CRISPRi knockdown of LOC646329 indicates that this lncRNA regulates 

cell proliferation. The discrete and abundant expression of lncRNAs among individual cells has 

important implications for both their biological function and utility for distinguishing neural cell 

types. 
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Introduction 

Long non-coding RNAs (lncRNAs), transcripts longer than 200 nt without protein coding 

potential, comprise upwards of 58,000 genes in the human genome and have important roles in 

neural development, function, and disease (Bond et al., 2009; Cabili et al., 2011; Goff et al., 

2015; Hangauer et al., 2013; Iyer et al., 2015; Qureshi et al., 2010; Ramos et al., 2013; 

Sauvageau et al., 2013; Ulitsky and Bartel, 2013). LncRNAs exhibit tissue specific expression, 

with the brain producing an extraordinary number and diversity of lncRNAs (Cabili et al., 2011; 

Mercer et al., 2010; Ponting et al., 2009; Ramos et al., 2013). Furthermore, in the brain, 

lncRNAs have regionally segregated expression patterns (Mercer et al., 2008; Ramos et al., 

2013), and many lncRNAs are enriched in specific sub-populations of the mouse(Molyneaux et 

al., 2015) and human(Johnson et al., 2015) cortex. However, little is known about lncRNA 

expression and function in the developing human brain. 

 Current annotations of lncRNAs expressed in the human brain are incomplete, partly due 

to the use of polyadenylated (polyA) transcript selection and RNA-seq libraries that do not 

preserve strand information (Darmanis et al., 2015; Miller et al., 2014). As a result, non-

polyadenylated lncRNAs and antisense lncRNAs – several of which have known biological 

functions (Carrieri et al., 2012; Kotake et al., 2011; Pandey et al., 2008) –  remain poorly 

described. Furthermore, the expression of lncRNAs in the human brain has not been 

systematically analyzed at the single cell level, limiting our understanding of temporal- and cell 

type-specific lncRNAs. 

 Bulk tissue studies have suggested that lncRNAs are expressed, on average, at lower 

levels than mRNAs.  It has been unclear whether this is due to uniformly low levels of lncRNAs 

in all cells, or due to high levels of lncRNAs in subpopulations of cells. In the brain, the latter 
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explanation would suggest that lncRNAs previously thought to be transcriptional noise might 

have highly specialized roles in the differentiation or function of specific cell types.  While 

studies of cultured cells provide evidence for both possibilities (Cabili et al., 2015; Shalek et al., 

2013), whether these observations are consistent with the in vivo expression of lncRNAs in cells 

within heterogeneous tissues – such as that of the developing human brain – has been not been 

determined.  

 Here, we combined bulk tissue RNA-seq and single cell RNA-seq to deeply profile 

lncRNA expression during neocortical development. Both polyA selected and total RNA were 

sequenced using strand-specific methods to comprehensively annotate and quantify lncRNAs in 

tissues. By applying this reference transcriptome to single cell RNA-seq, we found that many 

lncRNAs are specific to distinct cell types and are abundantly expressed in individual cells. 

Furthermore, we found that the cell type-specific expression of lncRNAs contributes to the low 

levels of lncRNAs observed in tissues. Finally, using CRISPRi (clustered regularly interspaced 

short palindromic repeats interference) knockdown, we demonstrated that LOC646329, a 

lncRNA that appears low in neocortical tissues but high in the radial glia subpopulation, 

regulates cell proliferation. 
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Results 

Catalogue of long non-coding RNAs in human neocortex development 

To identify lncRNAs expressed during human neocortical development, we microdissected 

radial sections of the tissue at gestational weeks (GW) 13/14.5, 16, 21 and 23. For each time 

point, we obtained biological duplicates and performed strand-specific RNA-seq of both polyA 

selected RNA and total RNA that had been rRNA depleted, generating over 200 million 100 bp 

paired-end mapped reads from each tissue specimen (Figure 1A, Table S1). After de novo 

transcriptome assembly of the polyA selected RNA-seq reads, previously annotated genes and 

short transcripts (<200nt) were filtered. Transcript models that did not pass an optimized read 

coverage threshold in both biological replicates were removed (Methods, Figure S1A). We then 

analyzed the protein coding potential of the remaining transcripts using three computational 

tools: CPC, CPAT, and Pfam (Finn et al., 2014; Kong et al., 2007; Wang et al., 2013), and any 

transcripts assigned a protein coding status by any of the 3 methods were classified as transcripts 

of uncertain coding potential (TUCP) (Cabili et al., 2011) (Figure S1B). These newly annotated 

transcripts were classified as intergenic, antisense, or intronic according to previously proposed 

nomenclature standards (Mattick and Rinn, 2015) and merged with the Ensembl build 75 

transcriptome, resulting in the Full transcriptome reference. A Stringent transcriptome reference, 

in which novel single-exon transcripts were removed, was also generated (all deposited in 

GSE71315).  

 In our polyA selected reference transcriptomes, we identified 11642 lncRNAs (4124 

multi-exonic) and 2571 TUCPs expressed in developing human neocortex (Figure 1B; Table S2). 

The majority of lncRNAs were intergenic, though strand specific RNA-seq enabled identification 

of 3047 antisense lncRNAs (Figure 1C).  8180 lncRNAs were novel to Ensembl 75/GENCODE 
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v19 (Table S3). 7492, 7892, and 2105 were novel to the annotations of Cabili et. al. 2011, 

Hangauer et. al. 2013, and Mitranscriptome (Iyer et al., 2015), respectively (Figure S1C). On 

average, lncRNAs were detected at 13.6 fold lower levels than mRNAs (Figure 1D). Novel 

polyA transcripts annotated from human brain tissues had genomic characteristics and 

conservation scores similar to previously annotated lncRNAs (Figure S2).  

 We next performed pairwise whole-transcriptome comparisons of all time points using 

DESeq2 (Anders and Huber, 2010) (FDR < 0.01). 1088 mRNAs and 424 polyA 

lncRNAs/TUCPs were differentially expressed across these time points (Figure 2A, Table S4). 

Among differentially expressed mRNAs, PAX6 and CENPA were elevated in GW13-16, 

suggesting the increased presence of radial glia stem cells (Heins et al., 2002). Conversely, 

CUX2 and ADCY1 were elevated in GW21-23, consistent with increased neurogenesis at these 

time points (Molyneaux et al., 2007). Among differentially expressed lncRNAs, MEG3 and 

DLX6-AS1 (a lncRNA antisense to the interneuron transcription factor DLX6), increased with 

developmental progression (Figure 2B). Furthermore, gene ontology (GO) analysis of lncRNA 

gene neighbors suggested their function in neuronal differentiation (Figure S1F). 

 Some lncRNAs, such as MALAT1, have been described to be non-polyadenylated 

(Wilusz et al., 2008). To expand our catalogue to include non-polyA lncRNAs, we performed de 

novo transcriptome assembly with sequencing data from the total RNA (rRNA depleted) from 

each tissue sample.  Full and Stringent lncRNA/TUCP references were generated with the same 

pipeline used for polyA selected transcripts (Figure 1A).  26241 lncRNAs (4477 multi-exonic) 

and 4606 TUCPs were annotated from the total RNA-seq libraries (Figure S1E).  To identify 

transcripts that are likely to be non-polyA, we analyzed genes that were consistently > 10 fold 

enriched in the total RNA libraries versus the polyA libraries across all samples (Figure 2C, 
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Figure S3, Table S5).  mRNAs that encode specific histone subunits are known to be non-polyA 

(Yang et al., 2011), and 52 out of the 58 mRNAs enriched in the total RNA-seq transcriptomes 

were for histone subunits, including HIST1H2BK and HIST2H2AB.  By these methods, 85 

lncRNAs were identified as non-polyA, with 65 being novel to Ensembl.  Among the previously 

annotated lncRNAs in this set, known non-polyadenylated lncRNAs such as MALAT1, RMRP, 

and TERC, the RNA component of telomerase, were identified (Livyatan et al., 2013).  Thus, our 

transcriptome references allow broad profiling of lncRNAs during brain development, regardless 

of genomic orientation or polyadenylation status. 

 

Single cell RNA-seq analysis of lncRNA expression  

RNA-seq of whole tissues averages gene expression signatures of many different cell types 

(Shalek et al., 2013). To study lncRNA expression at single cell resolution, we captured single 

cells from radial sections of GW19.5, GW20.5, and GW23.5 neocortex (Figure 3A).  To mitigate 

the effects of technical noise, we added equal amounts of ERCC Spike-In Control RNA to each 

single cell lysis reaction. PolyA libraries were generated, and a median of 1 million mapped read 

pairs were obtained for each reaction (Table S1). We utilized our polyA Stringent transcriptome 

reference to perform transcriptome-guided genomic alignment and gene-level quantification of 

single cell RNA-seq reads (Methods). Cells in which we detected > 1000 genes and > 40 ERCC 

species were retained, resulting in 226 single cells for consideration. We also included 50 single 

cell libraries from GW16 and GW21 that we previously sequenced (Pollen et al., 2014) (Figure 

S4A-C). Although these libraries did not contain ERCC Spike-In Controls, they expanded the 

developmental range of our analyses. 
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 To determine the sensitivity of our single cell sequencing, we calculated the detection 

rate of each ERCC species (Figure S4E). With the exception of ERCC-00116, which is 

inefficiently sampled by polyA selection (Qing et al., 2013), at more than 8 copies, ERCCs were 

detected in 99-100% of cells. We then fit a linear regression model relating normalized read 

counts (ncounts) to ERCC molecules across all cells (Figure S4F). For our analyses, we included 

genes whose non-zero mean levels were above 20.6 ncounts, corresponding to 2 copies per cell. 

Furthermore, we omitted genes that were detected in fewer than 3 cells unless there was evidence 

of expression in our bulk RNA-seq data. Using these methods, we detected 10929 mRNAs and 

1400 lncRNAs expressed across the 276 cells (Table S6).  

 

Abundant lncRNA expression in subpopulations of single cells 

In tissue specimens, lncRNAs were detected at 13.6 fold lower levels than mRNAs on average, 

consistent with previous reports (Cabili et al., 2011; Hangauer et al., 2013; Ramos et al., 2013) 

(Figure 1D). To determine whether lncRNAs may be expressed at high levels by subpopulations 

of cells, we analyzed the abundance of lncRNAs by comparing the median expression of 

lncRNAs to the median expression of mRNAs in each single cell (lncRNA:mRNA median 

ratios). In single cells, the median lncRNA:mRNA ratio was 0.85, with 32.2% of cells exceeding 

1.0 (Figure 3B; Figure S5A,F). To investigate whether the lncRNAs analyzed in the single cells 

exhibit lower expression in whole tissues, we analyzed the same set of lncRNAs and mRNAs in 

whole neocortical samples. In bulk tissue samples, the lncRNA:mRNA ratios were significantly 

lower compared to single cell samples (median 0.31, p=1.9x10-6, Mann-Whitney U; Figure 3B, 

Figure S5B). Furthermore, we merged the single cells in silico and found that this “reconstituted” 

sample had a lncRNA:mRNA ratio as low as the bulk tissues’ (ratio = 0.14, Figure 3B; Figure 



 38 

S5C). Analyses of cultured non-neural cells processed using the same single cell isolation, 

library preparation, and computational pipeline provided additional evidence that the higher 

lncRNA:mRNA ratios observed in single neocortex cells is not primarily driven by the methods 

used (Figure S6). Specifically, the more homogenous K562 cell line exhibited single cell 

lncRNA:mRNA ratios (median 0.46) that were much lower than those from neocortex cells 

(Figure S6A,D). Thus, lncRNAs that are detected at low levels in whole tissues can be 

abundantly expressed in individual cells. 

 To account for the observation that lncRNAs can be abundant in individual cells but 

detected at low levels in the whole tissues, we hypothesized that specific lncRNAs are expressed 

in subpopulations of cells. Housekeeping genes were detected in the vast majority of the single 

neocortex cells (median 91%), as expected (Figure 3C). In contrast, across all quantiles of gene 

expression, lncRNAs were detected in smaller proportions of cells than mRNAs (p=2.7x10-288, 

Mann-Whitney U; Figure 3C,D). Consistent with this observation, lncRNAs that were lowly 

detected in bulk tissues were also expressed in fewer single cells (Figure S5D), indicating that in 

heterogeneous tissues lncRNAs are expressed in more discrete populations of cells than mRNAs. 

 

Cell type-specific expression of lncRNAs 

To determine whether the discrete and abundant expression of lncRNAs could relate to their 

expression in molecularly distinct cell types of the developing human brain, we performed 

hierarchical clustering of single cells with genes that exhibited significant variability (Methods, 

Figure 4A, Figure S4D,S7). We identified 7 clusters, each comprising cells derived from at least 

3 different brains (Figure S7). To infer the identity of these cell clusters, we determined the most 

specific mRNAs in each cluster (Methods, Figure 4B, Table S7) and compared these genes to 
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known cell type-specific markers.  With these methods, we identified the cell clusters to be 

endothelial cells (FLT1), radial glia (VIM, GFAP), dividing radial glia (MKI67, TOP2A), 

intermediate progenitors (EOMES), newborn neurons (SEMA3C, DCC), maturing excitatory 

neurons (SATB2, ADCY1), and inhibitory interneurons (DLX2, GAD1) (Hansen et al., 2013a; 

Kriegstein and Alvarez-Buylla, 2009; Molyneaux et al., 2007; Zhang et al., 2014).  

To identify cell type-specific lncRNAs, we ranked the most specific lnRNAs of each cluster 

(Figure 4C). Overall, lncRNAs exhibited specificity scores comparable to those of mRNAs, with 

lower abundance lncRNAs having slightly greater specificity than abundance-matched mRNAs 

(p=0.01; Mann-Whitney U; Figure S8C). Notably, lncRNAs that were detected at lower 

abundances in bulk tissues were more cell type-specific in single cells than higher abundance 

lncRNAs (p=1.1x10-47, Mann-Whitney U; Figure S8D). Of the top 105 specific lncRNAs (15 in 

each of 7 clusters), 10 were not annotated in Ensembl. DLX6-AS1, whose mean expression was 

6123 fold higher in interneurons than in all other cell types, exhibited the highest cell type-

specific enrichment of any gene (Figure 4C). Its mouse ortholog Evf2 has been shown to function 

in interneurons (Berghoff et al., 2013; Bond et al., 2009). While MEG3 and SOX2-OT have been 

shown as brain and even neuron specific (Zhang et al., 2014), our clustering revealed these 

lncRNAs to be more specific to interneurons than to newborn or maturing excitatory neurons 

(Figure 4C).  

Gene co-expression analyses have previously been used to infer biological functions for novel 

lncRNAs (Guttman et al., 2009; Ramos et al., 2013). We therefore constructed co-expression 

networks between the top specific lncRNAs and all mRNAs expressed in the single cells (Figure 

S9A). Isolating the top 10% most correlated or anticorrelated mRNAs to these lncRNAs revealed 

gene clusters with cell type-specific function, such as “angiogenesis” for the endothelial 
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lncRNAs and “GABA synthesis, release, reuptake and degradation” for the interneuron lncRNAs 

(Figure S9B).  

To validate our cell type-specific lncRNA expression patterns, we performed in situ 

hybridizations for three lncRNAs: LOC646329 (radial glia), LINC00599 (maturing neuron), and 

DLX6-AS1 (interneuron) (Figure 5A). LOC646329 was enriched in the ventricular zone (VZ), 

where most radial glia reside. LINC00599 was enriched in the cortical plate (CP), which harbors 

maturing neurons. DLX6-AS1 was enriched in the subpial granular layer and also exhibited a 

gradient of punctate expression spanning from the VZ to the intermediate zone (IZ), consistent 

with the migration patterns of cortical interneurons (Hansen et al., 2013b; Rakic and Zecevic, 

2003). Imaging of the radial glial marker PAX6, the neuron marker RTN1, the maturing neuron 

marker ADRA2A, and the control marker NNAT, which is expressed broadly across progenitor 

and differentiated cells (Pollen et al., 2014), further validated the regional expression patterns of 

the cell type-specific lncRNAs (Figure 5B, S10). 

To ask whether cell type-specific expression contributes to genes being detected at low levels in 

tissues, we analyzed the expression levels of the top 105 cell-type specific mRNAs and 

lncRNAs. As expected, in bulk tissues, cell type-specific mRNAs were detected at lower levels 

as compared to housekeeping genes (Figure 6B).  Cell type-specific lncRNAs were detected at 

even lower abundances than housekeeping genes (0.069 fold). In contrast, in single cells, these 

lncRNAs were detected at levels close to those of housekeeping genes (0.436 fold, Figure 6A, 

Figure S8A,B). Thus, these cell type-specific lncRNAs appeared 6.31 times less abundant in 

bulk tissues as compared to their expression in single cells.  

We then reasoned that the tissue level expression of a given gene could be modeled as a 

weighted average of cell type-specific expression, where the weights are proportional to the 
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relative abundance of each cell type. We used multiple linear regression to estimate the expected 

fraction of each cell type, using the mean expression in each cell type as predictor variables and 

bulk expression as the response. For consistency, only single cells derived from all cortical layers 

between GW19.5-23.5 were considered, and only bulk tissues from GW21-23 were used. 

Remarkably, the expected fractions of cell types showed strong agreement with the observed cell 

types identified in this study (Figure 6C). This was true for models using lncRNAs only (r = 

0.81) and mRNAs only (r = 0.87), showing that the degree of decreased expression in bulk 

tissues can be explained largely by the relative abundances of cell types. Nonetheless, the 

discreteness of lncRNA expression (Figure 3D), and the relatively lower explanatory power of 

the lncRNA linear model (R2 = 0.336; mRNA R2 = 0.422) suggest that lncRNAs exhibit 

additional expression variation even within cell types.  

 

Radial glia-enriched lncRNA LOC646329 regulates cell proliferation 

LOC646329 was among the most radial glia-enriched lncRNAs, and it was also detected at very 

low levels in bulk tissues (TPM < 0.5, Figure 4C,7A). Radial glia – the neural stem cell 

population of the developing brain – share biological and transcriptional characteristics with 

glioblastoma multiforme (GBM), a malignant glial tumor (Figure 7B) (Vescovi et al., 2006). 

LOC646329 is expressed in human GBM, including the U87 GBM cell line (Figure 7A,B).  To 

investigate the biological function of LOC646329, we performed CRISPRi knockdown of the 

lncRNA in U87 cells. U87 cells stably expressing dCas9-KRAB were infected with one of two 

lentiviruses harboring distinct sgRNAs targeting the transcription start site of LOC646329 

(Figure 7A). After confirming knockdown of LOC646329 by qPCR, we performed internally 

controlled growth assays by measuring the percentage of cells infected with sgRNA-expressing 
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lentivirus over time (Figure 7C,D). Knockdown of LOC646329 with either sgRNA reduced the 

propagation of U87 cells, indicating an important role for this lncRNA in cell proliferation.     
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Discussion 

LncRNAs are remarkably tissue specific (Cabili et al., 2011; Ramos et al., 2013; Sauvageau et 

al., 2013), and the mammalian brain expresses a tremendous diversity and number of this class of 

noncoding transcripts (Cabili et al., 2011; Qureshi et al., 2010).  Furthermore, some neural 

lncRNAs are primate and/or human specific, suggesting that lncRNAs play a role in the 

evolutionary expansion of the human neocortex (Lewitus and Huttner, 2015; Pollard et al., 

2006).  To lay groundwork for the study of lncRNAs in human brain development and disease, 

we generated a reference catalogue of lncRNAs expressed at different stages of human neocortex 

development.  

 Our human neocortex lncRNA reference catalogue greatly improves upon 

previous annotations of human neural lncRNAs in several ways (Lewitus and Huttner, 2015; 

Miller et al., 2014).  First, we studied several developmental stages (8 samples spanning GW13 

to GW23).  Second, we analyzed both polyA selected and total RNA from each of the tissue 

specimens, which enabled the identification of novel lncRNAs that are potentially non-

polyadenylated.  Third, all of our cDNA libraries retained strand-of-origin information, allowing 

more accurate annotation and quantification of antisense transcripts, several of which have been 

shown to have important functions (Carrieri et al., 2012; Kotake et al., 2011; Pandey et al., 

2008). Finally, the inclusion of biological replicate samples at matched (or near matched) 

developmental stages also allowed us to identify lncRNAs that were differentially expressed over 

time. We anticipate that this reference will facilitate future studies focusing on the roles of 

lncRNAs in cortical development and evolution, including cell type-specific roles of individual 

lncRNAs.   
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 Our single cell transcriptome analyses indicate that lncRNAs can be highly 

expressed in individual cells of the developing neocortex.  In cultured cells, studies using single 

molecule fluorescence in situ hybridization (FISH) demonstrate relatively uniform expression of 

61 different lncRNAs across all cells, and that cells expressing high levels of specific lncRNAs 

are uncommon (Cabili et al., 2015). Consistent with these observations in cell lines, we found 

that lncRNA abundance is uniformly low to moderate in single cells of the relatively 

homogenous K562 leukemia line (Figure S6A,D). In contrast, single cells from developing 

human neocortex exhibited a wide range of lncRNA abundances, with some lncRNAs such as 

SOX2-OT and DLX6-AS1 reaching levels higher than those of housekeeping genes (Figure 6A, 

Figure S8B).  Given that the cultured K562 and human neocortex cells were all processed using 

the same Fluidigm C1 platform and processed with the same computational pipeline, the discrete 

and abundant expression of lncRNAs in neocortical cells likely relates to differences in their 

cellular identity.  

Consistent with this hypothesis of cellular identity explaining lncRNA expression, our 

results indicate preferential “dilution” of lncRNAs in bulk samples (Figure 6A), suggesting that 

cell type-specific expression of lncRNAs contributes to the apparent low expression of lncRNAs 

in heterogenous tissues. Furthermore, we were able to predict the relative abundances of the cell 

types identified in this study by regressing bulk expression onto cell type-specific expression 

(Figure 6C). However, two caveats are that we have not captured all the cell types in the 

developing human cortex, and we have not ruled out the possibility that the processing of single 

cells may enrich for certain cell types. A much larger scale study, such as those performed on the 

adult mouse brain (Zeisel et al., 2015) and retina (Macosko et al., 2015), would be required to 

better understand relative abundances of cell types in the developing human brain. 
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Quantitative measurements in single cell RNA-seq have been refined by the use of 

unique molecular identifiers (UMIs) that deconvolute non-uniform amplification of cDNA 

(Islam et al., 2014; Klein et al., 2015; Macosko et al., 2015; Zeisel et al., 2015). However, these 

methods are not yet compatible with full-length transcript coverage, which is advantageous for 

the study of lncRNAs. We retained full-length transcript coverage using the SMARTer protocol 

and instead used ERCC Spike-In Control RNA to control for technical noise. Our use of these 

synthetic RNA spikes to determine an expression threshold and to identify variable genes greatly 

diminished technical noise as the primary driver of lncRNA abundance. However, the use of 

spike-ins set a lower bound of detection, and many truly low abundance lncRNAs likely fell 

below this threshold. Nonetheless, the same threshold was also used for mRNAs, and our 

internal comparisons of lncRNAs to mRNAs in the same cell also controls for technical noise, 

especially since lncRNAs are not necessarily less stable than mRNAs (Clark et al., 2012). 

Therefore, our observation of discrete and abundant expression of lncRNAs in individual cells is 

not primarily driven by technical noise.  

Several lncRNAs have previously been described as brain specific (Cabili et al., 2011; 

Lewitus and Huttner, 2015; Mercer et al., 2008). In this study, we found that these as well as 

novel lncRNAs can be further attributed to distinct cell types within the neocortex. For instance, 

MEG3 is highly expressed in the brain (Cabili et al., 2011; Miyoshi et al., 2000), and we found 

this lncRNA to be especially enriched in interneurons, with moderate expression in maturing 

excitatory neurons (Figure 4C). We also identified cell type-specific and cortical layer-specific 

expression of lncRNAs such as LINC00599 and LOC646329 (Figure 5), which have not been 

studied at this resolution in the human brain. In addition, our study of cell type-specific 

transcripts revealed a role for LOC646329 in regulating cell proliferation. Determining whether 
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LOC646329 acts as a host to the microRNAs MIR29A/B1 (Figure 7A) or through a distinct and 

separable role (Lauressergues et al., 2015) will require further investigation. Nonetheless, this 

result illustrates that lncRNAs that appear to be lowly expressed in tissues can have important 

functions, and motivates the study of lncRNAs at the single cell level.  
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Conclusions 

Whole transcriptome analysis of single cells, in combination with deep RNA-seq of tissues, 

allowed us to identify abundant cell type-specific lncRNAs in the developing neocortex. 

Importantly, many lncRNAs that appear lowly expressed at the population level are abundant in 

discrete cell types. Analysis of these lncRNAs in the brain both reveals useful markers of cell 

types during lineage progression from precursor to differentiated cell types, and enables the 

discovery of novel cellular functions of lncRNAs. As such, lncRNAs that are lowly expressed in 

a population may still regulate essential functions and should not be discounted solely based on 

apparent abundance. These data and workflow should facilitate future studies aimed at 

determining the function of lncRNAs in the brain during development and disease. 
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Experimental Procedures 

Prenatal tissue collection  

De-identified human prenatal brain tissue samples were collected from elective pregnancy 

termination specimens at San Francisco General Hospital, usually within 2 h of the procedure. 

Donated specimens were examined only from patients who had previously given informed 

consent and in strict observance of state and institutional legal and ethical requirements. 

Gestational age was determined by measuring foot length, and tissues were transported to the 

laboratory on ice in Leibowitz-15 medium for immediate tissue processing and RNA extraction.  

 

Ethics 

Research protocols were approved by the Human Gamete, Embryo, and Stem Cell Research 

(GESCR) Committee (Institutional Review Board) at University of California, San Francisco. 

All experimental methods comply with the Declaration of Helsinki.  

 

Bulk tissue RNA-seq library preparation 

Fresh neocortex tissues were dissected along the radial axis, and 50-100 mg sections spanning 

the ventricular zone to the marginal zone of the neocortex were harvested in TRIzol. Mixtures 

were homogenized by triturating 10 times through a 21G needle. Ethanol extracted RNA was 

loaded onto RNeasy columns (QIAGEN), and on-column DNase treatment was performed as 

previously described(Ramos et al., 2013). Purified RNA samples produced RIN scores between 

8.6 and 9.5, measured by 2100 Bioanalyzer (Agilent). RNA-seq libraries were generated using 

both TruSeq Stranded mRNA and TruSeq Stranded Total RNA with Ribo-Zero Gold kits 

(Illumina) according to the manufacturer’s protocols. cDNA validation and normalization were 
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performed using RT-PCR and Quant-iT PicoGreen (Invitrogen). Cluster generation and high-

throughput sequencing were performed on a HiSeq 2500 (Illumina), using the paired-end 100 bp 

protocol.  

 

Single cell capture and RNA-seq library preparation 

Tissues were microdissected by embedding in 3.5% low melt agarose (Fisher) and sectioned 

along the radial axis, perpendicular to the ventricles, using a Leica VT1200S vibratome in 

artificial cerebrospinal fluid (ACSF) media containing 125 mM NaCl, 2.5 mM KCl, 1 mM 

MgCl2, 1 mM CaCl2, 1.25 mM NaH2PO4. Cortex dissections were added to papain (Worthington 

Biochem. Corp) and 2000 units/mL of DNase I freshly diluted in EBSS and incubated at 37° C 

for 30 minutes and centrifuged for 5 minutes at 300g. Supernatants were removed and 

dissociated cells were resuspended in 0.5 mL of sterile DPBS containing 3% FBS (Sigma) and 

1000 units of DNAse I. Suspensions were further dissociated by pipetting up and down 10 times 

and then passing through a 40 µm strainer cap (BD Falcon) to yield single cell suspensions. 

Single cell dissociations were performed on samples separate from those used for bulk tissue 

RNA-seq.  

 Single cell capture was performed using the Fluidigm C1 Single-Cell Auto Prep 

Integrated Fluidic Circuit (IFC) and SMARTer Ultra Low RNA Kit as previously 

described(Pollen et al., 2014). We minimized the capture of cell doublets by only using small (5-

10 µm) 96-plex IFCs, which in combination with neural cells were demonstrated to have the 

lowest instance of doublets (median 6%, SD 4%) (Corporation, 2016).  ERCC Spike-In Controls 

(Ambion) were added to each single cell lysis reaction at a final dilution of 1:20,000, in order to 

capture a wide range of molecule count per reaction. cDNA was quantified using High 
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Sensitivity DNA Kits (Agilent) and diluted to 0.15–0.30 ng/µL in C1 Harvest Reagent. Dual 

indexing and amplification were performed using the Nextera XT DNA Sample Preparation Kit 

(illumina) with the following modifications: reactions were performed at one quarter of 

recommended volume, tagmentation proceeded for 10 minutes, and the PCR extension time was 

60 seconds. Amplified cDNA was size selected twice using 0.9X volume of Agencourt AMPure 

XP beads (Beckman Coulter). Final cDNA libraries were quantified using High Sensitivity DNA 

Kits (Agilent) and sequenced on a HiSeq 2500 (Illumina), using the paired-end 100 bp protocol. 

 

LncRNA identification and quantification pipeline – bulk whole tissues 

alignment and de novo transcript assembly. Quality control of RNA-seq reads was performed 

using FastQC. No read trimming was performed on reads from bulk tissues, since all samples 

exhibited 25%ile quality scores above Q30 at all 100bp positions.  Strand-specific reads were 

aligned to the human reference genome, Ensembl GRCh37/hg19 release 75, using TopHat 

v2.0.10 with the flags (--library-type fr-firststrand --microexon-search). Each sample generated 

between 105 and 148 million mapped read pairs from rRNA depleted total RNA-seq, and 

between 60 and 105 million mapped read pairs from polyA selection RNA-seq (Table S1). De 

novo transcriptome assembly was performed separately on rRNA depletion total RNA-seq 

alignments, and on polyA selection RNA-seq alignments, using Cufflinks v2.2.1 with the flags (-

M ensembl_75_mtRNA_rRNA.gtf -b genome.fa -u --library-type fr-firststrand --max-multiread-

fraction 0.25 --3-overhang-tolerance 2000) to mask potential rRNA and mtRNA reads, enable 

bias correction and multi-map correction, and also to reduce the identification of polymerase run-

on fragments as novel transcripts(Trapnell et al., 2010). Transcriptome assemblies at all 

developmental stages and replicates were merged, separately for rRNA depletion total RNA-seq 
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and polyA selection RNA-seq, with the Ensembl 75/GENCODE 19 reference transcriptome, 

using Cuffmerge. To identify transcripts novel as compared with Ensembl, we utilized 

Cuffcompare class codes and extracted those assembled transcripts classified as: i – novel 

intronic, u – novel intergenic, x – novel antisense. All novel transcripts under 200 nt in length 

were removed. Of the remaining transcripts, we determined minimal read coverage thresholds 

based on whether Cufflinks classified previously annotated transcripts as having 

“full_read_support.” By analyzing the true positive rate vs. false positive rate of classifying 

known genes as obtaining “full_read_support” at various coverage thresholds, we determined the 

minimum coverage to be 1.4 for polyA and 1.67 for total RNA-seq (at FDR = 0.05).  

Starting with just the polyA RNA-seq data, transcripts with read coverage above 1.4 in both 

biological replicates of at least one developmental stage were included in the reference and 

considered to be expressed in the neocortex. Due to limited availability of early fetal tissue, the 

GW14.5 sample was treated as the biological duplicate of the GW13 sample. Novel transcripts 

that were predicted to have protein coding capability by one or more of the following methods 

were classified as transcripts of uncertain coding potential (TUCP): CPAT (Wang et al., 2013), 

threshold = 0.364; CPC (Kong et al., 2007), threshold = 0; Pfam (Finn et al., 2014). For 

comparing to the Pfam database, the longest potential open reading frame (ORF) of each novel 

transcript was obtained, and any putative ORF that had a significant match for a protein domain 

annotated in Pfam A or Pfam B resulted in the parent transcript being classified as a TUCP. All 

remaining novel lncRNAs and TUCPs were then named according to recently proposed 

nomenclature standards (Mattick and Rinn, 2015), for instance LINC-[nearest mRNA] for 

intergenic lncRNAs and [nearest mRNA]-AS for antisense lncRNAs, and were then merged to 

the Ensembl 75 reference transcriptome, resulting in the polyA Full reference transcriptome. The 
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polyA Stringent reference transcriptome was produced by removing all novel single-exon 

lncRNAs and TUCPs. Known lncRNAs from Ensembl were obtained by identifying transcripts 

with one of the following biotype classifications: “3prime_overlapping_ncrna,” “antisense,” 

“lincRNA,” “processed_transcript,” “sense_intronic,” and “sense_overlapping.” The same 

pipeline, with the coverage threshold of 1.67, was performed for reads derived from the total 

RNA-seq.  

 

LncRNA quantification. Gene-level fragment counts for each polyA and total RNA sample 

were quantified using featureCounts v1.4.6 (Liao et al., 2014), using the flags: -p -s 2 -B -C -t 

exon -g gene_id. Count tables were normalized to TPM (Transcripts per Million) (Li and Dewey, 

2011) for internal comparisons and visualizations of bulk RNA-seq. To identify differentially 

expressed genes, we used DESeq2 (Anders and Huber, 2010) on gene-level fragment counts 

derived from the polyA samples and polyA Full reference transcriptome. Pairwise negative 

binomial significance tests were performed between developmental stages using biological 

duplicates, and the union of genes that were significant at FDR < 0.01 were classified as 

differentially expressed. Gene ontology (GO) analysis was performed using the DAVID web 

server(Huang et al., 2009). To identify lncRNAs enriched in total RNA versus polyA RNA, we 

first identified all transcript annotations in the total Full reference that did not overlap with 

transcripts in the polyA Full reference. We then merged these transcripts with the polyA Full 

reference. We quantified gene-level fragment counts annotated in this augmented reference using 

all samples (both polyA RNA and total RNA), as described above. For each of the 8 tissue 

samples, we then compared the TPM for each gene as observed from the polyA and total RNA-
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seq. mRNAs and lncRNAs that were consistently > 10 fold enriched in one or the other fraction 

across all 8 samples were then considered enriched in total RNA or enriched in polyA RNA.  

 

Quality control and analysis of single cell RNA-seq 

Paired end 100 reads from single cell cDNA libraries were quality trimmed using Trim Galore 

with the flags: -q 20 --nextera --length 20. Trimmed reads were aligned to the human reference 

genome, Ensembl GRCh37/hg19 release 75, augmented with the 92 ERCC Spike-In Control 

sequences, using TopHat v2.0.10 with the flags: --transcriptome-

index=polya_stringent_reference.gtf --prefilter-multihits. The polyA Stringent reference 

transcriptome, derived from bulk tissue RNA-seq as described above, was used as a 

transcriptome reference. A median of 1 million 100 bp paired-end reads were successfully 

aligned per cell. Gene-level fragment counts were quantified using featureCounts v1.4.6 with the 

flags: -p -B -C -t exon -g gene_id. Since the SMARTer cDNA prep does not retain strand-of-

origin information, we did not count reads that overlapped multiple features, even if they were 

annotated on opposite strands. Outlier identification was performed by calculating the number of 

genes and ERCC species detected in each cell (defined as the number of genes with > 1 count). 

The distribution of genes and ERCCs detected decayed rapidly below 1000 genes and 40 spikes, 

with the remaining few samples centered at 0 genes and 0 spikes (Figure S4A-B). Therefore, we 

excluded from analyses cells in which we detected fewer than 1000 genes and 40 ERCC spikes. 

The > 40 ERCC requirement was not used for previously sequenced single cells from Pollen et. 

al. 2014, as these cells from GW16 and GW21 brains did not contain ERCC Spike-In Controls.  

 To determine the most accurate expression metric to use for our single cell transcriptome 

analyses, we correlated absolute ERCC spike abundances in each cell with their expression 
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readout using four different metrics (Figure S4J). Count-based metrics, which were counts and 

CPM (Counts per Million mapped reads), outperformed length-normalized metrics, which were 

FPKM (Fragments per Kilobase per Million mapped reads) and TPM (Transcripts per Million). 

Therefore, we used counts and normalized each single cell library by transcriptome size factors 

according to DESeq (Anders and Huber, 2010). Separate size factors were calculated and used 

for genes and ERCCs. 

Detection rate analysis was performed by calculating for each gene and ERCC spike the number 

of cells out of the 276 neocortex cells that exhibited > 1 normalized counts for that gene. We 

determined that the sensitivity of detection was 74% for a ERCC species present at 2 copies per 

cell. At more than 8 copies per cell, ERCCs were detected in 99-100% of cells (Figure S4E). The 

exception was ERCC-00116, which is known to be inefficiently sampled by polyA selection 

(Qing et al., 2013). To find a reliable count threshold for further analyses, we then fit a linear 

regression model relating normalized read counts (ncounts) to ERCC molecules across all cells 

(Figure S4F). We then included genes whose non-zero mean levels across all cells were above 

20.6 ncounts, corresponding to 2 copies per cell. Furthermore, we omitted genes that were 

detected in fewer than 3 single cells unless they were considered to be expressed by the whole-

tissue RNA-seq experiments. For single cell comparisons of gene expression levels of lncRNAs 

to mRNAs, only genes that were expressed above 2 normalized counts in each cell were 

considered. The median normalized counts for lncRNAs was then compared to the median 

normalized counts for mRNAs in single cells. In silico merged cells in Figure 3B and S5C were 

generated by taking the sum of gene read counts across all single cells that passed QC.  
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Clustering and cell type identification of single cells 

To identify genes for unsupervised clustering, we modeled technical noise using ERCC Spike-In 

Control RNA and identified genes with significantly greater expression variation than expected 

from noise according to Brennecke et. al. 2013 (Brennecke et al., 2013). Briefly, we fit a gamma 

family generalized linear model to the coefficient of variation squared of ERCCs as a function of 

mean normalized counts. We then determine the expected variance model for genes that exhibit 

greater than 50% biological coefficient of variation at FDR  < 0.01 (Benjamini-Hochberg 

adjusted p value from Chi-square distribution). These 5243 remaining genes were then used for 

principal component analysis (PCA). PCA was performed using log2 size factor-normalized 

counts with a pseudocount of 1 and visualized in R. We then ranked all genes (mRNAs and 

lncRNAs) based on their highest absolute values of gene loading scores across the first four 

principal components in PCA. We then performed complete linkage hierarchical clustering of 

single cell expression (log2(Normalized Counts + 1)) using 1-(Pearson correlation coefficients) 

as the distance metric, using the top 500 genes ranked by PCA loading scores (Figure S7). 

Cluster dendrograms were cut statically between r=0.8 and r=0.9, and cell types were inferred by 

comparing mRNAs specific to each cluster to known markers.  

 

Cell type specificity analysis 

Cell type-specificity for each gene was calculated as the odds ratio of a cell expressing a given 

gene, above a given threshold, within a cluster compared to outside a cluster. Specifically, if  

is the fraction of cells expressing gene  above threshold in cluster , and  is the fraction of 

cells expressing gene  above threshold that are not in cluster , then we measure cell type 

pij

i j qij

i j



 56 

specific expression odds by: 𝜃𝜃&' = 𝑙𝑙𝑙𝑙𝑙𝑙
,-. /01-.
1-. /0,-.

. To generate the set of mRNAs and lncRNAs 

specific to each cell type, we first assigned each gene to a cell type by determining which cell 

type yielded the maximum log odds specificity score for that gene. We used each gene’s own 

75%ile for expression thresholds. Then we calculated expression enrichment scores for each 

gene in each cell type by: 𝑒𝑒&' = 𝑢𝑢&'/𝑣𝑣&' , where 𝑢𝑢&' is the mean expression level of gene  within  

cluster , and 𝑣𝑣&' is the mean expression level of gene  outside of cluster . Genes were ranked 

within their cell type cluster assignments using expression enrichment scores, and the top 15 

mRNAs and lncRNAs in each cell type were obtained.  

 

Linear regression model 

We reasoned that the relationship between bulk tissue RNA-seq expression and single cell RNA-

seq expression could be approximated using multiple linear regression in the form: 

𝑌𝑌 = 	𝛽𝛽9 + 𝛽𝛽/𝑋𝑋/ + 𝛽𝛽<𝑋𝑋< + ⋯+ 𝛽𝛽>𝑋𝑋> 

where Y is bulk expression, n is the number of cell types identified in the study,	𝛽𝛽9 is a constant 

that normalizes global differences between single cell and bulk RNA-seq, [𝛽𝛽/ …𝛽𝛽>] is the vector 

of slope coefficients that are proportional to the relative fraction of each cell type within the bulk 

tissue, and X is the vector of mean expression of each cell type as measured by single cell RNA-

seq. Expression values were represented as log2 transformed, size factor-normalized counts, with 

a pseudocount of 1. To improve matching between bulk tissues and single cells, we used the 

mean expression of GW21 and GW23 bulk cortex samples (n=4) as the bulk expression level, 

and we used single cells derived from all cortical layers between GW19.5-23.5 (n=226) and 

calculated the mean expression for each cell type, as was determined by hierarchical clustering in 

Figure 4. Only genes that passed the single cell expression threshold (described above), and were 

i

j i j
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detected above 5 counts in bulk tissues, were included. The data were then fit using the lm 

function in R, and the resulting slope coefficients were normalized such that 𝛽𝛽&>
&B/ = 1. These 

normalized coefficients, which represent the expected fractions of cell types, were then 

compared to the observed relative fractions of cell types, according to the cluster sizes in Figure 

4 (but only counting the 226 included cells). 

 

Gene co-expression analysis 

A correlation matrix was assembled by calculating all pairwise Pearson correlation coefficients 

between the 105 cell type-specific lncRNAs and all expressed mRNAs across single cells. 

Expression values were represented as log2 transformed, size factor-normalized counts, with a 

pseudocount of 1. mRNAs whose maximum, absolute value correlation coefficients were in the 

top 10%ile were kept. The resulting sub-matrix was clustered using Euclidean distance and 

complete linkage, and gene clusters were analyzed for gene ontology terms using Enrichr(Chen 

et al., 2013). Clusters with significant gene ontology terms are represented in Figure S9.   

 

In situ hybridization 

Probes for in situ hybridization were synthesized (Genscript) or cloned from GW16 human fetal 

neocortex cDNA, which were reverse-transcribed using SuperscriptII (Invitrogen) with random 

hexamer primers. Probe sequences were subcloned into pGEM T-Easy vector (Promega). T7 or 

SP6 RNA polymerase (Roche) was then used for in vitro transcription of the probes, in the 

presence of DIG-RNA Labeling Mix (Roche). In situ hybridization was performed blinded to the 

sense/antisense status for each probe and sense control probes gave no signal (data not shown). 
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The in situ hybridization protocol has been described before(Wallace and Raff, 1999). Images 

were collected with a Leica DMI 4000B microscope using a Leica DFC295 camera. 

 

Immunohistochemistry 

Immunohistochemistry was performed as described in (Pollen et al., 2014). Briefly, tissue 

samples were fixed in 4% paraformaldehyde, cryoprotected in 30% sucrose, and embedded in a 

1:1 mixture of 30% sucrose and optimal cutting temperature (Thermo Scientific). 20 µm 

cryosections were collected using a Leica CM3050S cryostat. Primary antibody: ADRA2A 

(1:100, Thermo Scientific, PA1-048). Heat-induced antigen retrieval was performed in 10 mM 

sodium citrate buffer, pH 6. Binding was revealed using Alexa FluorTM 488 fluorophore-

conjugated secondary antibody (Life Technologies). Images were collected with a Leica TCS 

SP5 X Confocal microscope. 

 

CRISPRi knockdown of lncRNAs 

CRISPRi mediated repression of lncRNA transcription was performed as described previously 

(Gilbert et al., 2014). First, we created a stable polyclonal cell line expressing dCas9-KRAB by 

transducing U87 glioblastoma cells with dCas9-KRAB-BFP lentivirus and sorting for the top 

30% of BFP expressing cells. sgRNAs were designed as previously described (Gilbert et al., 

2014). sgRNA protospacer sequences were: sgLOC646329-1, 

GCTTAGGAAATCACCAGCTCC; sgLOC646329-2, GGTCTGCCGTGACAGTTCAGT; 

sgCtrl, GAACGACTAGTTAGGCGTGTA. We then cloned the sgRNA sequences into 

puromycin-resistant lentiviral vectors and infected dCas9-KRAB U87 cells with the resulting 

lentivirus particles. To assess lncRNA knockdown, we treated cells with 1 µg/mL puromycin for 
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4 days following sgRNA infection and performed RT-qPCR as previously described (Gilbert et 

al., 2014). RT-qPCR primers were: LOC646329 Forward, CTTGGGGATCCTCTGTACGC; 

LOC646329 Reverse, CTTCGGTATCCTGATGTAGGTGT. 

 Internally controlled, relative growth assays were performed separately. Triplicates 

cultures of dCas9-KRAB U87 cells were transduced at 40-50% infection rate with lentiviruses 

harboring sgRNAs. The proportion of cells that were BFPhi ,indicating sgRNA expression, in 

each population was measured at every passage (every other day) by an LSR II flow cytometer 

(BD). These proportions were internally normalized to values at 5d, when all infected cells 

reached full sgRNA expression, and then compared to cells infected with non-targeting control 

sgRNAs, which demonstrated stable expression of the sgRNA containing vector.  

    

Availability of Supporting Data 

All sequencing data, bulk RNA-seq alignment signal, reference transcriptome GTF files, and 

expression tables are deposited in GSE71315. Glioblastoma cell line U87 RNA-seq data were 

obtained from GSE29738. Single cell RNA-seq libraries from the 50 GW16 and GW21 samples 

and the 46 K562 cells were obtained from SRP041736. 
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Figure 1. Catalogue of lncRNAs in human neocortex development 

A) Schematic of neocortex tissue dissection, poly(A) and total RNA-seq library prep, and 

computational pipeline for lncRNA annotation and quantification. B) Numbers of expressed 

(left) and differentially expressed (right; DESEq2, FDR < 0.01) mRNAs, lncRNAs, and TUCPs 

during neocortex development in bulk tissues. Stringent references omit novel single exon 

transcripts. C) Breakdown of expressed (left) and differentially expressed (right) lncRNAs based 

on genomic orientation relative to mRNAs. D) Maximum expression levels of transcripts 

described in the Full and Stringent references derived from Poly(A) selection RNA-seq, across 

all samples. TPM, Transcripts per Million. 
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Figure 2. Differential expression of mRNAs and lncRNAs/TUCPs during neocortex 

development 

A) Heatmaps of differentially expressed mRNAs (left) and lncRNAs/TUCPs (right) throughout 8 

samples of bulk neocortex tissues. B) Strand specific RNA-seq alignments at the DLX6-AS1 and 

MEG3 loci in GW16 and GW23 replicate 1 samples. Scale, number of aligned reads. C) 

Comparison of mRNA (left) and lncRNA (right) expression levels between poly(A) RNA-seq 

and total RNA-seq in GW16 sample 2. Red diagonals represent 10 fold enrichment in either total 

(upper) or polyA (lower) fractions. Red triangles, histone subunits enriched > 10 fold in total 

RNA. TPM, Transcripts per Million. 
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Figure 3. Single cell transcriptomics of lncRNA expression 

A) Schematic of single cell microfluidic capture and integration of transcriptome reference 

generated from bulk tissue RNA-seq to conduct cell type identification and lncRNA analysis. 

Previously captured cells from Pollen et. al. 2014 were also included. B) Distributions of median 

lncRNA expression to median mRNA expression ratios (lncRNA:mRNA) in bulk tissues, in 

silico merged single cells, and single cells from the developing neocortex. C) Proportion of 

neocortex cells that expressed each lncRNA (blue) and mRNA (red), separated by maximum 

expression in single cells. D) Same as in C) but grouped by maximum expression quantile of the 

set of all transcripts (lncRNA and mRNA combined). Green squares, housekeeping genes. Black 

triangles, ERCC Spike-In Controls. 
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Figure 4. Cell type-specific expression of lncRNAs  

A) Identifying cell types using unsupervised clustering. Left - Principal component analysis 

(PCA) of single cells colored by developmental stage of source tissues. Middle - Complete 

linkage hierarchical clustering of single cells using genes exhibiting variance greater than 

expected than from technical noise. Right – PCA of single cells colored by cell types inferred 

from protein coding genes specific to each cluster. Axes labels indicate percent variation 

explained by each PC. B) Heatmaps of cell type enrichment scores for the 15 most specific 

mRNAs and (C) lncRNAs in each cluster. GW21p3, primary cells derived from GW21 brain that 

were cultured in differentiation media for 3 days. 
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Figure 5. in situ hybridization of cell type-specific lncRNAs and mRNAs in developing 

neocortex  

A) In situ hybridizations and corresponding cell type enrichment values for radial glia-specific 

lncRNA LOC646329 (left), maturing neuron-specific lncRNA LINC00599 (middle), and 

interneuron-specific lncRNA DLX6-AS1 (right). B) In situ hybridizations and corresponding cell 

type enrichment values for radial glia-specific mRNA PAX6 (left), neuron mRNA marker RTN1 

(middle), and progenitor and differentiated cell-expressed mRNA NNAT (right). Scale bars, 250 

µm. CP, cortical plate. IZ, intermediate zone. SVZ, subventricular zone. VZ, ventricular zone. 
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Figure 6. Cell type-specific lncRNAs appear to be lowly expressed in bulk tissues. 

A) Comparison of single cell and bulk tissue maximum expression levels of 105 cell type-

specific lncRNAs and (B) 105 cell type-specific mRNAs.  Green, housekeeping genes.  Blue, 

cell type-specific lncRNAs.  Red, cell type-specific mRNAs.  Projected density plots summarize 

expression levels of scatterplots along the single cell (horizontal) and bulk tissue (vertical) axes.  

Fold changes noted alongside the projected density plots represent the ratio of the median 

expression of cell type-specific lncRNAs or mRNAs to the median expression of housekeeping 

genes in single cell or whole tissue RNA-seq. C) Comparison of expected cell type fractions as 

predicted by linear regression (x axis) and observed cell type fractions (y axis). TPM, Transcripts 

per million. Endo, endothelial. rg, radial glia. drg, dividing radial glia. ipc, intermediate 

progenitor cell. nn, newborn neurons. mn, maturing neurons. inter, interneurons.  

  



 73 

 
 

 

 

 

 



 74 

Figure 7. CRISPRi knockdown of radial glia-enriched lncRNA LOC646329 inhibits 

proliferation 

A) RNA-seq alignments at the LOC646329 locus. GW16(+)/(-) replicate 1 and U87 alignments 

are number of reads. Radial glia and maturing neurons are merged alignments normalized by 

number of cells within each cell cluster. sgRNAs targeting the TSS of LOC646329 are indicated. 

B) Expression of radial glia and neuron mRNAs and lncRNAs in U87 glioblastoma cells. C) 

qPCR of LOC646329 following 4d of CRISPRi knockdown using 2 sgRNAs targeting the TSS 

of LOC646329 relative to non-targeting control sgRNA. Biological triplicates (black circles) 

show 79.0% repression with sgLOC646329-1 (p=0.0014; Welch’s t-test) and 62.6% repression 

in sgLOC646329-2 (p=0.0035; Welch’s t-test). Red lines, mean. D) Relative growth assays of 

U87 cells following sgRNA infection. sgRNA+ fraction was calculated relative to 5d post 

sgRNA infection and normalized to the sgCtrl+ fraction at each timepoint. Biological triplicates 

show 28.1% depletion at 20d with sgLOC646329-1 (p=0.0073; Welch’s t-test) and 33.5% 

depletion with sgLOC646329-2 (p=0.00048; Welch’s t-test). Error bars, standard deviation of 

triplicate cultures.  
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Figure S1. Computational pipeline of lncRNA identification 

A) ROC analysis of coverage thresholds required to fully annotate known transcripts in poly(A) 

and total RNA-seq data. Coverage thresholds were selected for which false positive rates were 

0.05, corresponding to the optimal balance of false positive and true positive rates. B) Venn 

diagrams of novel transcripts classified as protein coding by CPC, CPAT, and Pfam search. The 

union of the transcripts were annotated TUCPs. C) Number of novel poly(A) lncRNAs expressed 

in the Full (red) and Stringent (blue) references compared to Cabili et. al. 2013, Ensembl 

75/GENCODE 19, Hangauer et. al. 2013, and Iyer et. al. 2015 (MiTranscriptome). D) Maximum 

expression levels of transcripts described in the Full (white) and Stringent (gray) references 

derived total RNA-seq across all samples. TPM, Transcripts per Million E) Numbers of 

expressed mRNAs, lncRNAs, and TUCPs during neocortex development in bulk tissues, 

according to total RNA-seq libraries. F) Top gene ontology terms for differentially expressed 

mRNAs (left) and mRNA neighbors of lncRNAs/TUCPs (right). 
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Figure S2. Genomic characteristics of lncRNAs expressed in human neocortex development 

A) Cumulative distributions transcript length of mRNAs, Ensembl lncRNAs, and 

lncRNAs/TUCPs in the Full and Stringent references not annotated in Ensembl (novel). B) 

Cumulative distributions of distances between mRNAs or lncRNAs/TUCPs to their closest 

mRNA neighbors. Novel lncRNAs/TUCPs were farther from mRNAs than mRNAs were to their 

neighboring mRNAs. C) Histograms of exon counts for mRNA or lncRNA/TUCP transcripts. D) 

Histograms of number of unique isoforms for each mRNA or lncRNA/TUCP gene. E) 

Cumulative distributions of mean exonic PhastCons conservation scores for mRNAs or 

lncRNAs/TUCPs. All lncRNAs/TUCPs were less conserved than mRNAs, but were more 

conserved than repeat regions. Left panels represent results using polyA RNA data, right panels 

represent results using total RNA data. 
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Figure S3. Identification of lncRNAs enriched in total RNA-seq  
Smooth scatter plot comparisons of mRNA (left) and lncRNA (right) expression levels between 

polyA RNA-seq and total RNA-seq in all 8 samples. Genes not expressed either polyA or total 

RNA-seq were omitted. 58 mRNAs and 85 lncRNAs were consistently > 10 fold enriched in 

total RNA-seq across all samples. Only one gene, NDUFC2-KCTD14, was identified as 

consistently enriched in the polyA selected RNA-seq. Red diagonals represent 10 fold 

enrichment in either total (upper) or polyA (lower) fractions. Red triangles, histone subunits 

enriched > 10 fold in total RNA. TPM, Transcripts per Million.  
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Figure S4. Summary statistics and quality control of single cell RNA-seq  

A) Distribution of numbers of genes detected in each of the 276 neocortex single cells analyzed. 

The >1000 genes detected threshold was selected due to rapid decay of complexity below 1000 

genes, potentially due to failed lysis of some cells. B) Distribution of numbers of ERCC species 

detected in each of the 276 neocortex single cells analyzed. The set of cells at 0 ERCCs 

represents single cell libraries previously sequenced and analyzed in Pollen et. al. 2014, which 

lack ERCCs. C) Number of reads mapping to genes (red) and ERCC species (blue) in each of the 

276 neocortex single cells. D) Identification of highly variable genes (red; FDR < 0.05; Chi-

squared distribution) used for cell type inference by modeling technical noise of ERCC Spike-In 

Controls (blue circles). Blue curve represents a gamma generalized linear model relating the 

coefficients of variation squared for ERCCs as a function of mean normalized counts. Dotted red 

curve represents 50% biological variance above technical noise. E) Detection rate of ERCC 

Spike-In Control RNA at predetermined quantities of spikes across 226 neocortex single cells. 

Red dotted line represents 74% mean detection rate at 2 copies per cell. F) Linear regression 

model relating size factor normalized counts to ERCC molecule quantity. G) Detection rate of 

ERCC Spike-In Control RNA at predetermined quantities of spikes across 46 K562 single cells. 

Red dotted line represents 62% mean detection rate at 2 copies per cell. H) Linear regression 

model relating normalized counts to ERCC molecule quantity in K562 cells. I) Transcript lengths 

of lncRNAs (blue) and mRNAs (red). Median lncRNA length was 0.40 fold that of median 

mRNA length. The omission of length normalization in single cell data therefore does not 

artificially overestimate lncRNA abundance. J) Pearson correlation coefficients between ERCC 

molecule quantity and various expression metrics in 46 K562 single cells. CPM, Counts per 

Million mapped reads. FPKM, Fragments per Kilobase per Million mapped reads. TPM, 
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Transcripts per Million. Count based metrics (Counts, CPM) outperformed length-normalized 

metrics (FPKM, TPM) in single cell RNA-seq data prepared using the SMARTer method. 
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Figure S5. Expression of lncRNAs and mRNAs in single cells and whole tissues  

A) Distributions of non-zero lncRNA (blue) and mRNA (red) expression in 276 single cells from 

neocortex. The median lncRNA expression and the median mRNA expression for each cell was 

compared as a ratio and summarized in Figure 3B. B) Distributions of non-zero lncRNA (blue) 

and mRNA (red) expression in 8 bulk tissue RNA-seq samples using the same set of 1400 

lncRNAs and 10929 mRNAs as in A). C) Distributions of non-zero lncRNA (blue) and mRNA 

(red) expression in in silico merged neocortex single cells. D) Proportion of single neocortex 

cells that expressed each lncRNA (blue) and mRNA (red), binned by their expression levels in 

bulk tissues. E) Distributions of housekeeping gene and lncRNA (F) expression levels in 

neocortex single cells, binned by log2(Normalized Counts + 1). Colors represent number of cells 

in each bin. Abundant lncRNAs were ranked by their median expression levels across 276 

neocortex single cells.  
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Figure S6. Single cell transcriptomics of lncRNA expression in K562 cell cultures  

A) Distributions of median lncRNA expression to median mRNA expression ratios 

(lncRNA:mRNA) in populations, in silico merged single cells, and single cells from K562 

cultures. B) Proportion of K562 cells that expressed each lncRNA (blue) and mRNA (red), 

separated by maximum expression in single cells. C) Same as in B) but grouped by maximum 

expression quantile. D) Distributions of non-zero lncRNA (blue) and mRNA (red) expression in 

46 single K562 cells. Green squares, housekeeping genes. Black triangles, ERCC Spike-In 

Controls. 
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Figure S7. Hierarchical Clustering of Neocortex Single Cells 

Results of complete linkage hierarchical clustering of 276 neocortex single cells, using the top 

500 genes ranked by the highest absolute values of gene loading scores across the first four 

principal components following PCA. Endo, endothelial. RG, radial glia. DRG, dividing radial 

glia. IPC, intermediate progenitor cell. NN, newborn neurons. MN, maturing neurons. INTER, 

interneurons. 
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Figure S8. Abundant expression of cell type-specific lncRNAs in single cells 

A) Distributions of expression levels of cell type-specific mRNAs and (B) lncRNAs in single 

neocortex cells, binned by log2(Normalized Counts + 1). Heatmap colors represent number of 

cells in each bin. Genes were ranked by their median expression levels across 276 neocortex 

single cells. Columns adjacent to gene names represent cell type assignments. C) Distributions of 

maximum log odds ratios for cell type-specific gene expression at 75%ile threshold for each 

lncRNA (blue) and mRNA (red) at different quantiles of expression. D) Cumulative distributions 

of cell type specificity scores for lncRNAs expressed at various levels in bulk tissues. Endo/red, 

endothelial. RG/blue, radial glia. DRG/green, dividing radial glia. IPC/purple, intermediate 

progenitor cell. NN/orange, newborn neurons. MN/yellow, maturing neurons. INTER/brown, 

interneurons. 
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Figure S9. Gene co-expression analysis of cell type-specific lncRNAs in single cells 

A) Matrix of Pearson correlation coefficients between cell type-specific lncRNAs and the top 

10% most correlated or anticorrelated mRNAs across single cells. B) Gene ontology terms for 

gene clusters identified in the correlation matrix. Cluster nodes are labeled with red circles. 

Header bar colors for lncRNAs: red, endothelial. blue, radial glia. green, dividing radial glia. 

purple, intermediate progenitor cell. orange, newborn neurons. yellow, maturing neurons. brown, 

interneurons. 
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Figure S10. Immunohistochemistry of maturing neuron marker ADRA2A 

Immunohistochemistry of maturing neuron marker protein ADRA2A (left) compared to in situ 

hybridization against maturing neuron lncRNA LINC00599 (right, reproduced from Figure 5). 
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Supplemental Tables 

 

Table S1 

Sample and sequencing statistics. Developmental stages, number of reads sequenced and aligned 

for each bulk RNA-seq and single cell RNA-seq sample (separate tabs in xls file). Single cell 

RNA-seq statistics also include number of unique genes and ERCC Spike-In Control species 

detected, and how many reads were assigned to either.  

 

Table S2 

Expression table of all bulk tissue samples and genes (including known and novel lncRNAs) 

according to the polyA Full transcriptome reference. Expression values are in TPM (Transcripts 

per Million). 

 

Table S3 

Table of novel lncRNAs not annotated in Ensembl release 75. Gene names and coordinates are in 

BED format. These lncRNAs were the set of novel lncRNAs annotated in the polyA full 

reference, which includes both multi-exon and single exon lncRNAs. 

 

Table S4 

Expression table of all bulk tissue samples and differentially expressed genes, using polyA data. 

Expression values are in TPM (Transcripts per Million). 

 

Table S5 
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Expression table of all bulk tissue samples showing genes enriched in either total RNA-seq or 

polyA RNA-seq. Both polyA and total RNA-seq data are represented for each tissue sample. 

Expression values are in TPM (Transcripts per Million). 

 

Table S6 

Single cell expression table. 276 single cells from human neocortex development and all genes 

(including known and novel lncRNAs) that pass the minimum expression threshold (Methods). 

Expression values are in size factor normalized counts, according to DESeq. 

 

Table S7 

Table of 105 cell type-specific mRNAs (1st tab) and lncRNAs (2nd tab) and their expression 

enrichment scores, which are log2 transformed, for each of the 7 cell type clusters. 

 

  



 98 

References 

Anders, S., and Huber, W. (2010). Differential expression analysis for sequence count data. 

Genome Biol 11, R106. 

Berghoff, E.G., Clark, M.F., Chen, S., Cajigas, I., Leib, D.E., and Kohtz, J.D. (2013). Evf2 

(Dlx6as) lncRNA regulates ultraconserved enhancer methylation and the differential 

transcriptional control of adjacent genes. Development 140, 4407–4416. 

Bond, A.M., VanGompel, M.J.W., Sametsky, E.A., Clark, M.F., Savage, J.C., Disterhoft, J.F., 

and Kohtz, J.D. (2009). Balanced gene regulation by an embryonic brain ncRNA is critical for 

adult hippocampal GABA circuitry. Nat Neurosci 12, 1020–1027. 

Brennecke, P., Anders, S., Kim, J.K., Kołodziejczyk, A.A., Zhang, X., Proserpio, V., Baying, B., 

Benes, V., Teichmann, S.A., Marioni, J.C., et al. (2013). Accounting for technical noise in 

single-cell RNA-seq experiments. Nat Meth 10, 1093–1095. 

Cabili, M.N., Trapnell, C., Goff, L., Koziol, M., Tazon-Vega, B., Regev, A., and Rinn, J.L. 

(2011). Integrative annotation of human large intergenic noncoding RNAs reveals global 

properties and specific subclasses. Genes & Development 25, 1915–1927. 

Cabili, M.N., Dunagin, M.C., McClanahan, P.D., Biaesch, A., Padovan-Merhar, O., Regev, A., 

Rinn, J.L., and Raj, A. (2015). Localization and abundance analysis of human lncRNAs at 

single-cell and single-molecule resolution. Genome Biol 16, 20. 

Carrieri, C., Cimatti, L., Biagioli, M., Beugnet, A., and Zucchelli, S. (2012). Long non-coding 

antisense RNA controls Uchl1 translation through an embedded SINEB2 repeat. Nature. 



 99 

Chen, E.Y., Tan, C.M., Kou, Y., Duan, Q., Wang, Z., Meirelles, G.V., Clark, N.R., and Ma'ayan, 

A. (2013). Enrichr: interactive and collaborative HTML5 gene list enrichment analysis tool. 

BMC Bioinformatics 14, 128. 

Clark, M.B., Johnston, R.L., Inostroza-Ponta, M., Fox, A.H., Fortini, E., Moscato, P., Dinger, 

M.E., and Mattick, J.S. (2012). Genome-wide analysis of long noncoding RNA stability. 

Genome Research 22, 885–898. 

Corporation, F. (2016). Doublet Rate and Detection on the C1 IFCs White Paper. 

Darmanis, S., Sloan, S.A., Zhang, Y., Enge, M., Caneda, C., Shuer, L.M., Hayden Gephart, 

M.G., Barres, B.A., and Quake, S.R. (2015). A survey of human brain transcriptome diversity at 

the single cell level. Proceedings of the National Academy of Sciences 112, 7285–7290. 

Finn, R.D., Bateman, A., Clements, J., Coggill, P., Eberhardt, R.Y., Eddy, S.R., Heger, A., 

Hetherington, K., Holm, L., Mistry, J., et al. (2014). Pfam: the protein families database. Nucleic 

Acids Res. 42, D222–D230. 

Gilbert, L.A., Horlbeck, M.A., Adamson, B., Villalta, J.E., Chen, Y., Whitehead, E.H., 

Guimaraes, C., Panning, B., Ploegh, H.L., Bassik, M.C., et al. (2014). Genome-Scale CRISPR-

Mediated Control of Gene Repression and Activation. Cell 159, 647–661. 

Goff, L.A., Groff, A.F., Sauvageau, M., Trayes-Gibson, Z., Sanchez-Gomez, D.B., Morse, M., 

Martin, R.D., Elcavage, L.E., Liapis, S.C., Gonzalez-Celeiro, M., et al. (2015). Spatiotemporal 

expression and transcriptional perturbations by long noncoding RNAs in the mouse brain. 

Proceedings of the National Academy of Sciences 112, 6855–6862. 



 100 

Guttman, M., Amit, I., Garber, M., French, C., Lin, M.F., Feldser, D., Huarte, M., Zuk, O., 

Carey, B.W., Cassady, J.P., et al. (2009). Chromatin signature reveals over a thousand highly 

conserved large non-coding RNAs in mammals. Nature 457, 223–227. 

Hangauer, M.J., Vaughn, I.W., and McManus, M.T. (2013). Pervasive transcription of the human 

genome produces thousands of previously unidentified long intergenic noncoding RNAs. PLoS 

Genet 9, e1003569. 

Hansen, D.V., Lui, J.H., Flandin, P., Yoshikawa, K., Rubenstein, J.L., Alvarez-Buylla, A., and 

Kriegstein, A.R. (2013a). Non-epithelial stem cells and cortical interneuron production in the 

human ganglionic eminences. Nature Publishing Group 16, 1576–1587. 

Hansen, D.V., Lui, J.H., Flandin, P., Yoshikawa, K., Rubenstein, J.L., Alvarez-Buylla, A., and 

Kriegstein, A.R. (2013b). Non-epithelial stem cells and cortical interneuron production in the 

human ganglionic eminences. Nature Publishing Group 16, 1576–1587. 

Heins, N., Malatesta, P., Cecconi, F., Nakafuku, M., Tucker, K.L., Hack, M.A., Chapouton, P., 

Barde, Y.-A., and Götz, M. (2002). Glial cells generate neurons: the role of the transcription 

factor Pax6. Nat Neurosci 5, 308–315. 

Huang, D.W., Sherman, B.T., and Lempicki, R.A. (2009). Bioinformatics enrichment tools: 

paths toward the comprehensive functional analysis of large gene lists. Nucleic Acids Res. 37, 1–

13. 

Islam, S., Zeisel, A., Joost, S., La Manno, G., Zajac, P., Kasper, M., Lönnerberg, P., and 

Linnarsson, S. (2014). Quantitative single-cell RNA-seq with unique molecular identifiers. Nat 

Meth 11, 163–166. 



 101 

Iyer, M.K., Niknafs, Y.S., Malik, R., Singhal, U., Sahu, A., Hosono, Y., Barrette, T.R., Prensner, 

J.R., Evans, J.R., Zhao, S., et al. (2015). The landscape of long noncoding RNAs in the human 

transcriptome. Nature Genetics. 

Johnson, M.B., Wang, P.P., Atabay, K.D., Murphy, E.A., Doan, R.N., Hecht, J.L., and Walsh, 

C.A. (2015). Single-cell analysis reveals transcriptional heterogeneity of neural progenitors in 

human cortex. Nat Neurosci 18, 637–646. 

Klein, A.M., Mazutis, L., Akartuna, I., Tallapragada, N., Veres, A., Li, V., Peshkin, L., Weitz, 

D.A., and Kirschner, M.W. (2015). Droplet Barcoding for Single-Cell Transcriptomics Applied 

to Embryonic Stem Cells. Cell 161, 1187–1201. 

Kong, L., Zhang, Y., Ye, Z.-Q., Liu, X.-Q., Zhao, S.-Q., Wei, L., and Gao, G. (2007). CPC: 

assess the protein-coding potential of transcripts using sequence features and support vector 

machine. Nucleic Acids Res. 35, W345–W349. 

Kotake, Y., Nakagawa, T., Kitagawa, K., Suzuki, S., Liu, N., Kitagawa, M., and Xiong, Y. 

(2011). Long non-coding RNA ANRIL is required for the PRC2 recruitment to and silencing of 

p15(INK4B) tumor suppressor gene. Oncogene 30, 1956–1962. 

Kriegstein, A., and Alvarez-Buylla, A. (2009). The glial nature of embryonic and adult neural 

stem cells. Annu. Rev. Neurosci. 32, 149–184. 

Lauressergues, D., Couzigou, J.-M., Clemente, H.S., Martinez, Y., Dunand, C., Bécard, G., and 

Combier, J.-P. (2015). Primary transcripts of microRNAs encode regulatory peptides. Nature 

520, 90–93. 



 102 

Lewitus, E., and Huttner, W.B. (2015). Neurodevelopmental LincRNA Microsyteny 

Conservation and Mammalian Brain Size Evolution. PLoS ONE 10, e0131818. 

Li, B., and Dewey, C.N. (2011). RSEM: accurate transcript quantification from RNA-Seq data 

with or without a reference genome. BMC Bioinformatics 12, 323. 

Liao, Y., Smyth, G.K., and Shi, W. (2014). featureCounts: an efficient general purpose program 

for assigning sequence reads to genomic features. Bioinformatics 30, 923–930. 

Livyatan, I., Harikumar, A., Nissim-Rafinia, M., Duttagupta, R., Gingeras, T.R., and Meshorer, 

E. (2013). Non-polyadenylated transcription in embryonic stem cells reveals novel non-coding 

RNA related to pluripotency and differentiation. Nucleic Acids Res. 41, 6300–6315. 

Macosko, E.Z., Basu, A., Satija, R., Nemesh, J., Shekhar, K., Goldman, M., Tirosh, I., Bialas, 

A.R., Kamitaki, N., Martersteck, E.M., et al. (2015). Highly Parallel Genome-wide Expression 

Profiling of Individual Cells Using Nanoliter Droplets. Cell 161, 1202–1214. 

Mattick, J.S., and Rinn, J.L. (2015). Discovery and annotation of long noncoding RNAs. Nature 

Structural & Molecular Biology 22, 5–7. 

Mercer, T.R., Dinger, M.E., Sunkin, S.M., Mehler, M.F., and Mattick, J.S. (2008). Specific 

expression of long noncoding RNAs in the mouse brain. Proceedings of the National Academy 

of Sciences 105, 716–721. 

Mercer, T.R., Qureshi, I.A., Gokhan, S., Dinger, M.E., Li, G., Mattick, J.S., and Mehler, M.F. 

(2010). Long noncoding RNAs in neuronal-glial fate specification and oligodendrocyte lineage 

maturation. BMC Neurosci 11, 14. 



 103 

Miller, J.A., Ding, S.-L., Sunkin, S.M., Smith, K.A., Ng, L., Szafer, A., Ebbert, A., Riley, Z.L., 

Royall, J.J., Aiona, K., et al. (2014). Transcriptional landscape of the prenatal human brain. 

Nature 1–19. 

Miyoshi, N., Wagatsuma, H., Wakana, S., Shiroishi, T., Nomura, M., Aisaka, K., Kohda, T., 

Surani, M.A., Kaneko-Ishino, T., and Ishino, F. (2000). Identification of an imprinted gene, 

Meg3/Gtl2 and its human homologue MEG3, first mapped on mouse distal chromosome 12 and 

human chromosome 14q. Genes Cells 5, 211–220. 

Molyneaux, B.J., Arlotta, P., Menezes, J.R.L., and Macklis, J.D. (2007). Neuronal subtype 

specification in the cerebral cortex. Nat Rev Neurosci 8, 427–437. 

Molyneaux, B.J., Goff, L.A., Brettler, A.C., Chen, H.-H., Brown, J.R., Hrvatin, S., Rinn, J.L., 

and Arlotta, P. (2015). DeCoN: genome-wide analysis of in vivo transcriptional dynamics during 

pyramidal neuron fate selection in neocortex. Neuron 85, 275–288. 

Pandey, R.R., Mondal, T., Mohammad, F., Enroth, S., Redrup, L., Komorowski, J., Nagano, T., 

Mancini-Dinardo, D., and Kanduri, C. (2008). Kcnq1ot1 antisense noncoding RNA mediates 

lineage-specific transcriptional silencing through chromatin-level regulation. Molecular Cell 32, 

232–246. 

Pollard, K.S., Salama, S.R., Lambert, N., Lambot, M.-A., Coppens, S., Pedersen, J.S., Katzman, 

S., King, B., Onodera, C., Siepel, A., et al. (2006). An RNA gene expressed during cortical 

development evolved rapidly in humans. Nature 443, 167–172. 

Pollen, A.A., Nowakowski, T.J., Shuga, J., Wang, X., Leyrat, A.A., Lui, J.H., Li, N., 

Szpankowski, L., Fowler, B., Chen, P., et al. (2014). Low-coverage single-cell mRNA 



 104 

sequencing reveals cellular heterogeneity and activated signaling pathways in developing 

cerebral cortex. Nat Biotechnol. 

Ponting, C.P., Oliver, P.L., and Reik, W. (2009). Evolution and functions of long noncoding 

RNAs. Cell 136, 629–641. 

Qing, T., Yu, Y., Du, T., and Shi, L. (2013). mRNA enrichment protocols determine the 

quantification characteristics of external RNA spike-in controls in RNA-Seq studies. Sci China 

Life Sci 56, 134–142. 

Qureshi, I.A., Mattick, J.S., and Mehler, M.F. (2010). Long non-coding RNAs in nervous system 

function and disease. Brain Research 1338, 20–35. 

Rakic, S., and Zecevic, N. (2003). Emerging complexity of layer I in human cerebral cortex. 

Cerebral Cortex. 

Ramos, A.D., Diaz, A., Nellore, A., Delgado, R.N., Park, K.-Y., Gonzales-Roybal, G., Oldham, 

M.C., Song, J.S., and Lim, D.A. (2013). Integration of Genome-wide Approaches Identifies 

lncRNAs of Adult Neural Stem Cells and Their Progeny In Vivo. Cell Stem Cell 12, 616–628. 

Sauvageau, M., Goff, L.A., Lodato, S., Bonev, B., Groff, A.F., Gerhardinger, C., Sanchez-

Gomez, D.B., Hacisuleyman, E., Li, E., Spence, M., et al. (2013). Multiple knockout mouse 

models reveal lincRNAs are required for life and brain development. eLife 2, e01749. 

Shalek, A.K., Satija, R., Adiconis, X., Gertner, R.S., Gaublomme, J.T., Raychowdhury, R., 

Schwartz, S., Yosef, N., Malboeuf, C., Lu, D., et al. (2013). Single-cell transcriptomics reveals 

bimodality in expression and splicing in immune cells. Nature 498, 236–240. 



 105 

Trapnell, C., Williams, B.A., Pertea, G., Mortazavi, A., Kwan, G., van Baren, M.J., Salzberg, 

S.L., Wold, B.J., and Pachter, L. (2010). Transcript assembly and quantification by RNA-Seq 

reveals unannotated transcripts and isoform switching during cell differentiation. Nat Biotechnol 

28, 511–515. 

Ulitsky, I., and Bartel, D.P. (2013). lincRNAs: genomics, evolution, and mechanisms. Cell 154, 

26–46. 

Vescovi, A.L., Galli, R., and Reynolds, B.A. (2006). Brain tumour stem cells. Nat Rev Cancer 6, 

425–436. 

Wallace, V.A., and Raff, M.C. (1999). A role for Sonic hedgehog in axon-to-astrocyte signalling 

in the rodent optic nerve. Development 126, 2901–2909. 

Wang, L., Park, H.J., Dasari, S., Wang, S., Kocher, J.-P., and Li, W. (2013). CPAT: Coding-

Potential Assessment Tool using an alignment-free logistic regression model. Nucleic Acids Res. 

41, e74–e74. 

Wilusz, J.E., Freier, S.M., and Spector, D.L. (2008). 3' end processing of a long nuclear-retained 

noncoding RNA yields a tRNA-like cytoplasmic RNA. Cell 135, 919–932. 

Yang, L., Duff, M.O., Graveley, B.R., Carmichael, G.G., and Chen, L.-L. (2011). Genomewide 

characterization of non-polyadenylated RNAs. Genome Biol 12, R16. 

Zeisel, A., Muñoz-Manchado, A.B., Codeluppi, S., Lönnerberg, P., La Manno, G., Juréus, A., 

Marques, S., Munguba, H., He, L., Betsholtz, C., et al. (2015). Brain structure. Cell types in the 

mouse cortex and hippocampus revealed by single-cell RNA-seq. Science 347, 1138–1142. 



 106 

Zhang, Y., Chen, K., Sloan, S.A., Bennett, M.L., Scholze, A.R., O'Keeffe, S., Phatnani, H.P., 

Guarnieri, P., Caneda, C., Ruderisch, N., et al. (2014). An RNA-Sequencing Transcriptome and 

Splicing Database of Glia, Neurons, and Vascular Cells of the Cerebral Cortex. J. Neurosci. 34, 

11929–11947. 

 

  



 107 

Chapter 3 

Single-cell sequencing maps gene expression to mutational phylogenies in 

PDGF and EGF driven gliomas 
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Abstract 

Glioblastoma multiforme (GBM) is the most common and aggressive type of primary brain 

tumor. Epidermal growth-factor (EGF) and platelet-derived growth-factor (PDGF) receptors are 

frequently amplified and/or possess gain-of-function mutations in GBM. However, clinical trials 

of tyrosine-kinase inhibitors have shown disappointing efficacy, in part due to intra-tumor 

heterogeneity. To assess the effect of clonal heterogeneity on gene expression, we derived an 

approach to map single-cell expression profiles to sequentially-acquired mutations identified 

from exome sequencing. Using 288 single cells, we constructed high-resolution phylogenies of 

EGF-driven and PDGF-driven GBMs, modeling transcriptional kinetics during tumor evolution. 

Descending the phylogenetic tree of a PDGF-driven tumor corresponded to a progressive 

induction of an oligodendrocyte progenitor-like cell type, expressing pro-angiogenic factors. In 

contrast, phylogenetic analysis of an EGFR-amplified tumor showed an up-regulation of pro-

invasive genes. An in-frame deletion in a specific dimerization domain of PDGF-receptor 

correlates with an up-regulation of growth pathways in a proneural GBM, and enhances 

proliferation when ectopically expressed in glioma cell lines. In-frame deletions in this domain 

are frequent in public GBM data. 
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Introduction 

Glioblastoma multiforme (GBM) is an extremely aggressive type of brain tumor, characterized 

by a high degree of intra-tumor heterogeneity (Patel et al, 2014). Amplifications and gain-of-

function mutations in receptor-tyrosine kinases (RTKs) are common in GBM. However, these 

mutations are typically regional and mosaic (Szerlip et al, 2012), and combinatorial application 

of RTK inhibitors is required to achieve a complete treatment in vitro (Stommel et al, 2007). 

Clinical trials of RTK inhibitors have shown only minimal efficacy, and these limitations may be 

in part due to intra-tumor heterogeneity (Prados et al, 2015). More broadly, developing 

treatments that circumvent specific, regional genotypic differences is challenging, since the 

number of biopsies per tumor is generally limited, and bulk-sequencing methods reduce such 

regional variation to population averages. 

There is strong evidence that treatment itself can drive clonal evolution. Temozolomide 

chemotherapy is part of the current standard of care for newly diagnosed GBM. But, for some 

glioma patients, temozolomide treatment can also drive a hyper-mutated phenotype, as has been 

demonstrated by phylogenetic analysis of exome sequencing (exome-seq) data (Johnson et al, 

2014). Phylogenetic analyses of bulk exome-seq and methylation array data in glioma cohorts 

have also been used to identify recurrent events in tumor evolution (Mazor et al, 2015; Johnson 

et al, 2014). Recent advances in single-cell sequencing have enabled fine mapping of EGFR 

variant heterogeneity (Francis et al, 2014), as well as studies of the evolutionary history of 

individual tumors at unprecedented resolution (Navin et al, 2011; Garvin et al, 2014). 

Furthermore, large-scale copy-number variations (CNVs) have been inferred from single-cell 

RNA sequencing (RNA-seq) in GBM (Patel et al, 2014). In this study, we called CNVs from 

bulk exome-seq and quantified them in single-cell RNA-seq from the same tumor sample. Based 
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on this, we produced a clonal ordering of individual cells that we used to infer transcriptional 

kinetics during tumor evolution and to perform inter-clone differential transcriptomics. We used 

this approach to contrast EGF-driven and PDGF-driven GBMs and identified pathways that 

show a dose-response to EGF and PDGF receptor copy-number. 
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Results 

Primary GBMs contain heterogeneous mixtures of cell types with recurrent transcriptional 

signatures 

We collected fresh tissue from 3 cases of primary, untreated GBM directly from the operating 

room (SF10282, SF10345, SF10360) and subjected these biopsies to both single-cell RNA-seq 

and bulk exome-seq (Fig 1A). We also performed bulk exome-seq on a separate blood sample 

from each patient. We characterized the landscape of genomic, somatic mutations for each 

patient using a robust exome-seq pipeline (Johnson et al, 2014), this analysis included 

identifying single-nucleotide variants (SNVs), small insertions/deletions (indels) and copy 

number variants (CNVs) (Materials and Methods).  

All cases demonstrated an amplification of growth factor genes. We found EGFR to be 

highly amplified in SF10345 (122 copies), and PDGFRA to be amplified in SF10282 (12 copies). 

Deletion and putative loss-of-function mutations in tumor suppressors were also common events 

(Datasets EV 1-6). For example, all cases had non-synonymous point mutations in PTEN (with 

variant-allele frequencies (VAFs) from 41%-89%). A copy of chromosome 10 was lost in 

SF10345 and SF10360. Furthermore, these two cases harbored a deletion in chromosome 9, in a 

region encoding tumor suppressor genes KLHL9 and CDKN2A/B. KLHL9 deletions are 

correlated with the mesenchymal GBM subtype and poor prognosis (Chen et al, 2014). In our 

data, KLHL9 is not expressed in either SF10345 or SF10360, and both samples classify as 

mesenchymal/classical. SF10360 and SF10282 share other mutations, such as a loss of 13q14 

that contains the tumor suppressive micro-RNA cluster miR-15a/16 (Aqeilan et al, 2010; 

Afonso-Grunz & Müller, 2015). Between 5 to 35 small indels were detected per sample, e.g. 
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TP53 (SF10282, frame-shift deletion), NF1 (SF10360, frame-shift deletion) and PLAGL1 

(SF10345, frame-shift deletion).  

Prior to the analysis of single-cell RNA-seq libraries, low-complexity and low-coverage 

libraries were filtered (Fig EV 1A, B), and stromal/non-malignant cells were identified 

(Materials and Methods). This workflow left 61, 66 and 63 tumor cells from SF10282, SF10345, 

and SF10360 respectively. Consistent with previous reports (Patel et al, 2014), classification of 

single cells according to the Verhaak subtypes (Verhaak et al, 2010) identified heterogeneous 

mixtures of distinct subtypes within the same tumor (Fig 1C). SF10345 and SF10360 are 

classical/mesenchymal and predominantly EGFR driven. SF10282 is predominantly pro-neural, 

up-regulates PDGF-pathway genes, and markers of oligodendrocyte progenitor cells (OPCs) are 

broadly expressed. Yet SF10282 contains a subpopulation of cells with a neural stem cell (NSC) 

–like expression profile (Fig 1C). These cells classify as mesenchymal/classical in the Verhaak 

scheme. We sought to infer the relative ordering of the NSC and OPC-like cells in the tumor’s 

phylogeny, and more generally to establish cellular phylogenies for all samples.  

 

Phylogenies of copy-number alterations map gene expression to clonal structure 

We chose to focus on large, somatic CNVs of 100 exons or more (Materials and Methods). The 

median size of CNVs exceeding this threshold was 18-21 mega base-pairs, comprising 300-400 

genes. This size is much larger than the size of CNVs previously observed to occur frequently in 

the germline (Sudmant et al, 2015), which had a median size of 36 kilo base-pairs. We found that 

GBM to normal-brain control single-cell expression ratios correlated with CNV status (Appendix 

Fig S1), motivating us to quantify these CNVs in individual cells (Materials and Methods). 

Briefly, for each CNV identified in the exome-seq, the 5% significance level of the distribution 



 113 

of normal brain read-counts covering that locus was used as a threshold to assign CNV 

presence/absence calls to individual cells (Fig 2A). This triage was unaffected by the application 

of a wavelet-smoothing filter to the single-cell data. Furthermore, exome-seq read histograms 

showed excellent agreement with single-cell trend-lines (Fig 2B,C). This indicated that our 

approach was robust to the stochastic expression of individual genes. We validated the error-rate 

of this classifier using 10-fold cross-validation, as well as empirical testing on a control dataset 

(Pollen et al, 2015a), (Appendix Fig S2, Materials and Methods). Using Jaccard distance 

between CNV genotypes to assess inter-cell similarity, we fit phylogenies to each of the tumor 

samples using the Fitch-Margoliash method (Materials and Methods). The amplifications of 

chromosomes 7 and 19p13.3, which were shared across cases in the exome-seq, occurred early in 

all 3 of our single-cell phylogenies. In SF10360, chromosome 7 gain was a founding event, 

occurring together with a loss of chromosome 10 (Fig 3A). Intriguingly, a loss of chromosome 

13 arose independently in two distinct sub-clones of SF10360. Since 13q14 harbors the miR-

15a/16 micro-RNA cluster, a known tumor-suppressor in prostate cancer (Bonci et al, 2008) and 

chronic lymphocytic leukemia (Pekarsky & Croce, 2014), this loss may convey a survival 

advantage here as well. 

 

MiR-15a/16 mutant cells up-regulate downstream adhesion and Aurora B kinase pathway 

genes, enriched in the leading edge and infiltrating tumor  

We compared gene expression in chromosome 13 wild-type cells to cells harboring the deletion 

in SF10360 (Dataset EV 7), and scanned the promoters of differentially expressed genes 

(p<0.05) for conserved transcription-factor recognition motifs (Materials and Methods). 16% of 

genes up-regulated upon chromosome 13 deletion were validated direct targets of miR-15a/16; 
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and an additional 78% were expressed from loci enriched for motifs of transcription factors 

targeted by miR-15a/16 (Fig 3B) (Chou et al, 2015). The most significant differentially-

expressed genes (adjusted p<0.1) showed distinct patterning across tumor anatomical-structures, 

when cross-referenced with the Ivy Glioblastoma Atlas (glioblastoma.alleninstitute.org). Genes 

up-regulated in the wild-type cells were enriched in the peri-vascular region, and genes up-

regulated upon chromosome 13 deletion were enriched in the leading edge and infiltrating tumor 

(Fig 3C, Fig EV 2). Consistent with an infiltrating phenotype, cell adhesion molecules were 

over-represented (q=0.06) (Materials and Methods). This included junction-adhesion molecules, 

integrins, disintegrins and cell-surface receptors implicated in invasion (Fig 3D) (Tenan et al, 

2010; Reyes et al, 2013; Sloan, 2005; Venkatesh et al, 2015; Sarkar et al, 2015; Nath et al, 

2000). 76% of these cell-adhesion pathway genes were enriched for NF-	𝜅𝜅B /REL recognition 

motifs (Fig 3B). Taken together with the EGFR-driven/mesenchymal classification of the case, 

we speculated that the loss of the miR-15a/16 cluster enhances growth-factor-stimulated cell 

invasion here, as has been described in other cancers (Bonci et al, 2008). Among the direct 

targets of miR-15a/16 that were up-regulated, Aurora B kinase, survivan and genes that complex 

with them were over-represented (q=0.03) (Fig 3E). Survivan is a well-studied inhibitor of 

apoptosis. Aurora B kinase overexpression increases genomic instability (Ota et al, 2002), 

resulting in multinuclearity and aneuploidy (Tatsuka et al, 1998). 

 

Dose-response analysis correlates an in-frame deletion in PDGFRA to a pro-growth 

signature in vivo.  

We found that the PDGF-receptor gene, PDGFRA, was amplified in SF10282 (12 copies as 

estimated by exome-seq). We also detected a small deletion in exon 7, that was broadly 
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expressed (Fig 4A). This mutant transcript, which we denote as PDGFRA𝛥𝛥F, is found in 98% of 

SF10282’s cells that express PDGFRA (69% of cells overall). Since the deletion is in-frame, 

broadly expressed, and affects an immunoglobulin-like fold involved in receptor dimerization, 

we reasoned that PDGFRA𝛥𝛥F might enhance PDGF-receptor signaling. We sorted cells by 

PDGFRA𝛥𝛥F expression and identified genes that showed a strong rank-correlation with 

PDGFRA𝛥𝛥F levels (Materials and Methods). Positively correlated genes were enriched for the 

PDGF-receptor signaling network and cell cycle, when compared to the Pathway Commons and 

DAVID databases (Cerami et al, 2011; Huang et al, 2009). Negatively correlating genes were 

enriched for oxidative phosphorylation (Fig 4B). Genes correlating with increasing PDGFRA𝛥𝛥F 

were scanned for over-represented transcription factor binding motifs. Genetic and physical 

interaction databases were queried against significant transcription factors (Fig 4C), implicating 

STAT1 and NF-𝜅𝜅B as downstream effectors of PDGFRA𝛥𝛥F. By comparison, an analogous dose-

response analysis of EGFR in SF10345 identified an increasing gene-set of cell-cycle genes, as 

well as genes related to chromatin modification and cell motion. Inference of mediating 

transcription factors implicated STAT signaling, as in SF10282. Additionally, SOX2 (a 

pluripotency factor highly expressed in embryonic, neural and glioma stem cells (Suvà et al, 

2014)) and c-Jun (an anti-apoptotic factor involved in glioma-genesis (Yoon et al, 2012)) targets 

correlated to EGFR dose (Fig 5). 

  

PDGFRA𝜟𝜟𝜟𝜟 confers a growth advantage and stimulates wild-type PDGFRA expression in 

vitro 

We expressed PDGFRA𝛥𝛥F, wild-type PDGFRA and a GFP control from lentivirus, in two 

patient-derived cell lines that we had cultured as monolayers (Fig 6A). One we derived from 
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SF10360 (described here), and the second was from a primary GBM: SF10281. These cell-lines 

do not strongly express PDGFRA endogenously, but we detected robust expression of PDGFRA 

and PDGFRA𝛥𝛥F mRNA in the respective cultures where they were ectopically expressed (Fig 

6B). To specifically quantify the expression of wild-type PDGFRA, we designed an RT-qPCR 

assay with a probe targeted to the deleted region. Intriguingly, we found that endogenous, wild-

type PDGFRA was induced in both cell lines upon ectopic expression of PDGFRA𝛥𝛥F (Fig 6C). 

When we identified genes that were differentially, recurrently expressed in both PDGFRA𝛥𝛥F 

cultures compared to wild-type PDGFRA and GFP, we found that these genes enriched for gene-

ontology molecular functions associated with PDGF binding and the binding of other growth 

factors (Fig 6D). In particular, we saw an up-regulation epiregulin mRNA (EREG), an epidermal 

growth factor family member which ligates EGFR and most members of the v-erb-b2 oncogene 

homolog (ERBB) family. We saw an up-regulation of the notch-receptor ligand jagged 1 (JAG1) 

and the master-regulator of angiogenesis, VEGFA. Additionally, we saw an induction of 

regulators of inflammation IL1B and IL6, as well as COX-2 and colony stimulating factor 3 

(CSF3). VEGFA, COX-2 and CSF3 are all chemotactic factors for MDSC (Fujita et al, 2011; 

Lechner et al, 2010; Cao et al, 2014) (Fig 6E). Additionally, we performed an MTT colorimetric 

assay and found that ectopic PDGFRA𝛥𝛥F expression significantly enhanced cell growth in vitro, 

compared to over-expression of wild-type PDGFRA or GFP control (Fig 6F). 

  

In-frame deletions in the PFGFRA dimerization domain are frequent events in The Cancer 

Genome Atlas’s GBM data 

We then processed exome-seq data from 389 GBM patients and corresponding blood controls 

available from The Cancer Genome Atlas (TCGA), and quantified the frequency of in-frame 
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deletions in PDGFRA (Materials and Methods).  An in-frame deletion resulting in the loss of 

exons 8 and 9 (PDGFRAΔG,I) had been previously cloned from a GBM biopsy (Kumabe et al, 

1992). PDGFRAΔG,I affects the same dimerization domain as PDGFRA𝛥𝛥F, and has been shown 

to be transforming (Clarke & Dirks, 2003). A more recent TCGA study showed that PDGFRA 

mRNA lacking exons 8 and 9 was expressed in 17.8% of GBMs, however PDGFRAΔG,I 

prevalence was not interrogated at the DNA level (Brennan et al, 2014). We compared the 

distributions of reads mapping exons 8 and 9 in PDGFRA between tumor samples and the blood 

controls in TCGA data. The tumor distribution is clearly bimodal (Fig 7A), this second mode 

corresponds to a set of samples depleted of reads mapping exons 8 and 9. By thresholding at the 

10% level of the blood distribution as a control, we estimate PDGFRAΔG,I occurs in 16% of 

cases in our dataset (n=389), after Benjamini-Hochberg correction for multiple hypothesis 

testing. This is remarkably close to the 17.8% of cases where PDGFRAΔG,I-consistent mRNA 

was observed in the TCGA study (n=206). Additionally, we found a second family of deletions 

in exon 7, occurring in 1.8% of cases we analyzed (including SF10282). The frequency of 

PDGFRA amplification was 13.6%, but we did not find a strong correlation between 

PDGFRAΔG,I and PDGFRA amplification. On the other hand, all of the small deletions occurred 

in PDGFRA amplified cases (Fig 7B). Both PDGFRA𝛥𝛥F, PDGFRAΔG,I, and the other small in-

frame deletions target immunoglobulin I-set sub-domains of the extracellular domain of 

PDGFRA (Fig 7C). These domains are involved in receptor dimerization (Chen et al, 2012).  
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Accumulating mutations correlates with the acquisition of an OPC signature in a proneural 

GBM, and an invasion signature in a classical/mesenchymal case 

We performed differential gene expression analysis between SF10282 and SF10345, and as 

expected, EGFR was up-regulated in SF10345 (Dataset EV 8). Additionally, there was an over-

representation of cell-adhesion molecules and genes mediating motility in SF10345’s 

differentially expressed genes (Fig 8A). For example CD44, encoding an adhesion molecule that 

mediates stem-cell homing (Pietras et al, 2014), was over 14-fold enriched in SF10345 (Fig 8B). 

Intriguingly, transcripts coding for chemotactic factors for myeloid-derived suppressor cells 

(MDSC) were differentially expressed in SF10345. C3 convertase is a core component of the 

complement cascade, mediating inflammation and the innate immune response. Complement 

pathway cytokines attract MDSC and induce their expression of reactive-oxygen species, 

contributing to a tumor-supportive microenvironment (Markiewski et al, 2008). Periostin 

(POSTN) is secreted by glioma stem cells, recruiting tumor-associated macrophages that 

enhance tumor growth (Zhou et al, 2015). Both C3 and POSTN were up-regulated in SF10345 

by several hundred fold (Fig 8B). 

On the other hand, the neuron-differentiation pathway was significant in genes up-

regulated in SF10282 (Fig 8A). Upon inspection however, these genes were factors 

predominantly expressed by OPCs during development: PDGFRA, NKX2-2, SOX10, SEMA5A, 

LINGO1, S100B, MAP2 (Goldberg, 2004; Jepson et al, 2012; Deloulme et al, 2004; Shafit-

Zagardo et al, 2000; Petryniak et al, 2007). Our initial inspection of SF10282 had revealed a 

NSC-like subpopulation (Fig 1C), which occurred early in our phylogeny of SF10282. Analysis 

of NSC and OPC gene expression in our phylogeny showed constitutively high expression of 

PAX6, SOX2 and TNC, but a gradual increase in the OPC genes OLIG2, ASCL1, NKX2-2 and 
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SOX10 along pseudo-time. PI3K/AKT pathway genes, and genes implicated in angiogenesis also 

increased concomitantly (Fig 8C). By comparison, SF10345 showed a progressive up-regulation 

of genes encoding extracellular matrix and transmembrane proteins associated with glioma 

motility and invasion, such as tenacin-C, neurocan and integrin (Cuddapah et al, 2014). AKT-

pathway genes AKT2 and AKT3, which contribute to glioma invasiveness and malignancy 

(Chautard et al, 2014), and class II myosins, required for glioma invasion and neural stem cell 

migration (Beadle et al, 2008; Ostrem et al, 2014), were also progressively up-regulated as one 

moves along the backbone of the SF10345 phylogeny (Fig 8D). 
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Discussion 

Despite standard of care treatment, GBM has an extremely high recurrence rate, approximately 

90% (Weller et al, 2013). There is an urgent need for combinatorial strategies to address residual 

disease (Prados et al, 2015). In particular, intra-tumor receptor heterogeneity is a confounder for 

tyrosine-kinase inhibitor therapy (De Witt Hamer, 2010). Recent advances in single-cell analysis 

have enabled high-resolution estimates of clonal heterogeneity (Meyer et al, 2015; Francis et al, 

2014; Patel et al, 2014). In this study, we combined whole exome and single-cell mRNA 

sequencing to map transcriptional signatures to mutational phylogenies in EGF and PDGF-

driven GBMs. These data implicate in-frame deletions in the dimerization domain of PDGFRA 

as potential therapeutic targets. And, they identify a cell-type hierarchy, which occurs in early 

brain development, as being recapitulated during tumor evolution.  

In the developing forebrain, OPCs arise from neuroepithelial stem cells in sequential 

waves of oligodendrocyte production (Kessaris et al, 2006; Menn et al, 2006). ASCL1 and 

OLIG2 are interacting transcription factors required for oligodendrogenesis and highly expressed 

in OPCs (Nakatani et al, 2013; Zhou & Anderson, 2002; Petryniak et al, 2007). OLIG2 drives 

SOX10 transcription in OPCs (Kuspert et al, 2011), which in turn regulates myelin expression 

(Stolt et al, 2002), critical for oligodendrocyte function. Consistent with aberrant activation of 

this developmental program in GBM, SF10282 progressively up-regulated the above OPC-

specific genes in its model of tumor evolution. Early cells expressed PAX6, SOX2 and other 

markers of neural stem cells but produced daughters with a more OPC-like profile (Fig 8C). 

PDGFRA expression is characteristic of OPCs in non-malignant brain, and was amplified in 

SF10282.  



 121 

However, 68% of tumor cells in SF10282 express an in-frame deletion mutant, 

PDGFRA𝛥𝛥F. We found that PDGFRA𝛥𝛥F is part of a family of in-frame deletions in PDGFRA’s 

dimerization domain that occur in GBM. The most common of these mutations, PDGFRA𝛥𝛥G,I, 

occurs with 16% frequency in the TCGA DNA sequencing data we analyzed (n=389). Our 

finding is consistent with a recent TCGA paper that found PDGFRA mRNA lacking exons 8 and 

9 in 17.8% of their samples (n=206) (Brennan et al, 2014). PDGFRA𝛥𝛥G,I expression has been 

shown to induce constitutive signaling of the PDGF receptor, and is sufficient for malignant 

transformation (Clarke & Dirks, 2003). In-frame deletions in PDGFRA’s dimerization domain 

have also been observed in pediatric high grade gliomas, those studies implicate constitutive 

receptor signaling too (Paugh et al, 2013). Our single-cell data show that increasing PDGFRA𝛥𝛥F 

dosage correlates in vivo with an activation of genes downstream of the PDGF-receptor, in 

particular, targets of rapid-acting transcription factors (e.g. STAT, NF-𝜅𝜅B). When ectopically 

over-expressed, in patient-derived glioma cell lines, PDGFRA𝛥𝛥F enhances proliferation 

compared to wild-type PDGFRA over-expression. PDGFRA𝛥𝛥F induces wild-type PDGFRA 

expression in vitro, along with tyrosine-kinase receptor ligands and pro-angiogenesis genes.  

The deletions we observed aggregate in the I-set domains of PDGFRA’s immunoglobulin-like 

folds. These highly conserved domains are involved with receptor dimerization, and in principle 

can interact with a variety of different domain types; however, these domains are typically 

glycosylated which protects against promiscuous receptor interaction in the absence of ligand 

(Barclay, 2003). All of the deletions we have observed are either on or near predicted 

glycosylation sites (Fig EV3).  

Single-cell RNA-seq has enabled composition assessments and lineage reconstruction in 

the highly dynamic, highly heterogeneous context of the developing brain (Pollen et al, 2015b; 
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Darmanis et al, 2015; Diaz et al, 2016; Liu et al, 2016). Single-cell RNA-seq of tumor biopsies 

provide a similar snapshot of tumor evolution. By using a proven approach such as bulk exome-

seq to identify mutations, single-cell RNA-seq libraries can then be triaged to assign a 

transcriptional signature to a mutational profile or phylogeny. By cross-referencing public atlases 

such as the Ivy Glioblastoma Atlas we further related this information to tumor anatomical 

structure. When we cross-referenced the Ivy Glioblastoma Atlas with the chromosome 13 

deletion subclone of SF10360, we identified a spatial segregation of differentially-expressed 

genes, aggregating in the perivascular niche and the leading edge respectively. Cells harboring 

the chromosome 13 deletion were also characterized by an up-regulation of pro-invasion, 

adhesion genes. However, whether the deletion event preceded or succeeded any physical 

separation of these two clones could not be inferred from these data. Targeted resections that 

record relative biopsy position can resolve spatial evolution more accurately (Sottoriva et al, 

2013). 
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Experimental Procedures 

Sample Acquisition and processing 

Fresh tumor tissue was acquired from patients undergoing resection for glioblastoma. De-

identified samples were obtained from the Neurosurgery Tissue Bank at the University of 

California San Francisco (UCSF). Sample use was approved by the Committee on Human 

Research at UCSF. The experiments conformed to the principles set out in the WMA Declaration 

of Helsinki and the Department of Health and Human Services Belmont Report. All patients 

provided informed written consent. Tissues were minced in collection media (Leibovitz’s L-15 

medium, 4 mg/mL glucose, 100 u/mL Penicillin, 100 ug/mL Streptomycin) with a scalpel. 

Samples were further dissociated in a mixture of papain (Worthington Biochem. Corp) and 2000 

units/mL of DNase I freshly diluted in EBSS and incubated at 37° C for 30 minutes. The 

suspension was centrifuged for 5 min at 300g and re-suspended in PBS. Suspensions were 

triturated by pipetting up and down 10 times and passed through a 70µm strainer cap (BD 

Falcon), followed by centrifugation for 5 min at 300g. Pellets were re-suspended in PBS and 

passed through a 40µm strainer cap (BD Falcon), followed by centrifugation for 5 min at 300g. 

Dissociated, single cells were then re-suspended in GNS (Neurocult NS-A (Stem Cell Tech.), 

2mM L-Glutamine, 100 U/mL Penicillin, 100 ug/mL Streptomycin, N2/B27 supplement 

(Invitrogen), sodium pyruvate). 

Single cell capture and cDNA generation was performed using the Fluidigm C1 Single-

Cell Integrated Fluidic Circuit (IFC) and SMARTer Ultra Low RNA Kit. cDNA was quantified 

using Agilent High Sensitivity DNA Kits and diluted to 0.15–0.30 ng/µL. Dual indexing and 

amplification were performed using the Nextera XT DNA Library Prep Kit (Illumina) according 

to the Fluidigm C1 protocol. 96 single cell RNA-seq libraries were generated from each tumor 
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sample and were pooled for 96-plex sequencing. Amplified and pooled cDNA was purified and 

size selected twice using 0.9X volume of Agencourt AMPure XP beads (Beckman Coulter). 

Final cDNA libraries were quantified using High Sensitivity DNA Kits (Agilent) and sequenced 

on a HiSeq 2500 (Illumina), using the paired-end 100 base pair (bp) protocol. 

 

Exome-Sequencing and genomic mutation identification  

Exome capture was done using NimbleGen SeqCap EZ Human Exome Kit v3.0 (Roche) exome 

capture kits on a tumor sample and a blood control sample from each patient. Sequencing was 

carried out with an Illumina-HiSeq 2500 machine acquiring 100 bp paired-end reads. Reads were 

aligned to the human genome (hg19) using BWA (Li & Durbin, 2009), whereas only uniquely 

matched paired reads were retained. PicardTools (http://broadinstitute.github.io/picard/) and the 

GATK toolkit (McKenna et al, 2010) were used for quality score re-calibration, duplicate-

removal and re-alignment around indels. The resulting BAM files were sorted by genomic 

coordinates. Subsequently, the percent contamination was assessed with ContEst 

(SF10345:0.1%, SF10360:0.1%, SF10282:0.2%). OxoG metrics were calculated with 

PicardTools’ CollectOxoGMetrics (Dataset EV9). After these control steps, single nucleotide 

variants (SNVs), short indels (<50 bps) and large CNVs comprising more than three exons were 

detected. Somatic SNVs were inferred with MuTect 

(https://www.broadinstitute.org/cancer/cga/mutect) for each tumor/control pair and annotated 

with. SNVs with less than a 10% variant frequency in the tumor, with more than 5 variant reads 

in the patient matched normal, or greater than a 10% variant frequency in the patient-matched 

normal were excluded from further analysis. Small indels were detected with Pindel (Ye et al, 

2009) and those with fewer than 6 supporting reads in the tumor, any supporting reads or less 
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than 14 total reads in the patient-matched normal, and replacements for which the deletion and 

non-template inserted sequence were of the same length were excluded. All indels and SNVs 

were annotated for their mutational context and effect using the Annovar software package 

(Wang et al, 2010). Only protein-coding or splice-site mutations were retained for further 

analysis. ADTex (Amarasinghe et al, 2014) was used for detection of large somatic CNVs. Only 

CNVs comprising more than 100 Exons were retained for downstream analysis. Proximal (<1 

Mbp) somatic CNVs were merged in the output file to maximize CNV regions. 

 

Single cell RNA-sequencing data pre-processing, quality control and GBM subtype 

classification 

Reads were trimmed for quality and Nextera adapters removed with TrimGalore! 

(http://www.bioinformatics.babraham.ac.uk/projects/trim_galore/), paired-end reads were 

mapped to the human genome (hg19) with tophat2 (Kim et al, 2013) using the –prefilter-

multihits option and a GENCODE V19 transcriptome-guided alignment. Quantification of 

GENCODE genes was carried out with featureCounts (Liao et al, 2014). Only fragments 

corresponding to uniquely mapped, correctly paired reads were kept. Expression values were 

normalized to CPM in each cell. We filtered samples whose background fraction is significantly 

high, via a threshold on the (Benjamini-Hochberg corrected) q-value of a Lorenz statistic on the 

samples’ cumulative densities, described previously (Diaz et al, 2016). In our tests, samples that 

have a small q-value have low complexity, as measured by Gini-Simpson index, and they have 

low coverage, as estimated by the Good-Turing statistic (Fig EV1).  

To compare genotypes from the single-cell RNA-seq data across patients and to the 

exome-seq data, we identified 17, 21 and 15 single-nucleotide variants (SNVs) in the single-cell 
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RNA-seq that are patient specific in SF10282, SF10345 and SF10360 respectively. These SNVs 

are likewise detected in, and only in, their respective blood and tumor-derived exome-seq 

datasets. The median difference in RNA-seq to tumor exome-seq variant allele frequency (VAF) 

is 0.056. By comparison, the median difference in tumor exome-seq to blood exome-seq VAF is 

0.044 (see Appendix Fig S3 and Table S1). 

Infiltrating stromal/non-malignant cells were identified as those cells which contained 

none of the CNVs, none of the indels or point-mutations found in the exome-seq data, and 

clustered away from tumor cells in a hierarchical clustering. These putative stromal cells formed 

two clusters, one that is comprised of cells from all samples that expresses markers of immune 

cells (particularly those of macrophages/microglia) and a second cluster comprised of cells from 

SF10282 that express oligodendrocyte markers (Fig EV 2C). We classified all of the remaining 

cells according to the Verhaak (Verhaak et al, 2010) and Sun (Sun et al, 2014) molecular 

subtypes. To perform the Verhaak classification in individual cells we fit a linear regression 

model using the 4 centroids in the original Verhaak clustering as predictors, and the gene 

expression profile of the tumor cell to be classified as a response. We restricted expression 

profiles in individual cells to those genes used in the original Verhaak clustering, and represented 

expression by standardized, log-transformed CPMs. The cell to be classified is assigned to the 

subtype whose corresponding centroid has the largest regression coefficient in magnitude. Sun et 

al. determined their subtypes by identifying gene modules that co-expressed with PDGFRA or 

EGFR in a large cohort of adult diffuse gliomas. In each cell to be classified we averaged gene 

expression (measured by log-CPM) across both of these two gene modules. If either module’s 

average was more than 2-fold higher than the other, then we assigned the cell to the 

corresponding subtype.  
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Single-cell CNV presence/absence calls  

Based on the premise that copy-number changes are reflected in RNA-seq read-counts when 

averaged over large, adjacent genomic regions (Patel et al, 2014), we examined loci that were 

called for somatic CNV in our ADTex pipeline. For each CNV candidate region (CNVCR), we 

sum the library-size normalized read-counts across genes in that region, for each cell in our 

tumor sample. We do the same for each cell in a non-malignant, human brain control (Darmanis 

et al, 2015). We use the distribution across cells in the control for each CNVCR, to assess the 

sum in a given tumor cell. We use the 5% significance level of the control distribution as our 

threshold for making a CNV call (Fig 2A), and control for multiple-hypothesis testing using 

Benjamini-Hochberg correction. This results in a genotype assignment to each cell, determined 

by which CNVs called in the exome-seq data are present in that cell. To estimate the false 

discovery rate (FDR) of this classification procedure, we performed 10-fold cross-validation 

using the normal-brain control cells. For each patient, we randomly selected tranches of 10% as 

test and 90% as training data. We estimated the FDR as (# positive CNV calls)/(# total CNV 

calls), for each of the 10 folds. We found the FDR to be < 0.01 for all tests (Appendix Fig S2A). 

As a second estimator of the FDR, we classified the presence of CNVs on a dataset comprised of 

nonmalignant, fetal-brain cells (Pollen et al, 2015b), and estimated the FDR as above. We found 

these FDR estimates to all be < 0.06 (Appendix Fig S2B). 

 

Phylogenetic trees  

We measure pairwise distance between individual cells using Jaccard distance between CNV 

genotypes. This measures the number of shared CNV calls, as a fraction of the number of unique 

calls in either cell. To obtain a phylogenetic tree of tumor cells based on this distance metric, we 
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use the Fitch-Margoliash method (Fitch & Margoliash, 1967) as implemented in the phylip R 

package (Revell & Chamberlain, 2014), adding a “normal” genotype with no CNVs as an out-

group to root the tree. We identified 5-6 cells per sample that did not harbor the CNV with the 

highest frequency (chromosome 7 gain in SF10345, chromosome 4q12 gain in SF10282 and 

chromosome 10 loss in SF10360). Since these mutations are nearly ubiquitous, they represent 

founding mutations for the dominant clones sampled in our cells. This is consistent with the fact 

that they affect cancer driver genes EGFR, PDGFRA and PTEN respectively. These rare cells 

lacking founding mutations may be technical outliers, or members of a lineage under-sampled in 

the biopsy.   

 

PDGFR in vitro overexpression 

Primary dissociated tumors were plated for cell culture in DMEM-F12 with 10% FBS. 

Expression vectors driving wild-type PDGFR, PDGFR𝛥𝛥F, or GFP (pLV[Exp]-EGFP/Bsd-EF1A) 

were generated and packaged into third generation lentivirus particles (VectorBuilder, Cyagen 

Biosciences). Triplicate cell cultures were infected with lentiviruses at equal titers at a MOI of 

~1.0 and with 0.5 ug/mL polybrene. 2 days following infection, cells were selected with 33.3 

ug/mL blasticidine for 3 days. For RNA collection, cells were grown for 1 additional day with no 

drug selection and then harvested. For proliferation assays, cells were grown continually in the 

presence of 33.3 ug/mL blasticidine. Vector expression was confirmed using fluorescence 

microscopy and RNA-seq. 
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Bulk RNA-seq sample processing 

RNA was harvested using TRIzol reagent, followed by Direct-zol MiniPrep RNA purification 

kits (Zymo Research) with the on-column DNAse digestion step. RNA integrity was confirmed 

using the Agilent 2200 RNA ScreenTape (Agilent Technologies). RNA-seq libraries were 

generated using TruSeq Stranded mRNA kit according to manufacturer’s protocol (illumina). 

cDNA was validated using the Agilent 2200 DNA 1000 ScreenTape, Qubit 2.0 Fluorometer 

(Life Technologies), and ddPCR (Bio-Rad). Cluster generation and sequencing was performed 

on a HiSeq 4000, using the single end 50 read protocol.  

Reads were mapped to the human genome (hg19) with tophat2 (Kim et al, 2013). Quantification 

of GENCODE V19 genes was carried out with featureCounts (Liao et al, 2014) using only 

uniquely mapped reads. Differential expression analyses were performed via DESeq2, using the 

likelihood ratio test applied against the wild-type PDGFR, PDGFR𝛥𝛥F, and GFP triplicate 

samples as a 3 level factor. 

 

Dose response analysis  

In SF10282, cells were sorted by PDGFRA𝛥𝛥F expression, in SF10345 cells were sorted by 

EGFR expression. Genes which had a Spearman’s rank correlation in the top 5% with 

PDGFRA𝛥𝛥F were considered for further analysis. Pathway analysis was done using Pathway 

Commons (Cerami et al, 2011) via WEBGESTALT (Wang et al, 2013) and DAVID (Huang et 

al, 2009) transcription-factor motif enrichment analysis was done via OPOSSOM (Sui Ho et al, 

2007). Network interactions were computed via GeneMANIA (Montojo et al, 2010).  
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In vitro proliferation and wild-type PDGFRA quantification assays 

For the WST-1 proliferation assay, 1 × 10K cells were cultured in a 96 well plate for 24 hours in 

100 µl of complete media. Then, 10 µl of WST-1 reagent (Roche) was added to each well. Cells 

were incubated at 37°C, 5% CO2 for 4 hours, and placed on a shaker for 1 min. The plates were 

then read on a microplate reader with a wavelength of 420 nm and a reference at 620 nm. For the 

Taqman gene expression assay, cDNA was synthesized from 50 ng of glioma cell line-derived 

RNA with qScript™ XLT cDNA SuperMix (Quanta Biosciences, Gaithersburg, MD). 2 µl of 

converted cDNA was then used in the qRT-PCR reaction with PerfeCta® FastMix® II (Quanta 

Biosciences), according to the manufacturer’s protocol. A custom Taqman assay specific to wild-

type, but not mutant, PDGFRA was designed by Life Technologies. The fluorescent probe was 

targeted to the region deleted in PDGFRA𝛥𝛥F, but present in wild-type PDGFRA. Real-time PCR 

and data analysis were performed using the StepOnePlus Real-Time PCR system (Life 

Technologies, Carlsbad, CA). GAPDH (Assay ID: Hs02758991_g1) expression was used as the 

housekeeping gene and relative expression was determined using the 2MMNO method. 

 

Differential expression and time-series analysis  

To identify genes differentially expressed between SF10345 and SF10282, and assess inter-

cellular heterogeneity, we used the scde R package (Kharchenko et al, 2014). We used DESeq to 

compare chromosome 13 loss to wild-type cells in SF10360 and treated each cell as a replicate. 

Genes that were expressed in more than 80% of cells at < 1 CPM were filtered prior to each 

analysis. Transcription-factor motif enrichment analysis was done via OPOSSOM (Sui Ho et al, 

2007). JEPETTO (Winterhalter et al, 2014), run via Cytoscape (Shannon et al, 2003), was used 

to compute pathways having significant overlap with genes up-regulated upon chromosome 13 
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loss, and their protein interactions. For the time-series analysis we chose paths in our 

phylogenetic trees corresponding to the most frequent mutation at each level. Our goal was to 

identify an ordering of the dominant clones in the sample. But, in principle expression along an 

arbitrary path can be measured. We grouped cells with identical copy number profiles into three 

intermediate points along each branch: early, mid and late. We subjected monotonically 

increasing genes to gene-ontology analysis via DAVID (Huang et al, 2009). 

 

TCGA data analysis 

Alignments for all GBM exome-seq with available paired blood controls from TCGA 

(http://cancergenome.nih.gov/) were retrieved from CGHub (https://cghub.ucsc.edu/) in BAM 

format. Reads in FASTQ format were extracted with bedtools from these alignments (Quinlan & 

Hall, 2010). We detected the quality encoding with a custom perl script and clipped adapters/low 

quality based with Trimmomatic (Bolger et al, 2014). Next, we mapped reads to the human 

genome (hg19) with HISAT2 (Kim et al, 2015). Small Indels were detected with pindel (Ye et 

al, 2009) for each tumor/control pair. If multiple sequencing libraries existed for one patient, the 

most recently published library was used. For the detection of loss of exons 8/9 we calculated the 

fraction of reads mapping to these exons from all reads aligned to the PDGFRA in each GBM 

and each blood sample. We used the distribution of all blood controls to assign significance 

values to each GBM sample. P-values were corrected for multiple testing with Benjamini-

Hochberg (Benjamini & Hochberg, 1995) and an adjusted p-value of <0.25 was considered 

significant, which is in agreement with the significance threshold for CNVs used by the TCGA 

consortium (Brennan et al, 2013). 
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Data availability and algorithm parameters 

The RNA-seq and Exome-Seq data from this publication has been deposited at the European 

Genome-phenome Archive (EGA, http://www.ebi.ac.uk/ega/) which is hosted at the EBI, under 

accession number EGAS00001001900. Parameters of all algorithms are available in the 

Appendix Supplementary Methods. 
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Figure 1. Experimental design and pipeline, pathology, and genomic and transcriptomic 

signatures for three primary GBMs.  

A) The sample acquisition and processing pipeline. B) Circos plot of somatic, genomic 

alterations detected in the bulk DNA of each patient using ADTEx. Copy-number alterations are 

highlighted in the outer circle by thick black bars, and SNVs (MuTect) and small indels (Pindel) 

by the vertical lines in the inner circle. Regions with strong amplifications/losses are highlighted. 

C) Summaries of the patient’s sex, age, pathology report, sample’s stromal infiltration, and 

molecular classification. 
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Figure 2. Presence/absence assignments in individual cells, of CNVs called from bulk 

exome-seq 

A)  Read-count distributions in a locus of copy-number gain on 19p13.3, comparing cells in 

SF10360 to a human, normal-brain control. The 5th percentile of the normal-cell distribution is 

indicated by a red line. B) Per-exon, normalized bulk exome-seq read-count computed by 

ADTEx, compared between SF10360 and a blood control. Regions with a read-count ratio > 1.3 

are putative DNA copy-number gains (blue), and regions with fold-changes < 0.7 are putative 

losses (red). C) A heatmap visualizing the z-score of ratios, of wavelet-smoothed read counts, 

compared between single-cell RNA-seq expression in tumor cell (rows) and the median 

expression in single-cell RNA-seq of normal-brain tissue. 
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Figure 3 Analysis of gene-sets, differentially expressed between subclones of SF10360 

A) A phylogeny of CNV cellular genotypes identified in SF10360. Each leaf corresponds to a 

genotype, defined by a set of CNV presence/absence calls shared between a group of cells. B) 

Overrepresented transcription factor recognition motifs in genes up-regulated (DESeq, P < 0.05) 

upon chromosome 13 loss. 16% of up-regulated genes are direct, validated miR-15a/16 targets. 

Another 78% of up-regulated genes are targets of transcription factors that are repressed by miR-

15a/16. C) Heatmap of the most significantly, differentially expressed genes (DESeq, FDR < 

0.1) upon chromosome 13 loss in the Ivy Glioblastoma Atlas. Each row is a gene, each 

column is an RNA-seq from an anatomically defined tumor compartment, micro-dissected from 

an untreated GBM biopsy. D) Protein interaction network of genes differentially expressed upon 

chromosome 13 loss, which are targets of a miR-15a/16 regulated transcription factor, with an 

overlay of protein interactions in the cell-adhesion pathway. E) Protein interaction network of 

genes differentially expressed upon chromosome 13 loss, which are direct, validated targets of 

miR-15a/16, with an overlay of protein interactions in the Aurora B kinase. Data information: 

Significance of network overlaps in (D, E) was computed via JEPETTO (q < 0.1). 
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Figure 4. Dose–response analysis of a PDGFR mutant  

A) Coverage of exome-seq (top left) and RNA-seq reads (bottom left) in exon 7 of the PDGFRA 

gene. The deletion targets the immunoglobulin-like domain IG5 of the PDFG receptor (center). 

49% of PDGFRA expressing cells express PDGFRAΔF homozygously, another 49% express it 

heterozygously (right). B) Enriched gene sets (WEBGESTALT, DAVID, adj. P-value < 0.05) 

correlated to PDGFRAΔF. Distributions of in-pathway genes in individual cells, sorted from low 

PDGFRAΔF to high PDGFRAΔF. C) An interaction network (generated via geneMANIA) of 

physical and genetic interactions of transcription factors, whose recognition motifs are 

overrepresented (OPOSSUM, z-score ≥ 10, Fisher score ≥ 7) in correlated genes. Physical 

interactions are interactions between the protein products, identified from proteomics 

experiments. Genetic interactions are changes in gene expression that occur when another gene is 

suppressed in a knockdown experiment. 

  



 142 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 



 143 

Figure 5. Dose response analysis of an EGFR-amplified GBM 

Enriched gene sets (WEBGESTALT, DAVID, adj. p-value < 0.05) correlated to EGFR. 

Distributions of in-pathway genes in individual cells, sorted from low EGFR to high EGFR (top 

panel). An interaction network (generated via geneMANIA) of physical and genetic interactions 

of transcription factors, whose recognition motifs are overrepresented (OPOSSUM, z-score ≥ 10, 

Fisher score ≥ 7) in correlated genes. Physical interactions are interactions between the protein 

product, identified from proteomics experiments. Genetic interactions are changes in gene 

expression that occur when another gene is suppressed in a knockdown experiment.  
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Figure 6. In vitro analysis of PDGFRA𝜟𝜟𝜟𝜟 

A) Schematic representation of in vitro experiment. B) Reads mapped to exon 7 of PDGFRA in 

PDGFRA𝛥𝛥F over-expressing, wild-type PDGFRA over-expressing, and GFP control cultures. C) 

Quantitative PCR with a probe targeted to the region deleted in PDGFRA𝛥𝛥F. Results (mean +/-

SD) comparing wild-type PDGFRA expression between GFP control and PDGFRA𝛥𝛥F 

expressing cells from SF10360. The asterisk indicates P < 0.05 (t-test). D) Top: Volcano plot of 

gene expression between PDGFRA𝛥𝛥F and PDGFRA wild-type expressing cells from SF10281 

(left) and SF10360 (right). Differentially expressed genes (adjusted P-value < 0.05, ANODEV 

test from DESeq2 package) are indicated in red. Bottom: Gene-ontology enrichment of genes 

differentially expressed between PDGFRA𝛥𝛥F and PDGFRA wild type in both cell lines (right). 

E) Bar plots of mean gene expression (+/- SD) across duplicates in GFP, wild-type PDGFRA, 

and expressing cells from SF10281 (left) and SF10360 (right). F) WST-1 assay (n = 3) 

comparing proliferation (mean +/- SD) of SF10360c cells expressing GFP, PDGFRA WT or 

PDGFRA𝛥𝛥F. The asterisk indicates P < 0.05 (t-test). G) Genetic interactions and physical 

interactions (via Genemania) of transcription factors (via OPOSSOM) whose motifs are enriched 

in the promoters of genes correlating with PDGFRA𝛥𝛥F in vivo. This is compared to the genetic 

interactions between upstream transcription factors of genes which are differentially expressed in 

the PDGFRA𝛥𝛥F over-expression experiment. 
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Figure 7. Analysis of TCGA data reveals a family of PDGFRA mutations affecting the 

dimerization domain   

A) The fraction of reads assigned to exons 8 and 9 from all exome-seq reads mapping to 

PDGFRA, compared between blood control and GBM samples. The 10th percentile of the blood 

control distribution is indicated by a red line. B) Venn diagram of GBM cases harboring an 

amplification, a deletion of exons 8 and 9, or a small deletion affecting the dimerization domain 

of PDGFRA. C) Visualization of deletions detected in PDGFRA from TCGA data. Domains are 

indicated by color (top), exons and protein residues by number (middle), and deleted 

regions by bars (bottom). 
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Figure 8. Differences in gene expression between an EGF- and a PDGF-driven GBM  

A) A scatterplot of log2 mean expression between SF10345 and SF10282. Adjusted P-values of 

biological process GO terms, enriched in differentially expressed genes (SCDE), with an 

adjusted P-value < 0.05 (on a log10 scale). B) Single-cell gene expression estimates (colored 

lines), their SF10345/SF10282 log2 fold-changes, and their joint posteriors for select genes. A 

95% confidence interval is represented by dotted lines. C) Phylogenetic trees for SF10282 and 

SF10345 (D) . Each leaf corresponds to a unique set of cells with the same CNV genotype. Bar 

plots show mean (+/- SD) expression of select genes across sets of cells that progressively gain 

CNVs.  
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Figure EV1. Quality control and preprocessing  

A) Percent of genes expressed above a given expression percentile for each case. B) Simpson 

diversity scores and Preseq coverage for each sample. C) Hierarchical clustering of all cells, 

using a biomarker panel of genes expressed by cell types found in the brain.  

 

  



 152 

 



 153 

Figure EV2. Expression of genes differentially expressed between the chromosome 13 loss 

clone, and the wild-type clone in SF10360, in the Ivy Glioblastoma Atlas.   

Gene expression across all samples in the Ivy Glioblastoma Atlas, for genes with and adjusted P-

value < 0.05 in the differential analysis between cells harboring the chr13 loss and those free of 

CNV alterations on chr13.  
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Figure EV3. Predicted glycosylation sites in PDGFRA.   

Glycosylation sites in PDGFRA, predicted by NetNGly1.0.  
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Abstract 

The human genome produces thousands of long non-coding RNAs (lncRNAs) – transcripts >200 

nucleotides long that do not encode proteins. While critical roles in normal biology and disease 

have been revealed for a subset of lncRNAs, the function of the vast majority remains untested. 

Here, we developed a CRISPR interference (CRISPRi) platform targeting 16,401 lncRNA loci in 

7 diverse cell lines including 6 transformed cell lines and human induced pluripotent stem cells 

(iPSCs). Large-scale screening identified 499 lncRNA loci required for robust cellular growth, of 

which 89% showed growth modifying function exclusively in one cell type. We further found 

that lncRNA knockdown can perturb complex transcriptional networks in a cell type-specific 

manner and that chromatin architecture may underlie some cell type-specific function. Detailed 

follow up revealed potential cis regulatory function for LINC00263, and also a lncRNA-

oncogene fusion with exceptional negative growth phenotype. These data underscore the 

functional importance and cell type-specificity of many lncRNAs. 
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Introduction 

Sequencing efforts have revealed that the human genome produces tens of thousands of long 

non-coding RNAs (lncRNAs), transcripts over 200 nucleotides that are often spliced and 

polyadenylated but have no apparent protein coding potential (Djebali et al., 2012; FANTOM 

Consortium and the RIKEN PMI and CLST (DGT) et al., 2014; Ulitsky and Bartel, 2013).  

Certain lncRNAs play critical roles in cellular function, development, and disease (Ponting et al., 

2009; Rinn and Chang, 2012).  However, of the very large set of lncRNAs – many of which are 

differentially expressed in tissues and disease states – only a very small fraction have established 

biological functions, and even fewer are known to function in fundamental aspects of cell 

biology such as cell proliferation.  Currently, it is not possible to predict which lncRNAs are 

functional, let alone what function they perform.  Thus, a large-scale, systematic approach to 

evaluating the function of the vast population of lncRNAs is critical to understanding the roles 

that these non-coding transcripts play in cell biology.   

A central limitation to systematic efforts to evaluate lncRNA function has been the lack 

of highly specific, scalable tools for inhibiting lncRNA gene activity (Bassett et al., 2014).  Gene 

deletion studies conducted in mice, flies, and human cells have yielded important biological 

insights about lncRNAs, but this approach is difficult to scale up (Aparicio-Prat et al., 2015; Ho 

et al., 2014; Meller and Rattner, 2002; Sauvageau et al., 2013).  CRISPR/Cas9 nuclease 

approaches based on introduction of indels – while both scalable and useful for targeted loss of 

function studies of protein coding genes by altering the coding frame – are not well suited for the 

study of lncRNA gene function, as small deletions do not generally disrupt their biological 

activity (Shalem et al., 2014; Shi et al., 2015; Wang et al., 2014).  Nonetheless, larger Cas9-

mediated genetic deletions can be effective at eliminating lncRNA genes (Bassett et al., 2014; 
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Groff et al., 2016; Paralkar et al., 2016; Yin et al., 2015; Zhu et al., 2016). Screens based on 

RNA interference (RNAi) have been valuable (Guttman et al., 2011; Lin et al., 2014) despite 

challenges with off-target effects (Adamson et al., 2012). However, many lncRNAs localize to 

the nucleus, where RNAi exhibits variable knockdown efficiency (Zeng and Cullen, 2002).  

We previously developed CRISPRi, a technology which can repress transcription of any 

gene via the targeted recruitment of the nuclease-dead dCas9-KRAB repressor fusion protein to 

the transcriptional start site (TSS) by a single guide RNA (sgRNA) (Gilbert et al., 2014; 2013; Qi 

et al., 2013). As CRISPRi acts only within a small window (1kb) around the targeted TSS 

(Gilbert et al., 2014), and as dCas9 occludes only 23bp of the targeted DNA strand (Nishimasu et 

al., 2015), CRISPRi allows for precise perturbation of any lncRNA gene. By catalyzing 

repressive chromatin modifications around the TSS and serving as a transcriptional roadblock, 

CRISPRi tests a broad range of lncRNA gene functions including the production of cis- and 

trans-acting RNA transcripts (Rinn and Chang, 2012), cis-mediated regulation related to 

lncRNA transcription itself (Engreitz et al., 2016a; Kornienko et al., 2013; Li et al., 2013; Ørom 

et al., 2010), and enhancer-like function of some lncRNA loci (Fulco et al., 2016; Paralkar et al., 

2016; Yin et al., 2015). The repressive chromatin modification H3K9me3 catalyzed by CRISPRi 

is highly specific, with little to no off-target effects due to either spurious dCas9 binding or 

unintended silencing of distal regulatory elements, as measured by ChIP-seq or RNA-seq 

(Amabile et al., 2016; Braun et al., 2016; Gilbert et al., 2013; Mandegar et al., 2016; Thakore et 

al., 2015) see also Figure 4C below).   To enhance CRISPRi for large-scale screening, we have 

improved upon the design of CRISPRi sgRNA libraries to optimize on-target activity while 

further minimizing-off target effects, enabling highly sensitive detection of essential coding 

genes (Horlbeck et al., 2016).    



 175 

Here, we developed CRISPRi libraries targeting 16,401 lncRNA loci (with 10 sgRNAs 

per TSS), and conducted screens for genes that are required for robust growth in 7 human cell 

types—6 transformed cell lines and induced pluripotent stem cells (iPSCs)(Takahashi et al., 

2007).  These large-scale screens, coupled with extensive validation studies, greatly increased 

the number of lncRNA genes known to have biological function and revealed lncRNA function 

to be highly cell type-specific.  Our studies thus help elucidate the biology contained within the 

lncRNA genome, and provide a tool for both large-scale and targeted investigations of lncRNA 

function.   
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Results 

CRISPRi screens identify lncRNA loci that modify cell growth 

We first designed an sgRNA library to enable genome-scale CRISPRi screening of lncRNA gene 

function.  We generated a comprehensive lncRNA gene set by merging three major non-coding 

transcriptome annotations (Cabili et al., 2011; Iyer et al., 2015; Yates et al., 2016), prioritized 

~1/3 of these genes based on expression in any of a panel of cancer and non-transformed cell 

lines (Table S1), and designed 10 sgRNAs targeting each lncRNA transcription start site (TSS) 

using the hCRISPRi-v2.1 algorithm (Horlbeck et al., 2016) (Figure 1A and S1). The cell lines 

represent a broad range of cell types studied by the ENCODE project (Consortium, 2004), 

including a chronic myeloid leukemia cell line (K562), the cervical cancer line HeLa, a 

glioblastoma line (U87), and two mammary adenocarcinoma lines (MCF7 and MDA-MB-231). 

We also chose an iPSC line that inducibly expresses CRISPRi components (Kreitzer et al., 2013; 

Mandegar et al., 2016). The library, termed “CRiNCL” for CRISPRi Non-Coding Library, is 

available as pooled lentiviral plasmid libraries on Addgene and in silico as Table S2. 

 We used this library to conduct screens for lncRNA loci that increase or decrease cell 

growth in each of 7 cell lines. We infected the full lentiviral library or targeted sublibraries 

(Figure S2A) into each cell line engineered to express dCas9-KRAB (Gilbert et al., 2013; 2014; 

Liu et al., 2016; Mandegar et al., 2016), selected for infected cells by puromycin selection, and 

cultured for between 12 and 20 days, measuring sgRNA enrichment by Illumina sequencing 

(Figure 1B and Table S3). The fraction of cells infected with the sgRNA library remained stable 

over the course of the screen (Gilbert et al., 2014), indicating that CRISPRi targeting of lncRNA 

loci does not exhibit non-specific toxicity (Figure S2B). To facilitate comparisons between 

screens conducted for different durations and in cell lines with different growth rates, we 
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normalized sgRNA enrichment by total cell doublings to obtain the quantitative growth 

phenotype g, which reflects the positive or negative impact on cell growth caused by knockdown 

of a given gene (Kampmann et al., 2013) (Figure 1B). 

Analysis of biological replicates revealed that the g for targeting sgRNAs showed strong 

and reproducible phenotypes (Pearson r = 0.34-0.90) while non-targeting control sgRNAs were 

tightly distributed around 0 (Figure 1C and S2C, Table S3). We averaged replicate sgRNA 

phenotypes and used these to score lncRNA genes (Gilbert et al., 2014; Horlbeck et al., 2016), 

calculating gene phenotypes from the mean of the top 3 sgRNAs targeting the gene and Mann-

Whitney p-values from all 10 sgRNAs compared to non-targeting control sgRNAs (Figure 1D 

and S3A, Table S4). Within each screen, we also randomly sampled non-targeting sgRNA 

phenotypes to generate “negative control genes” and analyzed them as with lncRNA genes (see 

Methods), enabling us to estimate an empirical false discovery rate for each screen as well as the 

combined screen dataset (Figure S2D). LncRNA genes were considered to be hits if their 

combined phenotype effect size and p-value (referred to here as “screen score”) exceeded a 

consistent threshold applied to each screen corresponding to an empirical false discovery rate of 

5% (Figure S3C). Overall, we found between 28 and 438 lncRNA loci hits in each cell line 

(Figure 1E and S3A, Table S4).  

We observed that for 169 of these lncRNA hits, the TSS of the non-coding gene was 

within 1kb of the TSS of a coding gene previously found to be essential in a CRISPRi screen 

(Gilbert et al., 2014), making it difficult to determine whether the observed phenotypes were due 

to knockdown of the target lncRNA or direct inhibition of the neighboring coding gene (Figure 

S3B). We thus removed these hits from the total set of hit genes for downstream analyses (Figure 

1E, S3A, S3D), resulting in 169 “neighbor hits” and 499 “lncRNA hits,” 299 of which are distal 
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from any protein coding gene (~90% of which would not measurably impact growth upon 

knockdown). The 1kb threshold was chosen based on the maximum distance at which CRISPRi 

is effective as revealed by analysis of dense sgRNA tiling and genome-scale screens (Figure S4) 

(Gilbert et al., 2014); increasing this threshold to 10kb classifies only an additional 19 genes as 

neighbor hits (Figure S3D). 

A larger fraction of lncRNAs hits were observed in the iPSC screen, suggesting that this 

cell line is either more susceptible to growth perturbations or that iPSCs were differentiating to 

other cell types with lower growth rates. We therefore investigated iPSC differentiation in a 

secondary fluorescence activated cell sorting (FACS)-based screen by assessing loss of 

pluripotency as indicated by decreased POU5F1/OCT4 expression.  CRISPRi targeting of only 9 

lncRNA loci reduced POU5F1/OCT4 expression (Figure S5, Tables S5-6), suggesting that the 

majority of lncRNA hits identified in iPSCs primarily affect cell growth. To confirm that the 

increased fraction of lncRNA hits in iPSCs was not due to technical differences in CRISPRi 

function between cell lines, we performed a CRISPRi screen for protein-coding genes required 

for cell growth in iPSCs (Figure S6A, Table S7). These results corresponded well with our 

previously published K562 growth screen (Horlbeck et al., 2016) in both the number of genes 

found to have function and in the ability to specifically identify known essential genes (Figure 

S6B-C) (Hart et al., 2014). Taken together, our screens identified 499 lncRNA genes that modify 

cell growth and have no essential coding gene neighbors, representing a large set of unstudied 

non-protein-coding genes serving important functions in cell biology. 
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lncRNA CRISPRi phenotypes are reproducible with robust knockdown  

Extensive validation studies argue for the low false-positive and -negative rates of our studies. 

First, we individually cloned the top two sgRNAs targeting 65 representative lncRNA hit loci, 41 

of which were hits in only one cell line. We tested whether the observed phenotypes from the 

screens were reproducible using internally-controlled growth assays, in which the fraction of 

cells infected with an sgRNA were measured over time by flow cytometry. We monitored the 

growth effects of sgRNAs in the cell lines in which they exhibited a phenotype in the screen, as 

well as several sgRNAs in cell lines where they showed no effect, and found that the individual 

sgRNA growth phenotypes (g) correlated well with the screen g (Pearson r = 0.72, Figure 2A). 

This confirmed both that lncRNA knockdown phenotypes were reproducible and that the 

difference in lncRNA phenotype between cell lines was not due to technical differences between 

genome-scale screens. Analyzing these phenotypes over time further revealed distinct kinetics of 

cell depletion mediated by lncRNA knockdown (Figure 2B). For 12 lncRNA hits, we measured 

the levels of knockdown by qPCR and found over 70-95% knockdown for most of the targeted 

transcripts (14/14 sgRNAs in U87; 10/16 sgRNAs in MCF7) despite the effect of cellular 

depletion (Figure S7A). 

In four cell lines, knockdown of lncRNA PVT1 had a pro-growth phenotype. As PVT1 

had previously been characterized as a proto-oncogene (Tseng et al., 2014) and pro-growth 

phenotypes in cancer cell lines are uncommon (Gilbert et al., 2014; Wang et al., 2015), we 

validated the pro-growth phenotype (Figure 2C and S7A) and investigated this complex locus 

further by conducting a CRISPRi screen in U87 cells with an sgRNA library tiling every possible 

site along the locus (17,469 sgRNAs). We found that only sgRNAs within 1kb of the most 

upstream TSSs, which is distal to any mapped enhancers, caused a consistent pro-growth 
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phenotype (Figure 2D and S7B, Table S8). Within this TSS region, the majority of sgRNAs 

promoted cell growth, and knockdown of the major isoform was confirmed by qPCR (Figure 

S7A). sgRNAs outside of this 1 kb window around the TSS, which would not be expected to 

affect transcription of the major PVT1 isoform (Gilbert et al., 2014), showed no consistent 

impact on growth, arguing that the observed pro-growth phenotype is mediated by transcriptional 

interference.  

 

Repression of lncRNA loci elicits lncRNA-specific transcriptome responses 

To better understand the consequences of lncRNA CRISPRi, we performed RNA-seq following 

CRISPRi knockdown of 42 lncRNA hits in 3 cell types. 32 of these lncRNA loci were hits in 

only one cell type. Selected lncRNA loci did not have essential coding gene neighbors, and 2 or 

more sgRNAs per gene were tested individually. Distinct sgRNAs targeting the same lncRNA 

TSS resulted in highly correlated transcriptome responses (mean Pearson r = 0.980; Figure 2E) 

that were generally proximal to each other in hierarchical clustering analysis (Figure S8A-D).  

By contrast, pairs of sgRNAs targeting different hit lncRNA loci with the same phenotype 

direction had transcriptome responses that were more dissimilar (mean Pearson r = 0.942, Mann-

Whitney p-value compared to same-gene pairs =  6.4x10-08;), suggesting distinct molecular 

mechanisms of the lncRNAs despite having similar phenotypes (Figure 2E).  

RNA-seq analysis of differential gene expression also revealed several clusters of co-

expressed genes, suggesting that growth modifier lncRNA loci regulate critical pathways (Figure 

S8A-D and Table S9). For instance, 2 lncRNA knockdowns that caused increased growth in U87 

cells clustered by upregulation of translation genes (p = 3.2x10-37), while other pro-growth 

sgRNAs showed correlated changes in expression of DNA replication (p = 2.0x10-10) and post-
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transcriptional regulation (p = 3.0x10-08).  Clusters enriched for genes in the p53 pathway (e.g. 

ATF3) were upregulated by many anti-growth sgRNAs in both U87 and HeLa cells. 

Interestingly, K562 cells showed clusters of genes enriched for platelet degranulation (p = 

1.6x10-05) and response to decreasing oxygen levels (p = 5.0x10-05). The median magnitude of 

log2 fold changes for differentially expressed genes in U87, HeLa, and K562 were 0.67, 0.86, 

and 1.17, respectively (Figure S8E), with several genes exhibiting > 2 fold up- or down-

regulation consistently across many samples (Figure S8F). These results indicate that different 

lncRNAs can regulate distinct biological pathways that affect cell growth and proliferation. 

Analysis of the chromosomal location of differentially expressed genes did not reveal a 

global trend toward transcriptional changes on the targeted chromosome (Figure S9). We did 

however find that knockdown of 14 lncRNA loci resulted in local transcriptional changes within 

a 20 gene window (Figure S10), suggesting that certain lncRNAs may preferentially act locally.  

 

CRISPRi robustly inhibits lncRNA transcription  

The fraction of growth modifier lncRNA loci identified in our screens (1-8% per cell line) was 

less than the fraction of essential protein-coding genes in previous reports (10-11%) (Horlbeck et 

al., 2016; Wang et al., 2015). We therefore wanted to assess whether lncRNA genes that did not 

appear as a hit in any screen were true negatives or simply a result of ineffective repression by 

CRISPRi. To this end, using all 10 sgRNAs per gene, we measured the knockdown of five 

arbitrarily selected lncRNA genes that had no observed phenotype in any cells and were 

expressed in both K562 and U87 cells (Figure 2F and S7C). Of these 100 knockdown 

measurements, 61 showed over 90% repression of the targeted lncRNA. Furthermore, with the 

exception of LOC100506710 in U87 cells, all lncRNAs were repressed by at least 90% by at 
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least three different sgRNAs. For all sgRNAs, lncRNA knockdown efficiency correlated with 

their predicted CRISPRi activity, and the efficiency of knockdown was highly correlated 

between K562 and U87 cells (Pearson r = 0.78; Figure 2G). Based on these findings, with the 

exception of cases where a small amount of residual transcript is sufficient for lncRNA function, 

we infer that the majority of lncRNA loci that did not appear as a screen hit produce transcripts 

that are not essential for robust growth of the cell line screened. 

 

Growth modifier lncRNA function is highly cell type-specific  

We next determined the number of lncRNA hits that were unique to a specific cell type or 

common to any combination of two or more of the cell types screened.  The vast majority 

(89.4%) of lncRNA hits were unique to only one cell type, with none being a hit in 5 or more cell 

types (Figure 3A-C). Even when we restricted this analysis to the 1,329 lncRNAs expressed in 

all 7 cell types, 82.6% of the lncRNA hits modified growth in only one cell type (Figure 3B). 

Analysis of cell type-specificity scores based on the Jensen-Shannon distance, which quantifies 

how closely a given distribution resembles “perfect” specificity (Cabili et al., 2011), revealed 

that the specificity of lncRNA screen scores was far greater than the specificity of lncRNA 

expression, for lncRNA hits (Figure 3D). Therefore, differential expression patterns alone are not 

sufficient to predict functional lncRNAs. Cross comparison of screen score distributions for 

lncRNAs that scored as hits in each cell type revealed that the threshold used for calling hits did 

not account for the cell type specificity (Figure 3E, S11D-E). Furthermore, cross-comparison of 

screen scores between replicates does not support technical variation as the source of the 

apparent cell type-specific function (Figure 3F and S11F).  
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In contrast to the sparse cell type overlap of lncRNA hits, analysis of published protein 

coding screens across similar numbers of cell types (Hart et al., 2015; Wang et al., 2015) 

revealed that the majority (54.8% in (Hart et al., 2015), 67.3% in (Wang et al., 2015)) of 

essential protein coding genes are hits in 2 or more cell types, with 20.4% and 30.8% being 

essential to all cell types screened in (Hart et al., 2015) and (Wang et al., 2015), respectively 

(Figure 3C, S11A-B). In addition, “neighbor hits” (lncRNA loci that are within 1kb of an 

essential protein coding gene), were more likely to modify growth in multiple cell types, 

suggesting that CRISPRi targeted to these loci represses the adjacent essential coding gene, at 

least in some cases (Figure 3C, S11C,E).  

 

Cell type-specific lncRNAs elicit highly divergent phenotypes 

We sought to better understand the cell type-specific function of specific lncRNAs. We focused 

on LINC00263, which despite being expressed in all 7 cell lines screened, had a much stronger 

negative growth phenotype in U87 than in any other cell line (Figure S12A). The abundance of 

LINC00263 transcript in a given cell line was also poorly correlated with the corresponding 

screen phenotype (Pearson r = 0.266). Validating these screen results, in internally controlled 

growth assays, two distinct sgRNAs to the TSS of LINC00263 reduced the propagation of only 

U87 cells and not K562, MCF7 or HeLa cells (Figure 4A). H3K9me3 is a chromatin 

modification that is a result of local dCas9-KRAB activity (Thakore et al., 2015), and in both 

U87 and HeLa cells with LINC00263 CRISPRi targeting, ChIP-seq analysis demonstrated equal 

enrichment of H3K9me3 specifically at the LINC00263 promoter for two independent sgRNAs 

(Figure 4B,C, S12B,C). However, despite such evidence of equivalent and specific CRISPRi 

targeting, U87 and HeLa cells had substantially different transcriptome changes after LINC00263 
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knockdown. While U87 cells upregulated genes related to ER stress (e.g. ATF4, CHAC1; GO 

term p = 4.51x10-09) and apoptosis (e.g. DDIT3, SOD2; GO term p = 3.39x10-08), only 

LINC00263 itself was differentially expressed in HeLa cells (adj. p < 0.05; Figure 4D). In K562 

cells, these same 2 sgRNAs also produced very little transcriptional change (Figure S12D). Of 

note, in all three cell lines, knockdown efficiency of LINC00263 was equivalent (Figure 4D, 

S12D). Consistent with our observations for LINC00263, knockdown of PVT1 and LINC00909, 

which were hits in U87 but not in HeLa, produced many more differentially expressed genes in 

U87 (Figure S12E). By contrast, depletion of LINC00680, which was a hit in both U87 and HeLa 

cells, resulted in comparable numbers of differentially expressed genes in U87 and HeLa cells 

(Figure S12E). Our results suggest that the specificity of lncRNA function is not due to 

differences in CRISPRi activity, but is related to differences in transcriptional networks across 

cell types.  

We then targeted the LINC00263 lncRNA transcript with antisense oligonucleotides 

(ASOs) that degrade RNA via an RNaseH-based mechanism. In both U87 and HeLa cells, ASOs 

reduced LINC00263 transcript levels by 85-95% (Figure 4E). However, LINC00263 ASOs 

decreased proliferation in U87 cells but not in HeLa cells (Figure 4F,G). The magnitude of 

proliferation decrease was also comparable to CRISPRi (Figure S12F,G), further supporting the 

cell type-specific function of this lncRNA.  ASO knockdown of three other U87 lncRNA hits 

also reduced cell proliferation (Figure S12H,I), providing additional evidence for the functional 

contribution of the lncRNA molecule in these examples.  
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Insights to molecular mechanism of LINC00263 

To begin to investigate possible mechanisms of LINC00263, we looked for evidence of cis gene 

interaction between LINC00263 and its closest gene neighbor, SCD, whose locus is 10kb 

upstream of LINC00263 and is transcribed in the same genomic orientation as LINC00263 

(Figure 4B tracks). SCD, or stearoylCoA desaturase-1, is the primary enzyme for catalyzing the 

transformation of saturated fatty acids to monounsaturated fatty acids, a type of lipid conducive 

to oncogenic processes such as proliferation and metastasis (Igal, 2011). Analysis of RNA-seq 

data from TCGA revealed positive correlations between LINC00263 and SCD expression levels 

in glioblastoma (GBM pearson r = 0.429), low grade glioma (LGG pearson r = 0.814), and breast 

cancer (BRCA pearson r = 0.526) (Figure 4H). CRISPRi knockdown of LINC00263 also resulted 

in decreased SCD expression in U87 cells (Figure 4D). Although the fold changes were not 

statistically significant and were therefore not evidence in differential expression analyses in 

DESeq2, SCD RNA levels did modestly decrease in HeLa and K562 cells upon LINC00263 

knockdown (Figure 4I). Conversely, CRISPRi knockdown of SCD resulted in modest depletion 

of LINC00263 RNA levels (Figure 4I).  This “crosstalk” between gene neighbors is consistent 

with previously reported local gene regulation, whereby transcriptional repression of one gene 

negatively affects the levels of adjacent genes, potentially through shared use of chromatin 

regulators and transcription factors (Engreitz et al., 2016b). Global transcriptome analysis of 

LINC00263 knockdown compared to SCD knockdown revealed a correlated cell death and cell 

stress response in U87 cells, however this response was only observed in SCD knockdown in 

HeLa cells (Figure 4J).  

 To test whether LINC00263 acts solely as a cis regulator of SCD expression, we 

performed relative growth assays following CRISPRi knockdown of LINC00263 and SCD, 
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individually and in combination, in U87 and HeLa cells. While LINC00263 knockdown 

exhibited a negative phenotype in U87 only, SCD knockdown resulted in negative growth in 

both U87 and HeLa, consistent with its essential function (Figure 4K).  Interestingly, double 

knockdown of LINC00263 and SCD resulted in a similar phenotype as SCD depletion alone in 

U87, but exhibited a synergistic effect in HeLa cells. These results suggest that LINC00263 

either has significant cis regulation of SCD specifically in the context of U87, or that the lncRNA 

has functions beyond that of a cis gene regulator. 

 

Machine learning identifies features predictive of growth modifier lncRNAs 

Using data from our genome-scale screens, we sought to identify properties of the lncRNA hits 

that can distinguish them from non-hit lncRNAs. 18 classes of genomic data such as enhancer 

maps, expression levels, chromosomal looping data, conservation, and copy number variation 

from ENCODE (Consortium, 2004), FANTOM (Andersson et al., 2014), Vista (Visel et al., 

2007), and other sources (Chen et al., 2016; Hnisz et al., 2013; Yan et al., 2015) were compared 

with all lncRNA loci screened in this study. 8 of these properties (expression, Pol2/CTCF 

looping by ChIA-PET, enhancers and super enhancers from (Hnisz et al., 2013), copy number 

variation) were cell type-dependent. Generalized linear models were constructed to assess which 

genomic properties are predictive of lncRNA function (see Methods). Expression levels within 

each cell line, lncRNA gene body within 1kb of a mapped FANTOM Enhancer, lncRNA gene 

body within 5kb of a cancer-associated single nucleotide polymorphism (SNP) (Yan et al., 

2015), and the number of exons were significant predictors of lncRNAs hits (p < 0.01) in 

repeated 10-fold cross validation (Figure 5, Table S10). 99.6% of lncRNA genes that were 

screened but not apparently expressed were not called as hits (Figure 5C).  Whether the 11 
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growth modifier hits of such “non-expressed” lncRNA loci represent non-lncRNA mediated 

effects, inaccurate quantitation of the transcript levels, or effects mediated by lncRNAs acting at 

low expression remains to be determined. In support of the latter possibility, HOTTIP has been 

reported to function despite being expressed at ~0.3 copies per cell (Wang et al., 2011). 

Nonetheless, many highly expressed lncRNAs were not hits (e.g. 154 non-hit lncRNAs were 

detected at FPKM > 100), and the accuracy for predicting lncRNA hits was greater for a model 

using all variables as compared to a model that relied only on expression levels (Figure 5B).  

Compared to non-hit lncRNAs, hit lncRNA gene bodies were 1.66 times more likely to 

be within 1kb of a mapped enhancer (Figure 5D). This represented 127 of the lncRNA hit loci 

identified in our screens. However, the FANTOM enhancer annotations used for our analyses 

were derived from hundreds of different cell types, and thus only a fraction of these enhancers 

are active in any given cell type in our screen (Andersson et al., 2014; Visel et al., 2007). Hit loci 

were also 1.4 times more likely to be within 5kb of a cancer-associated SNP (Figure 5E).  That 

our hits were enriched for multi-exonic lncRNAs is consistent with the concept that lncRNA 

splicing can be an aspect of lncRNA function (Engreitz et al., 2016a) (Figure 5F). However, the 

explanatory power of exon number was relatively low, and our screen did identify several single 

exon hits such as NEAT1. However, no genomic property analyzed, alone or in aggregate, fully 

predicted growth modifier lncRNAs in a given cell type, underscoring the importance of 

performing loss-of-function screens for defining sets of functional genes. 

 

Cell type specific chromatin structure identifies lncRNA-oncogene fusion in HeLa cells 

Cell type-specific super enhancers, which are highly active loci of transcription that can act as 

master regulators of cell fate (Hnisz et al., 2013; Whyte et al., 2013), were enriched near the loci 
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of growth modifier lncRNAs (Figure 6A), albeit at a less significant level (p = 0.0165) as 

compared to FANTOM enhancers (p = 6.44 x 10-09) in our prediction model. LncRNA CCAT1 is 

transcribed near enhancers defined by FANTOM and is also overlapped by a HeLa-specific 

super enhancer (Figure 6B). CCAT1, which is overexpressed in cancer (McCleland et al., 2016; 

Xiang et al., 2014), was a highly significant hit that was specific to HeLa cells (Figure 6C). 

Circularized chromosome conformation capture sequencing (4C-seq), revealed that the CCAT1 

locus forms a highly specific distal loop with the MYC locus in HeLa cells, and this looping 

interaction was absent in U87 cells (Figure 6B,D-E). Consistent with its negative growth 

phenotype, CCAT1 CRISPRi knockdown also resulted in decreased MYC expression (Figure 

S10, upper left panel). Genome wide, the only other gene loci that exhibited significant 

differential contact with the MYC locus were POU5F1B and CASC8, a region containing a 

known MYC enhancer (Pomerantz et al., 2009), although interaction between MYC and CCAT1 

was much stronger. Mining of published Hi-C data also revealed that the interaction between 

CCAT1 and MYC was highest in HeLa cells among 8 cell types previously analyzed (Ma et al., 

2015; Rao et al., 2014) (Figure 6F). Previous studies indicate that ASO-mediated degradation of 

the CCAT1 lncRNA transcript diminishes the looping interaction between the CCAT1 locus and 

MYC (Xiang et al., 2014), suggesting CCAT1’s role in higher order chromatin contacts.  

CCAT1 was also remarkable because its phenotype upon knockdown was more severe 

than that of any other gene targeted in this study, regardless of cell type, and we sought to 

determine why this was the case. Upon closer inspection of the haplotype-resolved HeLa genome 

sequence, the CCAT1 locus spanned the site of integration for human papilloma virus (HPV)18, 

which is thought to be the event that initiated tumorigenesis in HeLa cells (Adey et al., 2013). 

Consistent with this observation, we detected RNA-seq reads supporting the presence of a fusion 
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RNA transcript joining CCAT1 and the E6/E7 oncogenes of HPV18 at coordinates chr8 

128,241,374 (human hg19) and 928 (HPV18 NC_001357.1) (Figure 6G). These reads mapping 

to fusion transcripts were virtually depleted upon CRISPRi targeting of the CCAT1 TSS (Figure 

6H). CRISPRi against CCAT1 also resulted in ~80-90% depletion of total E6, E7, and E1 RNA 

(Figure 6I), a degree of knockdown equivalent to that of CCAT1 itself in these experiments. 

Importantly, cells with complete CCAT1 knockdown are likely not represented in these 

experiments, due to the anti-proliferative phenotype observed upon knockdown. Therefore, the 

vast majority of these integrated HPV oncogenes are likely transcribed as fusion transcripts with 

CCAT1. Broadly, our results underscore the importance of studying cellular context—whether 

chromatin contacts, fusion transcripts, or other undetermined properties—for determining the 

cell type-specific function of lncRNAs.  
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Discussion 

By employing CRISPRi for systematic, large-scale screens for lncRNA function in multiple cell 

lines, we identified 499 lncRNA loci that are required for robust cell growth. This work increases 

considerably the number of known functional lncRNAs and revealed that the large majority 

(89%) of lncRNA genes identified modified growth in just one cell type.  Studies of the protein-

coding genome with similar large-scale screening efforts showed that an essential gene in one 

cell type is highly likely to be essential in the other cell types tested (Hart et al., 2015; Wang et 

al., 2015).  In contrast to protein coding genes, of the 1,329 lncRNA genes expressed in all of the 

seven different cell lines tested, not one lncRNA gene was required for robust cell growth in all 

cell types, with the large majority of lncRNA gene hits being specific to just one cell line.  Our 

results thus reveal a critical role of cellular context in determining lncRNA function. 

 Several clues to this specificity of lncRNA function emerge from our analyses. First, 

although cell type-specific expression of lncRNAs was the strongest predictor of lncRNA hits in 

our machine learning model (Figure 5A,C), it did not fully explain this functional specificity 

(Figure 3, 5B). For example, RNA-seq analysis points to LINC00263 playing a role in a complex 

transcriptional network required for U87 cells, but that despite being expressed in other cell 

types, LINC00263 appears dispensable for the normal expression of nearly all genes in these 

other cells (Figure 4D and S12D,E). Further dissection of the LINC00263 locus through 

knockdown of its adjacent gene SCD revealed some evidence of cis regulatory function for this 

lncRNA, but this interplay might only occur in certain contexts, such as within the nucleus of 

U87 cells.  

Taking advantage of the scale of our dataset, we have also begun to discover genomic 

features that predict growth modifying function. Our finding that enhancer proximity and 
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chromosome contacts correlate with lncRNA function suggests that higher-order chromatin 

structure can play a role in such specificity of lncRNA function (Li et al., 2013; Ørom et al., 

2010) (Fulco et al., 2016). The extent to which cell type-specific function of enhancer-templated 

lncRNAs results from repression of the transcript itself or its genomic locus remains an 

important open question. In any case, the association of lncRNA function with higher order 

chromatin structure is consistent with the emerging view that chromosomal looping between 

lncRNA promoters and target genes differs between cell types (Ma et al., 2015) and is critical to 

lncRNA function (Engreitz et al., 2013). Finally, our finding that genomic regions containing 

growth modifier lncRNAs are enriched for cancer risk SNPs suggests that these lncRNAs may 

contribute to the pathogenesis of cancer. 

 The observation that CCAT1, the lncRNA with the most severe growth phenotype upon 

knockdown, was fused to the E6/E7 oncogenes of the HPV18 viral genome was surprising for 

several reasons. Because the HPV integration event is not evident in the human reference 

genome, the targeting of these oncogenes was purely serendipitous, and something that resulted 

only from systematic functional perturbation of lncRNAs. The existence of this fusion transcript 

between CCAT1 and HPV18 is also supported by single cell RNA-seq experiments of HeLa cells 

(Wu et al., 2015). Although RNA interference-based strategies to target HPV oncogenes have 

been previously performed (Jiang and Milner, 2002), our results represent a novel approach to 

silencing viral oncogenes. Nonetheless, it is important to note that CCAT1 has been shown to 

function in chromatin looping in cells that are not known to be initiated by viral oncogenes, such 

as colon cancer (Xiang et al., 2014), suggesting that this lncRNA can function independently of 

this unique fusion event. These remarkable results motivate further study of lncRNA loci that 
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harbor viral sequences, beginning with a comprehensive survey of putative lncRNA-oncogene 

fusions in cancer that typically go undetected due to the use of standard genome references. 

 Regardless of the mechanism(s) of the observed cell type-specificity of lncRNAs, these 

findings have implications for understanding the biological roles of lncRNAs. LncRNAs appear 

to have originated much later than protein coding genes, consistent with their not playing generic 

housekeeping roles (Necsulea et al., 2014; Ulitsky and Bartel, 2013). Our study, which focused 

on lncRNAs required for robust cell growth, underestimates the true number of functional 

lncRNAs in these cell types, as lncRNAs have been shown to regulate more evolutionarily 

complex cellular decisions such as cell fate (Kretz et al., 2013; Lin et al., 2014; Ramos et al., 

2015; Sauvageau et al., 2013), cancer metastasis (Gupta et al., 2011; Gutschner et al., 2013), and 

perhaps neuronal function (Briggs et al., 2015). The CRISPRi tools developed here can now be 

applied to the study of such higher order cellular processes, where lncRNAs might exhibit even 

greater richness of function.  Finally, the exquisite cell type-specificity of lncRNA gene function 

has clear implications for targeted therapy. 
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Materials and Methods 

lncRNA CRISPRi library design 

lncRNA target selection 

LncRNA annotations were retrieved from Ensembl build 75 (using the biotypes lincRNA, 

antisense, 3 prime overlapping ncRNA, processed transcript, sense intronic, sense overlapping) 

(39), the Broad human lincRNA catalog (37), the MiTranscriptome (38) , and a set of human 

brain specific lncRNAs (42). Annotations were merged using the cuffmerge command in 

Cufflinks v2.2.1 (62). 

 

LncRNAs that were transcribed in at least one of the 7 cell lines in this study were identified by 

quantifying the expression of lncRNAs using RNA-seq data. RNA-seq data were obtained from 

ENCODE and other sources: HEK293T (GSE56010), HeLa (GSE30567, GSE33480, 

GSE23316), K562 (GSE30567, GSE33480, GSE23316), MCF7 (GSE30567, GSE33480), 

MDAMB231 (GSE73526, GSE45732), iPS (clone PCBC15hsi2012040401 (63)), HFF 

(GSE69906). RNA-seq was performed in-house for U87 cells, using the illumina TruSeq 

Stranded mRNA kit. Reads were quality trimmed using seqtk v1.0 and aligned to the human 

genome (GRCh37) with tophat v2.0.10, using the merged transcriptome reference as the 

transcriptome index, the prefilter-multihits flag, and strand specific flag when appropriate. 

Transcript abundance estimation was performed using Cufflinks v2.2.1. For each gene, the 

median FPKM value of the replicate samples were obtained. For each cell line, a minimum 

expression threshold was set between 0.25-0.50 FPKM in order to screen as many genes as 

possible, given cell culture scale limitations. 21,578 lncRNAs were identified. 
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Generating lncRNA TSS annotations 

From these 21,578 transcripts passing the expression filter, an initial set of 17,740 TSSs were 

obtained from transcripts belonging to the same gene and with 5’ ends within 100bp of each 

other. These TSS annotations were further refined using the FANTOM cap analysis of gene 

expression (CAGE)-based TSS annotations as previously described (35) with adjustments. 

LncRNA TSS annotations could not be directly matched to FANTOM “p1@gene” CAGE peaks, 

and instead were matched to any same-stranded CAGE peak within 400bp labeled as “p1” or 

“p2,” and annotation support was labeled as “CAGE, primary peaks.” If no primary peaks were 

found, annotations could instead be refined by robust or permissive peaks within 200bp of the 

starting annotation, and were labeled as “CAGE, robust peak” or “CAGE, permissive peak,” 

respectively. Where no CAGE peaks were found (due to the cell type-specific nature of lncRNA 

expression only 30% of TSS annotations were refined with CAGE peaks), the TSS as determined 

by the annotation sets above was used and labeled “Annotation.” 66 of the original TSSs were 

assigned the same start site by this method, reducing the total number targeted to 17,674. This 

annotation is included as Table S1. As detailed below, a further 692 TSSs could not be uniquely 

targeted, reducing the total TSSs to 16,982. Finally, to avoid redundant information from 

different TSSs located in close proximity, TSSs within 100bp of each other were assigned to a 

single gene ID (designated LHnnn in Tables S1-6,8) for a total of 16,401 distinct lncRNA target 

loci. 

 

sgRNA selection 

All potential sgRNAs within 25bp upstream and 500bp downstream of the refined lncRNA TSS 

annotations were scored for predicted activity using the hCRISPRi-v2.1 algorithm, scored for 
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off-target sites near TSSs and in the genome using weighted Bowtie v1.0.0 (64), and filtered for 

required restriction sites (BstXI, BlpI, and SbfI) and overlap with higher-ranking sgRNAs as 

previously described (35). For 692 TSSs, 10 sgRNAs passing all filters could not be found and 

were discarded. 87.5% of sgRNAs accepted into the library passed the highest off-target 

stringency threshold, while 10.9% passed at the second-highest stringency. Non-targeting control 

sgRNAs were generated randomly weighted by the per-base nucleotide frequencies of the 

targeting sgRNAs in the library, and filtered for no target sites in the genome. sgRNAs targeting 

lncRNA genes specifically expressed in a subset of cell types were assigned to the appropriate 

hierarchical sublibrary (along with a proportional number of non-targeting controls) to enable 

screening only the desired gene sets (Figure S2A). Sublibraries were designed as the intersection 

of genes expressed in the cell lines indicated in Figure S2A, and then the full set of genes for a 

given cell line could be generated by combining sublibraries as follows: 

iPSC = Common + (iPSC, HFF) + iPSC 

HFF (not screened in this study) = Common + (iPSC, HFF) + iPSC 

U87 = Common + Cancer common + (U87, HEK293T) + U87 

HEK293T = Common + Cancer common + (U87, HEK293T) +  HEK293T 

K562* = Common + Cancer common + (K562, HeLa, MCF7) + (K562, HeLa) + K562 

HeLa = Common + Cancer common + (K562, HeLa, MCF7) + (K562, HeLa) + HeLa 

MCF7/MDA-MB-231 = Common + Cancer common + (K562, HeLa, MCF7) + MCF7 

*all 13 sublibraries were screened in K562s to validate the cell line expression sublibrary 

strategy; see Figure 5C 
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Oligonucleotide pools were designed with flanking cloning and PCR sites as described, 

synthesized by Agilent Technologies (Santa Clara, CA), and cloned into the library sgRNA 

expression vector pCRISPRia-v2 (23, 35). 

 

For the PVT1 tiling library, all possible sgRNAs from 25bp upstream of the PVT1 locus to 25bp 

downstream that passed the second-highest off-target stringency filter and restriction site filters 

were included. Non-targeting sgRNAs matching this design in base composition and off-target 

stringency were included, and oligonucleotide pools were synthesized and cloned as above. 

 

CRISPRi screens 

Growth screens 

Several cell lines expressing dCas9-KRAB were obtained from previous publications: 

HEK293T(22), HeLa(22), K562 (23), iPSCs (WTC-CRISPRi Gen IC)(33), and U87(42). MCF7 

and MDA-MB-231 were generated for this study by infecting lentivirus expressing dCas9-

KRAB-BFP (Addgene #46911; (22)) and sorting for single cell clones stably expressing high 

BFP. Replicates for these cell lines were performed in different clones. All cell lines except 

iPSCs were infected in duplicate with sgRNA the sublibraries described above or the PVT1 tiling 

library, packaged with TransIT-LT1 (Mirus, Madison, WI) transfection in HEK293T cells (not 

expressing dCas9-KRAB), at an initial infection rate of 30-50% (300-500x coverage of the 

library). Cells were cultured for two days following infection, treated for two days with 0.75-

1.00 µg/mL puromycin, allowed to recover for one day, and then cultured at a minimum 

coverage of 1000x for 12 days (K562, HEK293T, U87, HeLa) or 20 days (MCF7, MDA-MB-

231) starting from this “T0.” K562 cells were passaged daily, while adherent cells were split on 
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alternate days. iPSCs were infected at ~15% infection (with double the starting cell population to 

yield 300x coverage), grown for 3 days, selected with 1.5 µg/mL puromycin for 9 days, and 

allowed to recover for 3 days. iPSCs were then divided into two independent replicates and 

treated daily with 2µM doxycycline starting from this T0 and for the following 18 days (with 

primary endpoint at 12 days used here unless otherwise specified). Cells with a minimum of 

1000x library coverage were harvested the day following puromycin recovery (T0) and at the 

endpoint, and processed for sequencing on Illumina HiSeq 2500 or 4000 as previously 

described(23, 35).  

 

Sequencing reads were aligned to the expected CRiNCL library sequences, counted, and 

quantified using the ScreenProcessing pipeline (https://github.com/mhorlbeck/ScreenProcessing; 

(35)) Negative control genes were generated by randomly sampling (with replacement) ~10 non-

targeting sgRNAs per negative control gene to match the true gene TSSs targeted by the library, 

and then scoring the negative control genes for effect size and Mann-Whitney p-value as was 

done for the true genes. Genes (LHnnn) with multiple TSSs were collapsed to a single score by 

selecting the one with the lowest Mann-Whitney p-value. 

 

In order to call hit genes from screens, we defined a “screen score” incorporating both the effect 

size and the p-values of genes in each screen. The screen score was calculated as | γ z-score from 

negative control gene distribution | x –log10 p-value, and for all screens a threshold of greater 

than or equal to 7 was applied to call hits. 
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Neighbor hits were classified by first calculating the distance between the each lncRNA TSS and 

the TSS of the closest protein coding gene (TSS-pc distance). LncRNAs whose TSS-pc distance 

was less than 1000 bp, and whose neighboring protein coding gene was 1) scored as essential in 

our previous screen in K562 cells (23), 2) expressed in the cell type in consideration, and 3) had 

the same phenotype direction as the lncRNA, were then classified as neighbor hits. Hits that did 

not meet these criteria were left as lncRNA hits.  

 

OCT4 FACS-based screen 

iPSCs were harvested 9 days post-doxycycline addition from the growth screen samples above 

and fixed with 4% paraformaldehyde for 10 minutes at room temperature followed by PBS wash. 

9 days was chosen to balance the longer duration of continuous target gene knockdown with 

dropout of cells containing sgRNAs conferring a negative growth phenotype. Cells were 

permeablized with 0.5% saponin (Sigma) in PBS with 4% FBS and 2mM EDTA, stained with 

1:100 mouse monoclonal α-OCT3/4 antibody (sc-5279, Santa Cruz Biotechnology), washed with 

permeablization buffer, and stained with 1:200 Goat α-Mouse IgG-488 (A11029, Invitrogen) 

(33). Cells in the top and bottom 30% of OCT4 signal as measured on the FITC-A channel were 

sorted for purity on a FACS AriaII custom. Sorted cells were then harvested for de-crosslinked 

genomic DNA using QIAamp DNA Formalin Fixed Paraffin Embedded Tissue kit (QIAGEN) 

following manufacturer’s instructions but omitting paraffin removal steps, using one column per 

million sorted cells. Genomic DNA was directly amplified for Illumina sequencing using Q5 

DNA polymerase (New England Biolabs) and sequenced on a HiSeq 4000. Sequencing data was 

analyzed as described above. 
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A screen for protein-coding genes required for robust growth in iPSCs was performed as with the 

iPSC lncRNA screen, with an endpoint at 14 days post-doxycycline addition. The screen was 

performed using the hCRISPRi-v2 H1 Drug Targets, Kinases, and Phosphatases sublibrary with 

5 sgRNAs/gene (35), and was analyzed as above. 

 

sgRNA Validation 

sgRNAs for individual validation were cloned by annealing oligo pairs containing the sgRNA 

protospacer and flanking BstXI and BlpI cloning sites and ligating the resulting fragment into the 

sgRNA expression vector pU6-sgRNA EF1Alpha-puro-T2A-BFP (Addgene #60955). Internally 

controlled growth assays were performed by infecting cells with sgRNA lentiviruses at MOI < 

1.0 and measuring the sgRNA+ fraction by BFP using flow cytometry on an LSRII (BD). 

Double knockdown experiments were performed by cloning sgRNAs onto BFP and GFP 

plasmids and tracking the double positive population over time. Experiments were performed in 

biological triplicates from the infection step. 

 

RT-qPCR 

Cells were puromycin selected for 4 d (1 µg/mL) and subjected to 1 d recovery. K562 cells were 

infected for 48 hr, followed by 2 d puromycin treatment (3 µg/mL) and 2 d recovery. RNA was 

harvested with TRIzol and purified using the Direct-zol MiniPrep RNA purification kits (Zymo 

Research) with the on-column DNAse digestion step. cDNA were prepared with Transcriptor 

First Strand cDNA Synthesis Kit (Roche) using the oligo-dT protocol, and RT-qPCR was 

performed using LightCycler 480 SYBR Green I Master Mix (Roche) on a LightCycler 480 
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instrument (Roche). Experiments were performed in biological triplicates from the infection step. 

sgRNA protospacer sequences and RT-qPCR primers are listed in Table S11.  

 

RNA-seq sample preparation and data analysis following CRISPRi  

Cells were infected with sgRNA lentiviruses for 48 hr, followed by 4 d puromycin treatment (1 

µg/mL) and 1 d recovery. K562 cells were infected for 48 hr, followed by 2 d puromycin 

treatment (3 µg/mL) and 2 d recovery. RNA was harvested using TRIzol and purified using the 

Direct-zol MiniPrep RNA purification kits (Zymo Research) with the on-column DNAse 

digestion step. RNA integrity was confirmed using the Agilent 2200 RNA ScreenTape. RNA-seq 

libraries were generated using TruSeq HT Stranded mRNA kit according to manufacturer’s 

protocol (illumina). cDNA was validated using the Agilent 2200 DNA 1000 ScreenTape, Qubit 

2.0 Fluorometer (Life Technologies), and ddPCR (Bio-Rad). Cluster generation and sequencing 

was performed on a HiSeq 4000, using the single end 50 read protocol. Reads were aligned to 

the human genome (GRCh37) using the spliced read aligner HISAT2 v2.0.3 (65) against an 

index containing SNP and transcript information (genome_snp_tran). Quantification of Ensembl 

build 75 genes was carried out with featureCounts (66) using only uniquely mapped reads. 

 

Library complexity was calculated by counting the number of genes with greater than 2 reads, 

and knockdown efficiency was calculated by normalizing gene Transcripts per Million (TPM) 

for the experimental samples with the mean TPM of the control knockdown samples. Samples 

with fewer than 11,000 genes detected and weaker than 40% lncRNA knockdown were filtered. 

Pairwise Pearson correlations between RNA-seq samples were obtained using the sets of genes 

exhibiting significant variation within each cell type using the likelihood ratio test in DESeq2 
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(67) with an adjusted p value threshold of 0.001. Differential expression analysis for individual 

lncRNA knockdowns was performed using the Wald test in DESeq2 with an adjusted p value 

threshold of 0.05, using unique sgRNAs against the same lncRNA TSS as biological replicates. 

For hierarchical clustering of co-expressed genes across multiple samples, we first grouped cells 

by cell type and then by the direction of phenotype of the sgRNA. Within each subgroup, we 

obtained the set of variable genes using the likelihood ratio test in DESeq2 (67) with an adjusted 

p value threshold of 0.001. These genes were then used for complete linkage hierarchical 

clustering using Pearson correlation coefficients as the distance metric. Sequencing data are 

deposited in GSE85011. 

 

Analysis of lncRNA-oncogene fusion transcripts was performed by aligning RNA-seq reads to a 

custom genome annotation that includes all chromosomes of hg19 and also the HPV18 genome 

(NC_001357.1). tophat-fusion v 2.1.0 was used with the flags (--bowtie1 --library-type fr-

firststrand --fusion-search --no-coverage-search). Reads spanning the fusion junction were 

reported, and fold changes were calculated by normalizing by library size and then by the mean 

of the negative control samples.  

 

TCGA data analysis was performed on the TANRIC web server (Li et al., 2015). 

 

ChIP-seq sample preparation and data analysis 

Cells were infected with sgRNA lentiviruses for 48 hr, followed by 4 d puromycin treatment (1 

ug/mL) and 1 d recovery. Genome-wide histone modifications were determined by ChIP against 

H3K9me3 (Abcam ab8898) on 5 million cells as described in (68). Cells were cross-linked by 
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adding 37% formaldehyde to a final concentration of 1% into culture medium and gently shaking 

for 10 min at room temperature. Reaction was quenched with glycine, and cells were then 

washed twice with ice-cold PBS containing protease inhibitors (1mM PMSF, 1X Roche 

cOmplete EDTA-free cocktail). Cells were scraped off of the plate using a cell lifter and pelleted 

for 5 min at 2,000 rpm at 4°C. Pellet was snap-frozen in liquid nitrogen and stored at −80°C. 

Pellet was then thawed and resuspended in Cell Lysis Buffer (5 mM PIPES pH 8, 85 mM KCl, 

freshly added 1% IGEPAL) with protease inhibitors (Pierce Halt Protease Inhibitor Cocktail). 

Cells were then homogenized using a type B glass dounce homogenizer, pelleted, and 

resuspended in Nuclei Lysis Buffer (50 mM Tris-HCl pH 8, 10 mM EDTA, 1% SDS). 

Chromatin was sonicated in Diagenode TPX tubes using the Diagenode Bioruptor for 20 cycles 

and DNA was ranged from 150–700 bps as determined by gel electrophoresis. Debris was 

pelleted and discarded, and an aliquot was removed for Input DNA sequencing from the 

sonicated chromatin within the supernatant. Sonicated chromatin was then diluted 5-fold in IP 

Dilution Buffer (50 mM Tris–HCl pH 7.4, 150 mM NaCl, 1% IGEPAL, 0.25% deoxycholic acid, 

1 mM EDTA pH 8) with protease inhibitors and pre-cleared with Life Technologies Protein G 

Dynabeads for 2 hr at 4°C. 5 µg of antibody was added per million cells, and samples were 

incubated overnight at 4°C. Antibody-bound chromatin was then collected using Life 

Technologies Protein G Dynabeads and washed twice with IP Dilution Buffer, twice with IP 

Wash Buffer 2 (100 mM Tris–HCl pH 9, 500 mM LiCl, 1% IGEPAL, 1% deoxycholic acid), and 

once with IP Wash Buffer 3 (100 mM Tris–HCl pH 9, 500 mM LiCl, 150 mM NaCl, 1% 

IGEPAL, 1% deoxycholic acid). Precipitated chromatin was then eluted for 30 min at 65°C with 

Elution Buffer (1% SDS, 50 mM NaHCO3). ChIP and Input DNA crosslinks were reversed by 

adding 5 M NaCl and heating at 65°C overnight. The following day, 10 mg/ml RNase A was 
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added to precipitated chromatin, and chromatin was incubated for 30 min at 37°C. DNA was 

then recovered using Agencourt AMPure XP Beads and quantified using the Life Technologies 

Qubit Fluorometer. 

 

ChIP DNA was then used for library preparation using the Kapa HyperPlus library preparation 

kit. 100ng of ChIP DNA was used for end repair and A-tailing. Illumina adapters were then 

ligated to the end-repair products. The library was amplified for 6 cycles before post-

amplification cleanup using SPRI beads. Libraries were then quantified with the Life 

Technologies Qubit Fluorometer, and library size was confirmed using Agilent TapeStation 

2200. ChIP-seq libraries were sequenced on a HiSeq 4000, 50 read single end. 

 

Reads were aligned to the human genome (GRCh37) using bowtie v2.2.8 (69). Enrichment at 

promoter regions, which were defined as +/- 1kb of each TSS and generated from Ensembl 

GRCh37 build 75, were quantified using featureCounts v1.5.0-p2 (66). Signal was visualized 

using deepTools2 bamCoverage (70), normalizing reads to 1x sequencing depth. Differential 

H3K9me3 enrichment was analyzed using DESeq2 (67) , treating distinct sgRNAs against the 

same lncRNA TSS as replicate samples. Sequencing data are deposited in GSE85011. 

 

4C-seq sample preparation and data analysis 

Chromosome conformation capture combined with high-throughput sequencing (4C-seq) was 

performed according to (Stadhouders et al., 2013) with modifications. Single cell suspensions 

consisting of 5M cells per sample were prepared by dissociating cells with Trypsin/EDTA, 

centrifuging at 300g for 5 min, and resuspending in 10% (vol/vol) FBS/PBS. Cells were fixed by 
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adding 37% formaldehyde to a final concentration of 1% and incubating for 10 min at room 

temperature while tumbling, followed by addition of 1M glycine to a final concentration of 

0.125M to quench. Samples were centrifuged at 300g for 8 min at 4°C, and supernatant was 

removed. Samples were washed with cold PBS and resuspended in 5 mL ice-cold lysis buffer (10 

mM Tris-HCl (pH 8.0), 10 mM NaCl, 0.2% NP-40, 1× complete protease inhibitor (Roche)), 

followed by 10 min incubation on ice. Cytoplasmic lysis was then confirmed by light 

microscopy. Samples were centrifuged at 300g for 5 min at 4°C and resuspended in 500 uL 1.2x 

CutSmart restriction digest buffer (NEB). 20% SDS was added to a final concentration of 0.3%, 

and samples were incubated for 1 hr at 37°C while shaking at 900 rpm on a thermomixer. 20% 

Triton X-100 was added to a final concentration of 2%, followed by incubation for 1 hr at 37°C 

while shaking at 900 rpm on a thermomixer. 600U of NlaIII (NEB) was added to each sample 

and incubated 20 hr at 37°C while shaking at 900 rpm on a thermomixer. To inactivate enzyme, 

20% SDS was added to a final concentration of 1.6% SDS, followed by incubation for 25 min at 

65°C while shaking at 900 rpm on a thermomixer. Samples were added to 6.125 mL of 1.15x T4 

DNA Ligase buffer (NEB) and 10,000 U of T4 DNA Ligase (NEB), followed by incubation for 

18 hr at 16°C. De-crosslinking was performed by adding 300 ug proteinase K (Machery Nagel) 

and incubating for 16 hr at 65°C. 300 ug RNase (Sigma) was added and incubated for 30 min at 

37°C. 7 mL phenol:chloroform was added to each sample and centrifuged at 3,200g for 15 min. 

Aqueous phase was transferred to 7mL H2O, 1.5 mL 2M NaOAc (pH 5.6), 7 uL glycogen, and 

35 mL 100% ethanol. Mixtures were frozen at -80°C for 2 hrs, until solid, and immediately 

centrifuged at 3,200g for 45 min at 4°C. Pellets were washed with 70% ethanol and centrifuged 

at 3,200g for 15 min at 4°C. Pellets were air dried and resuspended in 150 uL 10 mM Tris-HCl 

(pH 7.5). The second 4C-seq digest was then performed by adding 50 U DpnII (NEB), 50 uL 10x 
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NEBuffer DpnII, and H2O to 500 uL, followed by incubation for 16 hr at 37°C. Digests were 

then purified using phenol:chloroform and resuspended in 100 uL H2O. Second ligation was 

performed by transferring samples to 12.5 mL H2O, 1.4 mL 10x T4 DNA Ligase buffer (NEB), 

and 20,000 U of T4 DNA Ligase (NEB), followed by incubation for 18 hr at 16°C. Circularized 

fragments were purified by phenol:chloroform and resuspended in 75 uL 10 mM Tris-HCl (pH 

7.5), and then purified again using NucleoSpin PCR Clean-up (Machery Nagel), distributing 

each sample across 3 columns. 1.2 ug of each template was amplified using the Expand Long 

Template PCR kit (Roche) for 30 cycles. PCR primers used were selected from a genome-wide 

database generated by (van de Werken et al., 2012): MYC viewpoint Forward – 

TTGCACTTTTCTTGTCCATG; MYC viewpoint Reverse – GGGGAAGGAATAAAAGAAAA 

. PCR amplicons were purified using Agencourt Ampure XP beads. Sequencing libraries were 

generated using the KAPA HyperPlus kit according to manufacturer’s recommendations, with 

the following modifications: fragmentation was carried out for 20 min, and adapter ligation was 

performed using 10 uL of 15 uM illumina adapters, incubated for 75 min at 20°C. No further 

amplification was performed following ligation. 4C-seq libraries were validated using the 

Agilent 2200 High Sensitivity DNA ScreenTape, Qubit 2.0 Fluorometer (Life Technologies), 

and ddPCR (Bio-Rad). Cluster generation and sequencing was performed on a HiSeq 4000, 

using the single end 50 read protocol. 

 

Reads were aligned to the human genome (GRCh37) using the spliced read aligner HISAT2 

v2.0.3 (Kim et al., 2015) . 4C-seq signal at promoter regions, which were defined as +/- 1kb of 

each TSS and generated from Ensembl GRCh37 build 75, were quantified using featureCounts 

v1.5.0-p2 (Liao et al., 2014). Alignments were visualized using deepTools2 bamCoverage 
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(Ramírez et al., 2016), normalizing reads to 1x sequencing depth. Genome-wide differential 4C 

signal between cell types was analyzed using DESeq2 (Anders and Huber, 2010) , treating 

distinct sgRNAs against the same lncRNA TSS as replicate samples. To filter signals dominated 

by noise, differential looping calls required a minimum baseline threshold of 1000 reads. 

Sequencing data are deposited in GSE85011. 

 

Hi-C data mining  

Hi-C data at 5kb resolution was obtained from (Rao et al., 2014) (HeLa, HUVEC, NHEK, 

GM12878, HMEC, IMR90, KMB7, K562) and (Ma et al., 2015) (H1). Visualization was 

performed using Juicebox (Rao et al., 2014) using the Balanced – Knight-Ruiz algorithm for data 

normalization. Values for observed vs. expected contacts were determined at chr8:128,230,001 - 

chr8:128,745,001, corresponding to the CCAT1 and MYC loci, respectively.  

 

Antisense oligonucleotide knockdown and proliferation assay 

Antisense locked nucleic acid gapmers were designed against LINC00263 using the Exiqon web 

server. Cells were transfected with the specified ASOs including negative control “A” at a final 

concentration of 50nM using Lipofectamine RNAimax Reagent (Invitrogen) according to the 

manufacturer's instructions. After 48 hours of transfection cells were seeded in duplicate. In 

order to maintain gene depletion, cells were transfected for a second time 7 days after the first 

transfection. Cell counting was performed every 2 days using Countess Automated Cell Counter 

(Invitrogen).  
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Flow cytometry for cell cycle analysis 

Cells were transfected with the specified ASOs as described above. After 72 hours of 

transfection cells were pulsed with 33 µM bromodeoxyuridine (BrdU) for 20 min, and afterwards 

fixed in 70% ethanol. Subsequently cells were stained with primary anti-BrdU antibody (Clone  

B44; BD Biosciences) for 1 h, followed by 1 h incubation with Alexa Fluor 488 anti-mouse IgG 

(Invitrogen). DNA was counterstained by 0.1 mg/ml propidium iodide supplemented with RNase 

for 1 h at 37°C. Analysis was performed on a FACSCalibur using CellQuest software (BD). 

Quantification and analysis of cell-cycle profiles were obtained using FlowJo (Tree Star, Inc). 

 

Machine learning of lncRNA properties 

Genomic features were obtained from multiple sources. RNA-seq data were the same as used 

above for sgRNA library generation. Enhancer maps were obtained from the Fantom 5 

Transcribed Enhancer Atlas (48), and VISTA Enhancer Browser set of experimentally confirmed 

human enhancers (49). Cell type-specific enhancer and super-enhancer maps for HeLa, U87, 

K562, and MCF7 cells were obtained from (51). LncRNA loci were considered near a 

(super)enhancer if it overlapped with or was within 1kb of a mapped enhancer. Cancer 

associated SNPs from the NHGRI GWAS Catalog were obtained from (50) and noted if any 

were within 5 kb of a lncRNA locus. Cell type-specific copy number variation data for 

HEK293T, HeLa, K562, U87, and MCF7 cells were obtained from ENCODE (GSE40698) and 

intersected with lncRNA loci. ChIA-pet data for HeLa, K562, and MCF7 cell lines were 

obtained from ENCODE (GSE39495). LncRNA loci that were overlapped completely by a Pol2 

or CTCF loop with a score of at least 400 were noted. LncRNAs with mouse orthologs were 

identified using Slncky (52). 
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To generate machine learning models, lncRNAs phenotypes were binarized as hit (1) or non-hit 

(0) and used as the response variable. Categorical variables were assigned as either 1 or 0. 

Missing data, e.g. super-enhancer or CNV information for cell lines for which data were not 

available, were assigned the value of 0. Predictor variables were then centered to the mean and z 

standardized. Expression levels were log transformed. To avoid confounding by nearby protein 

coding genes, only lncRNAs whose TSS were > 1kb from a protein coding TSS were considered. 

Several classes of models were generated and tested, using the R package caret on randomly 

sampled training (75% of data) and testing (25% of data) sets from our screen results. Logistic 

regression outperformed both support vector machines (least squares, polynomial kernel, radial 

kernel) and random forests in accurately classifying test sets of lncRNAs as hits or non-hit. 

Therefore, we used logistic regression to identify significant predictors of lncRNA hits. 100 

iterations of ten-fold cross validation was performed by randomly withholding 10% of the 

dataset and training logistic regression models using the remaining data. Those predictors that 

repeatedly scored as significant (p < 0.01) were noted as reliable.  
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Figure 1. CRISPRi screens identify lncRNA genes that modify cell growth 

A) Schematic of CRISPRi library design strategy. Three lncRNA annotation sets were merged, 

prioritized by expression in the indicated cell lines, and targeted by 10 sgRNAs per TSS using 

the hCRISPRi-v2.1 algorithm. Heatmap represents expression as z-score of fragments per 

kilobase million (FPKM) within each cell line (see Figure S1 for TPM values). B) Schematic of 

growth screens performed in 7 different cell lines, and formula for calculation of the growth 

phenotype (γ). C) Scatter plot of sgRNA phenotypes from two independent replicates of a 

CRISPRi screen performed in iPSCs. D) Volcano plot of gene γ and p-value. Screen replicates 

were averaged, and sgRNAs targeting the same gene were collapsed into a growth phenotype for 

each gene by the average of the 3 top scoring sgRNAs by absolute value, and assigned a p-value 

by the Mann-Whitney test of all 10 sgRNAs compared to the non-targeting controls. Negative 

control genes were randomly generated from the set of non-targeting sgRNAs, and dashed lines 

represents a threshold for calling hits by screen score (see Methods). Neighbor hits are not 

displayed for clarity (see Figure S3A,B). E) Summary table of all CRISPRi growth screens 

performed. 
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Figure 2. Validation of screen results shows reproducible phenotypes, correlated 

transcriptome responses, and robust knockdown of target transcripts 

A) Individual sgRNA phenotypes from internally-controlled growth assays (B,C) compared to 

sgRNA phenotypes from screens. Individual growth phenotypes were calculated from relative 

fraction of sgRNA-containing cells at the endpoint, divided by the number of doublings from 4 

days post-infection. Screen growth phenotypes represent the replicate average phenotype from 

the indicated cell line. B) Internally-controlled growth assays performed with sgRNAs targeting 

lncRNA hit genes in U87 and K562. Cells were infected with lentivirus of the sgRNA expression 

vector (including a BFP marker gene) and passaged for 20 days. The fraction of sgRNA-

containing cells was measured as the fraction of high-BFP-expressing cells by flow cytometry, 

and expressed relative to the fraction at 4 days post infection. Points represent the mean and 

standard deviation of 3 biological replicates. C) Internally-controlled growth assays of PVT1-

targeting sgRNAs in 5 cell lines. Assays were performed as in (B). Asterisks represent t-test p-

values compared to the non-targeting (NT) sgRNA at the assay endpoint (* < 0.05, ** < 0.01, 

*** < 0.001). D) Boxplot of sgRNA growth phenotypes from tiling screen of PVT1 in U87 cells. 

TSS represents all sgRNAs within 1kb of the PVT1 “p1” and “p2” TSSs as annotated by 

FANTOM, exon represents sgRNAs targeting any PVT1 exon annotated by Ensembl, and intron 

represents all other sgRNAs (see Figure S7B). sgRNA γs are the average of two replicates. E) 

Pairwise correlation of gene expression profiles for independent sgRNAs. Expression profiles 

were measured by RNA-seq and correlations were calculated from transcripts per million (TPM) 

of genes with significant variation of expression (see Methods). “All” represents every sgRNA 

pair from the same cell line with the same phenotype direction, except same-sgRNA and same-

gene pairs. F) Relative RNA abundance in K562 of lncRNA genes that were not hits in any cell 
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line. RNA abundance for all 10 sgRNAs targeting the indicated genes in the CRiNCL library was 

measured by qPCR. Each bar represents the mean and standard deviation of 3 biological 

replicates, and is ordered by decreasing activity as predicted by the hCRISPRi-v2.1 algorithm. 

G) Correlation of lncRNA repression in K562 and U87. Points represent mean values from (F) 

and Figure S7C. 

 

  



 215 

  



 216 

Figure 3. Growth modifier lncRNA function is highly cell type-specific  

A) Numbers of lncRNA hits for each set of cell types in the complete library and (B) common 

sublibrary (lncRNAs that were expressed and screened in all cell types). Blue bars indicate total 

number of lncRNA hits in each cell type. C) Cumulative distribution function for the proportion 

of cell types in which each gene is a hit. Protein coding hits were obtained from Hart et al. 2015 

using the authors’ 5% FDR Bayes Factor threshold. D) Distributions of the maximum 1 - Jenson 

Shannon distance (JSD) metric of cell type-specificity for lncRNA hit screen scores and 

expression values. Horizontal lines – median. E) Distributions of screen scores across all cell 

types for lncRNAs that were hits in iPSCs. Dashed line represents screen score threshold for 

calling hit genes. F) Distributions of screen scores across both replicates of iPS cells, for 

lncRNAs that would be called as hits in replicate 1 (left) and in replicate 2 (right).  
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Figure 4. Dissection of cell type-specific growth modifier lncRNA LINC00263 

A) Internally-controlled growth assays for 2 independent sgRNAs targeting the TSS of 

LINC00263 and non-targeting sgRNA in U87, K562, HeLa, and MCF7 cells. B) ChIP-seq 

against H3K9me3 in replicates of U87 and HeLa cells infected with non-targeting sgRNAs or 

LINC00263 sgRNAs. Values represent normalized reads. C) Volcano plots for ChIP-seq samples 

in (B), representing genome-wide differential enrichment of H3K9me3 at promoter regions. Fold 

changes are between LINC00263 sgRNAs over non-targeting sgRNAs. D) Volcano plots for 

RNA-seq differential expression following infection of LINC00263 sgRNAs compared to 

infection of non-targeting sgRNAs. E) qPCR of ASO knockdown of LINC00263 in U87 and 

HeLa cells. F) Proportion of cells at 13 days post ASO transfection, relative to control ASO. G) 

Percentage of cells in S or G2/M phases following ASO knockdown of LINC00263. * indicates p 

= 0.0029. H) RNA-seq expression levels of LINC00263 (x axis) and SCD (y axis) from TCGA 

data obtained from the TANRIC web server. I) RNA-seq fold changes of the genes LINC00263 

and SCD following infection of sgRNAs targeting LINC00263 or SCD, relative to non-targeting 

control sgRNAs. J) Global RNA-seq analysis of gene fold changes following infection of 

sgRNAs targeting LINC00263 (x axis) or SCD (y axis) in either U87 (left) or HeLa (right) cells. 

Arrow points to correlated upregulated cell death/stress genes in U87. K) Internally-controlled 

growth assays for sgRNAs targeting the TSS of LINC00263, SCD, or both, in addition to non-

targeting sgRNA, in U87 and HeLa. Gal4 = non-targeting control sgRNA. 
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Figure 5. Machine learning identifies genomic features of growth modifier lncRNAs 

A) Results from logistic regression model using 18 classes of genomic data as possible predictors 

of growth modifier lncRNAs. Cell type dependent variables are marked. Odds ratios represent 

relative impact of 1 standard deviation increase of given variable. Significant variables (p < 0.01) 

are bolded. Results of 10-fold cross validation are represented as the % of cross validation 

iterations where the given variable is significant. B) ROC curves for full model compared to 

model using only expression data. C) Density plot of expression levels for lncRNAs that scored 

as hits and non-hits, aggregated across all cell types. D) Percentage of non-hit (red) and hit (blue) 

lncRNAs whose gene bodies resided < 1 kb from an annotated FANTOM enhancer. E) 

Percentage of non-hit (red) and hit (blue) lncRNAs whose gene bodies resided < 5 kb from a 

cancer associated SNP. F) Cumulative distribution function of number of exons for non-hit (red) 

and hit (blue) lncRNAs transcripts. 

 

 

 

 

 

 

 

 

 

 

 



 222 

 

 



 223 

Figure 6. Characterization of a lncRNA-oncogene fusion transcript CCAT1 

A) Percentage of non-hit (red) and hit (blue) lncRNAs whose locus resided < 1 kb from a cell 

type-specific super enhancer. B) 4C-seq in replicates of HeLa and U87 cells, using the MYC 

locus as bait. Orange curve schematizes observed interaction between CCAT1 and MYC. C) 

Volcano plot of screen results in HeLa cells, reproduced from Figure S1, but labeling CCAT1. D) 

Genome-wide MA plot of 4C-seq differential contact from the MYC bait region between HeLa 

and U87 cells. E) Reproducibility of 4C-seq between replicate 1 and 2 of HeLa (left) and U87 

(right) cells. F) Normalized ratios of observed/expected interaction between CCAT1 and MYC in 

published Hi-C data (Rao et al. 2014; Ma et al. 2015). Left shows Hi-C contact matrix in HeLa 

cells at the CCAT1/MYC region. Yellow box represents CCAT1-MYC contact. Right shows 

observed/expected interaction for CCAT1-MYC across cell types. G) Schematic of the HPV18 

integration at the CCAT1 locus. H) Number of RNA-seq reads spanning the fusion junction 

between HPV18 and CCAT1 following infection of negative control sgRNAs and sgRNAs 

targeting either TSS of CCAT1 in HeLa. I) RNA-seq quantification of RNA levels for CCAT1, 

MYC, and the viral oncogenes of HPV18 following infection of negative control sgRNAs and 

sgRNAs targeting either TSS of CCAT1 in HeLa. 
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Figure S1. Expression levels of lncRNAs targeted in the CRiNCL library.  

Rows correspond to those used in Figure 1A. TPM, transcripts per million. 
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Figure S2. CRISPRi growth screens performed in seven cell lines. 

A) Schematic of sublibrary divisions of the CRiNCL library. The library was divided into 13 

sublibraries based on expression in 7 cell lines to facilitate library cloning and allow for targeted 

screens. Combinations of sublibraries were selected for screening in each cell line studied as 

described in Methods. B) Fraction of cells containing the sgRNA library over the course of the 

U87 and HeLa screens. sgRNA-containing fraction measured as the fraction of high-BFP-

expressing cells by flow cytometry. C) sgRNA γ for replicate screens performed in 6 cell lines, 

as in Figure 1C. Only one replicate was performed for HEK293T. D) Screen scores from 

replicate screens for individual lncRNA loci. Screen scores were calculated as described in 

Methods. 
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Figure S3. CRISPRi growth screen results and validation of thresholds used in screen 

analysis. 

A) Volcano plots for screens performed in 7 cell lines, as in Figure 1D. Hits that were considered 

neighbor hits (see B) are labeled. B) Schematic of definitions of “lncRNA hit” and “neighbor 

hit.” C) Fraction of negative control genes called as hits out of total number of hits above the 

indicated screen score threshold, calculated for each cell line and the combined dataset. D) 

Number of lncRNA hits classified after eliminating neighbor hits within the indicated distance 

from any essential protein-coding gene. A 1.0kb threshold was used for all analysis. 
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Figure S4. CRISPRi growth phenotypes relative to gold standard essential genes. 

Distribution of gene γ relative to the nearest gold standard essential protein-coding gene (44). 

Points indicate individual gene γ scores and blue shaded regions represent 5th, 25th, 50th, 75th, and 

95th percentiles of all genes within 10-fold of the position. Screen data plotted are from the 

indicated protein-coding screens ((35) and Figure S4) or lncRNA screens. 
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Figure S5. A FACS-based screen for OCT4 expression identifies genes that modify iPSC 

differentiation. 

A) Representative FACS histogram of OCT4 staining of iPSCs, with high and low 30% fractions 

highlighted. 5x106 cells from each fraction were sorted and processed for Illumina sequencing. 

OCT4 signal enrichment was calculated as the fraction of each sgRNA present in the high 

sample versus the low sample. B) Volcano plot of screen results, as in Figure 1D. C) Gene 

growth phenotypes from iPSC screen compared to OCT4 signal enrichment. The results suggests 

that all OCT4 screen hits also modify cell growth rates, but that most growth screen hits are not 

accompanied by changes in OCT4 expression. 
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Figure S6. A CRISPRi screen for protein-coding genes that modify growth in iPSC.  

A) Volcano plot for iPSC screen performed with the hCRISPRi-v2 H1 sublibrary, 5 

sgRNAs/gene, displayed as in Figure 1D. Data are the average of two replicate screens. B) 

Scatter plot of gene γ from growth screens performed in K562 (35) and iPSC. K562 screen was 

performed with the genome-wide hCRISPRi-v2 library and reanalyzed here using only the H1 5 

sgRNAs/gene sublibrary. C) Discrimination of gold-standard essential genes from non-essential 

genes (44) for K562 and iPSC screens, ranked by gene γ. K562 genome-wide and H1 data were 

analyzed using the 5 sgRNAs/gene sublibraries.  
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Figure S7. lncRNA CRISPRi produces robust knockdown and is specific to the TSS. 

A) Relative RNA abundance of lncRNA hits upon knockdown with CRIPSRi. Bars represent 

mean and standard deviation of 3 biological replicates. B) sgRNA growth phenotypes from tiling 

screen of PVT1 in U87 cells by position. sgRNA position was calculated as the genomic 

coordinate of the protospacer adjacent motif (PAM) relative to the PVT1 p1 FANTOM TSS. 

sgRNA γ is the average of two replicates. TSS, exon, and intron are defined as in Figure 2D. 

Green line represents median phenotype of all sgRNAs within 250bp. C) Relative RNA 

abundance in U87 of lncRNA genes that were not hits in any cell line, as with Figure F,G. 
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Figure S8. lncRNA CRISPRi produces co-expressed transcriptome responses. 

Heatmaps of differentially expressed genes across samples segregated by (A) U87 pro-growth, 

(B) U87 anti-growth, (C) HeLa anti-growth, (D) K562 anti-growth. Significant gene ontology 

terms are indicated next to the clusters in which they are enriched, annotated with p value and 

enrichment. Fold changes are relative to non-targeting controls within the same cell type. E) 

Distributions of absolute value log2 fold changes for differentially expressed genes (adj. p < 

0.05) for each lncRNA knockdown. F) Panel of genes consistently upregulated or downregulated 

across multiple CRISPRi samples in U87. 
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Figure S9. Chromosome distribution of differentially expressed genes after each lncRNA 

knockdown.  

Red bars indicate chromosomes harboring the lncRNAs of interest (cis). Gray bars represent 

chromosomes that do not contain the lncRNAs of interest (trans). 
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Figure S10. Local transcriptional changes within 20 gene-windows surrounding each 

lncRNA of interest following CRISPRi knockdown.  

Red outline indicates targeted lncRNA. Blue bars indicate differentially expressed genes, among 

the broader set of differentially expressed genes genome-wide (DESeq2 adj. p < 0.05) upon 

knockdown.  
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Figure S11. lncRNA hit specificity is greater than essential protein coding gene specificity. 

A) Numbers of protein coding gene hits for each set of cell types screened in Hart et al. 2015 and 

(B) Wang et al. 2015. Wang et al. genes were considered hits if they passed a 5% false discovery 

threshold set by precision-recall analysis (44). C) Numbers of hits in our study that share 

promoters with essential protein coding genes (neighbor hits). Blue bars indicate total number of 

hits in each cell type. D) Distributions of screen scores across all cell types, for lncRNAs and (E) 

“neighbors” that were called hits in each given cell type. F) Distributions of screen scores across 

both replicates of each cell type, for lncRNAs that would be called as hits in replicate 1 (left) and 

in replicate 2 (right).  
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Figure S12. Cell type-specificity of LINC00263. 

A) Screen phenotype z scores (red) and expression values (blue) for LINC00263 across the 7 cell 

types.  B) Reproducibility of H3K9me3 ChIP-seq between sgRNA 1 and sgRNA 2 targeting the 

TSS of LINC00263 in U87 (left) and HeLa (right) cells. C) ChIP-seq enrichment of H3K9me3 

surrounding the TSS of LINC00263, comparing 2 independent sgRNAs in U87 and HeLa cells. 

Smoothed lines were obtained by applying a Gaussian kernel smoother against ChIP-seq 

coverage that had been background subtracted with coverage of H3K9me3 in cells infected with 

non-targeting control sgRNAs. Signal was then normalized to the peak of the highest smoothed 

line. Table summarizes relative enrichment of H3K9me3 at various distances beyond the TSS, 

obtained from the median value of the smoothed lines at each distance. D) Volcano plots for 

RNA-seq differential expression following infection of LINC00263 sgRNAs compared to 

infection of non-targeting sgRNAs in K562 cells. E) Numbers of differentially expressed genes 

(DESeq2 adj p < 0.05) following knockdown of lncRNAs in HeLa, K562, and U87 cells. For 

each gene, the same sgRNAs were used across the cell types. F) qPCR comparing LINC00263 

knockdown using CRISPRi and ASO. G) Proportion of cells at 14 days post sgRNA infection, or 

13 days post ASO transfection against LINC00263, relative to control sgRNA or control ASO, 

respectively.  H) qPCR of ASO knockdown of additional lncRNA hits in U87 cells. I) 

Percentage of cells in S and G2/M phases following ASO knockdown of additional lncRNA hits 

in U87. 
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Supplementary Tables 

Table S1. TSS Annotations 

Table S2. CRiNCL library sgRNAs 

Table S3. Growth screen sgRNA read counts and phenotypes 

Table S4. Growth screen gene phenotypes and p-values 

Table S5. OCT4 screen sgRNA read counts and phenotypes 

Table S6. OCT4 screen gene phenotypes and p-values 

Table S7. iPSC protein-coding screen sgRNA and gene phenotypes 

Table S8. PVT1 tiling library sgRNAs and phenotypes 

Table S9. Differential expression of genes following lncRNA CRISPRi 

Table S10. Genomic Properties of lncRNAs 

Table S11. Individually cloned sgRNAs and primer pairs used in this study 



 249 

References 

Adamson, B., Smogorzewska, A., Sigoillot, F.D., King, R.W., and Elledge, S.J. (2012). A 

genome-wide homologous recombination screen identifies the RNA-binding protein RBMX as a 

component of the DNA-damage response. Nat Cell Biol 14, 318–328. 

Adey, A., Burton, J.N., Kitzman, J.O., Hiatt, J.B., Lewis, A.P., Martin, B.K., Qiu, R., Lee, C., 

and Shendure, J. (2013). The haplotype-resolved genome and epigenome of the aneuploid HeLa 

cancer cell line. Nature 500, 207–211. 

Amabile, A., Migliara, A., Capasso, P., Biffi, M., Cittaro, D., Naldini, L., and Lombardo, A. 

(2016). Inheritable Silencing of Endogenous Genes by Hit-and-Run Targeted Epigenetic Editing. 

Cell 167, 219–232.e14. 

Anders, S., and Huber, W. (2010). Differential expression analysis for sequence count data. 

Genome Biol 11, R106. 

Andersson, R., Gebhard, C., Miguel-Escalada, I., Hoof, I., Bornholdt, J., Boyd, M., Chen, Y., 

Zhao, X., Schmidl, C., Suzuki, T., et al. (2014). An atlas of active enhancers across human cell 

types and tissues. Nature 507, 455–461. 

Aparicio-Prat, E., Arnan, C., Sala, I., Bosch, N., Guigó, R., and Johnson, R. (2015). DECKO: 

Single-oligo, dual-CRISPR deletion of genomic elements including long non-coding RNAs. 

BMC Genomics 16, 846. 

Bassett, A.R., Akhtar, A., Barlow, D.P., Bird, A.P., Brockdorff, N., Duboule, D., Ephrussi, A., 

Ferguson-Smith, A.C., Gingeras, T.R., Haerty, W., et al. (2014). Considerations when 

investigating lncRNA function in vivo. eLife 3, e03058. 



 250 

Braun, C.J., Bruno, P.M., Horlbeck, M.A., Gilbert, L.A., Weissman, J.S., and Hemann, M.T. 

(2016). Versatile in vivo regulation of tumor phenotypes by dCas9-mediated transcriptional 

perturbation. Proceedings of the National Academy of Sciences 113, E3892–E3900. 

Briggs, J.A., Wolvetang, E.J., Mattick, J.S., Rinn, J.L., and Barry, G. (2015). Mechanisms of 

Long Non-coding RNAs in Mammalian Nervous System Development, Plasticity, Disease, and 

Evolution. Neuron 88, 861–877. 

Cabili, M.N., Trapnell, C., Goff, L., Koziol, M., Tazon-Vega, B., Regev, A., and Rinn, J.L. 

(2011). Integrative annotation of human large intergenic noncoding RNAs reveals global 

properties and specific subclasses. Genes & Development 25, 1915–1927. 

Chen, J., Shishkin, A.A., Zhu, X., Kadri, S., Maza, I., Guttman, M., Hanna, J.H., Regev, A., and 

Garber, M. (2016). Evolutionary analysis across mammals reveals distinct classes of long non-

coding RNAs. Genome Biol 17, 19. 

Consortium, T.E.P. (2004). The ENCODE (ENCyclopedia Of DNA Elements) Project. Science 

306, 636–640. 

Djebali, S., Davis, C.A., Merkel, A., Dobin, A., Lassmann, T., Mortazavi, A., Tanzer, A., 

Lagarde, J., Lin, W., Schlesinger, F., et al. (2012). Landscape of transcription in human cells. 

Nature 489, 101–108. 

Engreitz, J.M., Haines, J.E., Munson, G., Chen, J., and Perez, E.M. (2016a). Neighborhood 

regulation by lncRNA promoters, transcription, and splicing. bioRxiv. 

Engreitz, J.M., Haines, J.E., Perez, E.M., Munson, G., Chen, J., Kane, M., McDonel, P.E., 



 251 

Guttman, M., and Lander, E.S. (2016b). Local regulation of gene expression by lncRNA 

promoters, transcription and splicing. Nature 539, 452–455. 

Engreitz, J.M., Pandya-Jones, A., McDonel, P., Shishkin, A., Sirokman, K., Surka, C., Kadri, S., 

Xing, J., Goren, A., Lander, E.S., et al. (2013). The Xist lncRNA exploits three-dimensional 

genome architecture to spread across the X chromosome. Science 341, 1237973–1237973. 

FANTOM Consortium and the RIKEN PMI and CLST (DGT), Forrest, A.R.R., Kawaji, H., 

Rehli, M., Baillie, J.K., de Hoon, M.J.L., Haberle, V., Lassmann, T., Kulakovskiy, I.V., Lizio, 

M., et al. (2014). A promoter-level mammalian expression atlas. Nature 507, 462–470. 

Fulco, C.P., Munschauer, M., Anyoha, R., Munson, G., Grossman, S.R., Perez, E.M., Kane, M., 

Cleary, B., Lander, E.S., and Engreitz, J.M. (2016). Systematic mapping of functional enhancer-

promoter connections with CRISPR interference. Science 1–13. 

Gilbert, L.A., Horlbeck, M.A., Adamson, B., Villalta, J.E., Chen, Y., Whitehead, E.H., 

Guimaraes, C., Panning, B., Ploegh, H.L., Bassik, M.C., et al. (2014). Genome-Scale CRISPR-

Mediated Control of Gene Repression and Activation. Cell 159, 647–661. 

Gilbert, L.A., Larson, M.H., Morsut, L., Liu, Z., Brar, G.A., Torres, S.E., Stern-Ginossar, N., 

Brandman, O., Whitehead, E.H., Doudna, J.A., et al. (2013). CRISPR-mediated modular RNA-

guided regulation of transcription in eukaryotes. Cell 154, 442–451. 

Groff, A.F., Sanchez-Gomez, D.B., Soruco, M.M.L., Gerhardinger, C., Barutcu, A.R., Li, E., 

Elcavage, L., Plana, O., Sanchez, L.V., Lee, J.C., et al. (2016). In Vivo Characterization of Linc-

p21 Reveals Functional cis-Regulatory DNA Elements. Cell Reports 16, 2178–2186. 



 252 

Gupta, R.A., Shah, N., Wang, K.C., Kim, J., Horlings, H.M., Wong, D.J., Tsai, M.-C., Hung, T., 

Argani, P., Rinn, J.L., et al. (2011). Long non-coding RNA HOTAIR reprograms chromatinstate 

to promote cancer metastasis. Nature 464, 1071–1076. 

Gutschner, T., Hämmerle, M., Eissmann, M., Hsu, J., Kim, Y., Hung, G., Revenko, A., Arun, G., 

Stentrup, M., Gross, M., et al. (2013). The noncoding RNA MALAT1 is a critical regulator of 

the metastasis phenotype of lung cancer cells. Cancer Research 73, 1180–1189. 

Guttman, M., Donaghey, J., Carey, B.W., Garber, M., Grenier, J.K., Munson, G., Young, G., 

Lucas, A.B., Ach, R., Bruhn, L., et al. (2011). lincRNAs act in the circuitry controlling 

pluripotency and differentiation. Nature 477, 295–300. 

Hart, T., Brown, K.R., Sircoulomb, F., Rottapel, R., and Moffat, J. (2014). Measuring error rates 

in genomic perturbation screens: gold standards for human functional genomics. Molecular 

Systems Biology 10, 733–733. 

Hart, T., Chandrashekhar, M., Aregger, M., Steinhart, Z., Brown, K.R., MacLeod, G., Mis, M., 

Zimmermann, M., Fradet-Turcotte, A., Sun, S., et al. (2015). High-Resolution CRISPR Screens 

Reveal Fitness Genes and Genotype-Specific Cancer Liabilities. Cell 163, 1515–1526. 

Hnisz, D., Abraham, B.J., Lee, T.I., Lau, A., Saint-André, V., Sigova, A.A., Hoke, H.A., and 

Young, R.A. (2013). Super-enhancers in the control of cell identity and disease. Cell 155, 934–

947. 

Ho, T.-T., Zhou, N., Huang, J., Koirala, P., Xu, M., Fung, R., Wu, F., and Mo, Y.-Y. (2014). 

Targeting non-coding RNAs with the CRISPR/Cas9 system in human cell lines. Nucleic Acids 

Res. 43, gku1198–e17. 



 253 

Horlbeck, M.A., Gilbert, L.A., Villalta, J.E., Adamson, B., Pak, R.A., Chen, Y., Fields, A.P., 

Park, C.Y., Corn, J.E., Kampmann, M., et al. (2016). Compact and highly active next-generation 

libraries for CRISPR-mediated gene repression and activation. eLife 5. 

Igal, R.A. (2011). Roles of StearoylCoA Desaturase-1 in the Regulation of Cancer Cell Growth, 

Survival and Tumorigenesis. Cancers 2011, Vol. 3, Pages 2462-2477 3, 2462–2477. 

Iyer, M.K., Niknafs, Y.S., Malik, R., Singhal, U., Sahu, A., Hosono, Y., Barrette, T.R., Prensner, 

J.R., Evans, J.R., Zhao, S., et al. (2015). The landscape of long noncoding RNAs in the human 

transcriptome. Nature Genetics. 

Jiang, M., and Milner, J. (2002). Selective silencing of viral gene expression in HPV-positive 

human cervical carcinoma cells treated with siRNA, a primer of RNA interference. Oncogene 

21, 6041–6048. 

Kampmann, M., Bassik, M.C., and Weissman, J.S. (2013). Integrated platform for genome-wide 

screening and construction of high-density genetic interaction maps in mammalian cells. 

Proceedings of the National Academy of Sciences 110, E2317–E2326. 

Kim, D., Langmead, B., and Salzberg, S.L. (2015). HISAT: a fast spliced aligner with low 

memory requirements. Nat Meth 12, 357–360. 

Kornienko, A.E., Guenzl, P.M., Barlow, D.P., and Pauler, F.M. (2013). Gene regulation by the 

act of long non-coding RNA transcription. BMC Biol. 11, 59. 

Kreitzer, F.R., Salomonis, N., Sheehan, A., Huang, M., Park, J.S., Spindler, M.J., Lizarraga, P., 

Weiss, W.A., So, P.-L., and Conklin, B.R. (2013). A robust method to derive functional neural 



 254 

crest cells from human pluripotent stem cells. Am J Stem Cells 2, 119–131. 

Kretz, M., Siprashvili, Z., Chu, C., Webster, D.E., Zehnder, A., Qu, K., Lee, C.S., Flockhart, 

R.J., Groff, A.F., Chow, J., et al. (2013). Control of somatic tissue differentiation by the long 

non-coding RNA TINCR. Nature 493, 231–235. 

Langmead, B., and Salzberg, S.L. (2012). Fast gapped-read alignment with Bowtie 2. Nat Meth 

9, 357–359. 

Langmead, B., Trapnell, C., Pop, M., and Salzberg, S.L. (2009). Ultrafast and memory-efficient 

alignment of short DNA sequences to the human genome. Genome Biol 10, R25. 

Li, J., Han, L., Roebuck, P., Diao, L., Liu, L., Yuan, Y., Weinstein, J.N., and Liang, H. (2015). 

TANRIC: An Interactive Open Platform to Explore the Function of lncRNAs in Cancer. Cancer 

Research 75, 3728–3737. 

Li, W., Notani, D., Ma, Q., Tanasa, B., Nunez, E., Chen, A.Y., Merkurjev, D., Zhang, J., Ohgi, 

K., Song, X., et al. (2013). Functional roles of enhancer RNAs for oestrogen-dependent 

transcriptional activation. Nature 498, 516–520. 

Liao, Y., Smyth, G.K., and Shi, W. (2014). featureCounts: an efficient general purpose program 

for assigning sequence reads to genomic features. Bioinformatics 30, 923–930. 

Lin, N., Chang, K.-Y., Li, Z., Gates, K., Rana, Z.A., Dang, J., Zhang, D., Han, T., Yang, C.-S., 

Cunningham, T.J., et al. (2014). An evolutionarily conserved long noncoding RNA TUNA 

controls pluripotency and neural lineage commitment. Molecular Cell 53, 1005–1019. 

Liu, S.J., Nowakowski, T.J., Pollen, A.A., Lui, J.H., Horlbeck, M.A., Attenello, F.J., He, D., 



 255 

Weissman, J.S., Kriegstein, A.R., Diaz, A.A., et al. (2016). Single-cell analysis of long non-

coding RNAs in the developing human neocortex. Genome Biol 17, 67. 

Ma, W., Ay, F., Lee, C., Gulsoy, G., Deng, X., Cook, S., Hesson, J., Cavanaugh, C., Ware, C.B., 

Krumm, A., et al. (2015). Fine-scale chromatin interaction maps reveal the cis-regulatory 

landscape of human lincRNA genes. Nat Meth 12, 71–78. 

Mandegar, M.A., Huebsch, N., Frolov, E.B., Shin, E., Truong, A., Olvera, M.P., Chan, A.H., 

Miyaoka, Y., Holmes, K., Spencer, C.I., et al. (2016). CRISPR Interference Efficiently Induces 

Specific and Reversible Gene Silencing in Human iPSCs. Cell Stem Cell 18, 541–553. 

McCleland, M.L., Mesh, K., Lorenzana, E., Chopra, V.S., Segal, E., Watanabe, C., Haley, B., 

Mayba, O., Yaylaoglu, M., Gnad, F., et al. (2016). CCAT1 is an enhancer-templated RNA that 

predicts BET sensitivity in colorectal cancer. J. Clin. Invest. 126, 639–652. 

Meller, V.H., and Rattner, B.P. (2002). The roX genes encode redundant male-specific lethal 

transcripts required for targeting of the MSL complex. The EMBO Journal 21, 1084–1091. 

Necsulea, A., Soumillon, M., Warnefors, M., Liechti, A., Daish, T., Zeller, U., Baker, J.C., 

Grützner, F., and Kaessmann, H. (2014). The evolution of lncRNA repertoires and expression 

patterns in tetrapods. Nature 505, 635–640. 

Nishimasu, H., Cong, L., Yan, W.X., Ran, F.A., Zetsche, B., Li, Y., Kurabayashi, A., Ishitani, 

R., Zhang, F., and Nureki, O. (2015). Crystal Structure of Staphylococcus aureus Cas9. Cell 162, 

1113–1126. 

O’Geen, H., Echipare, L., and Farnham, P.J. (2011). Using ChIP-seq technology to generate 



 256 

high-resolution profiles of histone modifications. Methods Mol. Biol. 791, 265–286. 

Paralkar, V.R., Taborda, C.C., Huang, P., Yao, Y., Kossenkov, A.V., Prasad, R., Luan, J., 

Davies, J.O.J., Hughes, J.R., Hardison, R.C., et al. (2016). Unlinking an lncRNA from Its 

Associated cis Element. Molecular Cell 62, 104–110. 

Pomerantz, M.M., Ahmadiyeh, N., Jia, L., Herman, P., Verzi, M.P., Doddapaneni, H., Beckwith, 

C.A., Chan, J.A., Hills, A., Davis, M., et al. (2009). The 8q24 cancer risk variant rs6983267 

shows long-range interaction with MYC in colorectal cancer. Nature Genetics 41, 882–884. 

Ponting, C.P., Oliver, P.L., and Reik, W. (2009). Evolution and functions of long noncoding 

RNAs. Cell 136, 629–641. 

Qi, L.S., Larson, M.H., Gilbert, L.A., Doudna, J.A., Weissman, J.S., Arkin, A.P., and Lim, W.A. 

(2013). Repurposing CRISPR as an RNA-guided platform for sequence-specific control of gene 

expression. Cell 152, 1173–1183. 

Ramírez, F., Ryan, D.P., Grüning, B., Bhardwaj, V., Kilpert, F., Richter, A.S., Heyne, S., 

Dündar, F., and Manke, T. (2016). deepTools2: a next generation web server for deep-

sequencing data analysis. Nucleic Acids Res. 44, W160–W165. 

Ramos, A.D., Andersen, R.E., Liu, S.J., Nowakowski, T.J., Hong, S.J., Gertz, C.C., Salinas, 

R.D., Zarabi, H., Kriegstein, A.R., and Lim, D.A. (2015). The long noncoding RNA Pnky 

regulates neuronal differentiation of embryonic and postnatal neural stem cells. Cell Stem Cell 

16, 439–447. 

Rao, S.S.P., Huntley, M.H., Durand, N.C., Stamenova, E.K., Bochkov, I.D., Robinson, J.T., 



 257 

Sanborn, A.L., Machol, I., Omer, A.D., Lander, E.S., et al. (2014). A 3D map of the human 

genome at kilobase resolution reveals principles of chromatin looping. Cell 159, 1665–1680. 

Rinn, J.L., and Chang, H.Y. (2012). Genome regulation by long noncoding RNAs. Annu. Rev. 

Biochem. 81, 145–166. 

Salomonis, N., Dexheimer, P.J., Omberg, L., Schroll, R., Bush, S., Huo, J., Schriml, L., Ho Sui, 

S., Keddache, M., Mayhew, C., et al. (2016). Integrated Genomic Analysis of Diverse Induced 

Pluripotent Stem Cells from the Progenitor Cell Biology Consortium. Stem Cell Reports 7, 110–

125. 

Sauvageau, M., Goff, L.A., Lodato, S., Bonev, B., Groff, A.F., Gerhardinger, C., Sanchez-

Gomez, D.B., Hacisuleyman, E., Li, E., Spence, M., et al. (2013). Multiple knockout mouse 

models reveal lincRNAs are required for life and brain development. eLife 2, e01749. 

Shalem, O., Sanjana, N.E., Hartenian, E., Shi, X., Scott, D.A., Mikkelsen, T.S., Heckl, D., Ebert, 

B.L., Root, D.E., Doench, J.G., et al. (2014). Genome-scale CRISPR-Cas9 knockout screening in 

human cells. Science 343, 84–87. 

Shi, J., Wang, E., Milazzo, J.P., Wang, Z., Kinney, J.B., and Vakoc, C.R. (2015). Discovery of 

cancer drug targets by CRISPR-Cas9 screening of protein domains. Nat Biotechnol 33, 661–667. 

Stadhouders, R., Kolovos, P., Brouwer, R., Zuin, J., van den Heuvel, A., Kockx, C., Palstra, R.-

J., Wendt, K.S., Grosveld, F., van Ijcken, W., et al. (2013). Multiplexed chromosome 

conformation capture sequencing for rapid genome-scale high-resolution detection of long-range 

chromatin interactions. Nat Protoc 8, 509–524. 



 258 

Takahashi, K., Tanabe, K., Ohnuki, M., Narita, M., Ichisaka, T., and Tomoda, K. (2007). 

Induction of Pluripotent Stem Cells from Adult Human Fibroblasts by Defined Factors. Stem 

Cells 131, 1–12. 

Thakore, P.I., D'Ippolito, A.M., Song, L., Safi, A., Shivakumar, N.K., Kabadi, A.M., Reddy, 

T.E., Crawford, G.E., and Gersbach, C.A. (2015). Highly specific epigenome editing by 

CRISPR-Cas9 repressors for silencing of distal regulatory elements. Nat Meth 12, 1143–1149. 

Trapnell, C., Williams, B.A., Pertea, G., Mortazavi, A., Kwan, G., van Baren, M.J., Salzberg, 

S.L., Wold, B.J., and Pachter, L. (2010). Transcript assembly and quantification by RNA-Seq 

reveals unannotated transcripts and isoform switching during cell differentiation. Nat Biotechnol 

28, 511–515. 

Tseng, Y.-Y., Moriarity, B.S., Gong, W., Akiyama, R., Tiwari, A., Kawakami, H., Ronning, P., 

Reuland, B., Guenther, K., Beadnell, T.C., et al. (2014). PVT1 dependence in cancer with MYC 

copy-number increase. Nature 512, 82–86. 

Ulitsky, I., and Bartel, D.P. (2013). lincRNAs: genomics, evolution, and mechanisms. Cell 154, 

26–46. 

van de Werken, H.J.G., Landan, G., Holwerda, S.J.B., Hoichman, M., Klous, P., Chachik, R., 

Splinter, E., Valdes-Quezada, C., Oz, Y., Bouwman, B.A.M., et al. (2012). Robust 4C-seq data 

analysis to screen for regulatory DNA interactions. Nat Meth 9, 969–972. 

Visel, A., Minovitsky, S., Dubchak, I., and Pennacchio, L.A. (2007). VISTA Enhancer Browser-

-a database of tissue-specific human enhancers. Nucleic Acids Res. 35, D88–D92. 



 259 

Wang, K.C., Yang, Y.W., Liu, B., Sanyal, A., Corces-Zimmerman, R., Chen, Y., Lajoie, B.R., 

Protacio, A., Flynn, R.A., Gupta, R.A., et al. (2011). A long noncoding RNA maintains active 

chromatin to coordinate homeotic gene expression. Nature 472, 120–124. 

Wang, T., Birsoy, K., Hughes, N.W., Krupczak, K.M., Post, Y., Wei, J.J., Lander, E.S., and 

Sabatini, D.M. (2015). Identification and characterization of essential genes in the human 

genome. Science 350, 1096–1101. 

Wang, T., Wei, J.J., Sabatini, D.M., and Lander, E.S. (2014). Genetic screens in human cells 

using the CRISPR-Cas9 system. Science 343, 80–84. 

Whyte, W.A., Orlando, D.A., Hnisz, D., Abraham, B.J., Lin, C.Y., Kagey, M.H., Rahl, P.B., Lee, 

T.I., and Young, R.A. (2013). Master transcription factors and mediator establish super-

enhancers at key cell identity genes. Cell 153, 307–319. 

Wu, L., Zhang, X., Zhao, Z., Wang, L., Li, B., Li, G., Dean, M., Yu, Q., Wang, Y., Lin, X., et al. 

(2015). Full-length single-cell RNA-seq applied to a viral human cancer: applications to HPV 

expression and splicing analysis in HeLa S3 cells. Gigascience 4, 51. 

Xiang, J.-F., Yin, Q.-F., Chen, T., Zhang, Y., Zhang, X.-O., Wu, Z., Zhang, S., Wang, H.-B., Ge, 

J., Lu, X., et al. (2014). Human colorectal cancer-specific CCAT1-L lncRNA regulates long-

range chromatin interactions at the MYC locus. Cell Research 24, 513–531. 

Yan, X., Hu, Z., Feng, Y., Hu, X., Yuan, J., Zhao, S.D., Zhang, Y., Yang, L., Shan, W., He, Q., 

et al. (2015). Comprehensive Genomic Characterization of Long Non-coding RNAs across 

Human Cancers. Cancer Cell 28, 529–540. 



 260 

Yates, A., Akanni, W., Amode, M.R., Barrell, D., Billis, K., Carvalho-Silva, D., Cummins, C., 

Clapham, P., Fitzgerald, S., Gil, L., et al. (2016). Ensembl 2016. Nucleic Acids Res. 44, D710–

D716. 

Yin, Y., Yan, P., Lu, J., Song, G., Zhu, Y., Li, Z., Zhao, Y., Shen, B., Huang, X., Zhu, H., et al. 

(2015). Opposing Roles for the lncRNA Haunt and Its Genomic Locus in Regulating HOXA 

Gene Activation during Embryonic Stem Cell Differentiation. Cell Stem Cell 16, 504–516. 

Zeng, Y., and Cullen, B.R. (2002). RNA interference in human cells is restricted to the 

cytoplasm. Rna 8, 855–860. 

Zhu, S., Li, W., Liu, J., Chen, C.-H., Liao, Q., Xu, P., Xu, H., Xiao, T., Cao, Z., Peng, J., et al. 

(2016). Genome-scale deletion screening of human long non-coding RNAs using a paired-guide 

RNA CRISPR-Cas9 library. Nat Biotechnol. 

Ørom, U.A., Derrien, T., Beringer, M., Gumireddy, K., Gardini, A., Bussotti, G., Lai, F., 

Zytnicki, M., Notredame, C., Huang, Q., et al. (2010). Long noncoding RNAs with enhancer-like 

function in human cells. Cell 143, 46–58. 

 

 

 

 

 

 

 



 261 

Chapter 5 

Genome-scale screening of lncRNAs reveals radiation sensitizers for glioma 

therapy 
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Summary 

Glioblastoma (GBM) is a uniformly fatal cancer with a median survival of 14 months, despite 

advancements in surgery, chemotherapy, and radiation therapy. Therefore, there is urgency to not 

only develop novel therapy for GBM, but also discover ways to improve the efficacy of current 

therapeutics. Long non-coding RNAs (lncRNAs), which are a diverse class of non-protein 

producing transcripts transcribed throughout the genome, have been demonstrated to regulate 

gene expression in various cancers. To discover lncRNAs that could potentially be targeted for 

novel GBM therapy, we performed systematic genetic screens to identify lncRNAs whose 

knockdown sensitizes GBM cells to radiation induced cell death. After evaluating the model 

GBM cell line U87 for radiation sensitivity and transcriptional changes following clinically 

relevant doses of ionizing radiation, we performed CRISPRi-based screens targeting 5689 

lncRNAs and found 269 that synergize with radiation therapy. We further identified lncRNAs 

whose knockdown increased radiation induced cell death but had little to no phenotype with no 

radiation treatment. We then validated LINC00339 as a potential lncRNA target for radiation 

sensitization. Although further validation in patient derived cell lines and xenograft models are 

required to further understand these novel lncRNAs, our study demonstrates how genetic 

vulnerabilities to existing therapeutics can be identified at large scale.  
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Introduction 

Glioblastoma multiforme (GBM) is the most common and the most fatal primary tumor in the 

brain(Thomas et al., 2014). While advances in next generation sequencing and ‘omics profiling 

have improved our understanding of the molecular pathways and genetic aberrations in GBM 

(Brennan et al., 2013; Verhaak et al., 2010), current treatments – which  includes surgical 

resection, radiation therapy, and the alkylating agent temozolomide – can only prolong survival 

to a median of 14-16 months (Raizer and Parsa, 2014; Thomas et al., 2014). Therefore, there is a 

pressing need to develop more efficacious therapeutics, or agents that can increase the potency of 

current therapies while minimizing toxicity to normal tissues.  

 High dose fractionated ionizing radiation (IR) is a critical part of the standard of care for 

GBM, due to the ability of IR to control microscopic disease not resected by surgery (Raizer and 

Parsa, 2014). However, disease response to IR is variable (Fouse et al., 2014), and radiation 

resistance is a major issue. Increasing the sensitivity of tumors to IR therapy and overcoming 

radiation resistance have been approaches previously taken to improve upon the current standard 

of care, often through perturbation of relatively well understood cellular pathways such as DNA 

damage response, survival signaling, and immune responses (Badie et al., 1999; De Bacco et al., 

2016; Higgins et al., 2010; Naidu et al., 2010; Reichert et al., 2016; Zheng et al., 2008). 

However, there has not been genome scale, systematic efforts to identify genes that could be 

therapeutically targeted for radiation sensitization.  

 Long non-coding RNAs (lncRNAs), are transcripts > 200 nt long that are pervasively 

transcribed throughout the genome (Cabili et al., 2011; Derrien et al., 2012; Iyer et al., 2015). 

Functional studies have implicated lncRNAs in the pathophysiology of several diseases, 

including cancer (Batista and Chang, 2013; Gupta et al., 2011). In particular, several lncRNAs 
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such as DINO (Schmitt et al., 2016), NORAD (Lee et al., 2015), PARTICLE (O’Leary et al., 

2015), and DDSR1 (Sharma et al., 2015) have been shown to function in DNA damage response 

and genome stability, which are pathways that could be targeted for radiation sensitization. A 

common theme that has emerged from lncRNA research is that both lncRNA expression patterns 

and functionality are exquisitely cell type- and disease type-specific (Cabili et al., 2011; Liu et 

al., 2017; 2016). These features make lncRNAs attractive targets for GBM therapy, because 

targeting lncRNAs might preferentially treat the disease while sparing normal tissue.   

 CRISPR interference (CRISPRi) is an engineered CRISPR/Cas9 system that represses 

transcription through recruitment of catalytically-inactive Cas9 fused to a KRAB repressor 

domain (dCas9-KRAB) to the transcription start site (TSS) of any gene by a single guide RNA 

(sgRNA). We previously developed a CRISPRi platform specifically targeting 16,401 lncRNA 

loci across 7 different cancer and non-cancer cell types (Liu et al., 2017). 499 lncRNA loci were 

identified as required for robust growth and proliferation, in the absence of additional 

perturbations such as drugs. Here, we sought to identify and characterize lncRNAs that could be 

targeted to sensitize cells to radiation therapy, and therefore potentially be candidates for 

improved GBM treatment. After evaluating a model in vitro cell line, U87, for use in radiation 

studies, we analyzed transcriptome-wide lncRNA expression changes in response to radiation. 

We then used CRISPRi to screen all lncRNAs expressed in U87 to identify lncRNAs whose 

knockdown increases radiation-induced cell death and senescence. LINC00339 reproducibly 

sensitized U87 cells to radiation when validated by individual knockdown assays. Our study 

represents a key step toward developing novel GBM therapeutics and also demonstrates the use 

of CRISPRi to study complex cellular processes on a massive scale. 
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Results 

U87 Glioblastoma cells are responsive to ionizing radiation 

To begin to study genes that control cellular responses to radiation therapy, we first evaluated the 

effects of clinically relevant doses of ionization radiation on the proliferation and survival of U87 

glioblastoma cells.  The hypotriploid U87 glioblastoma line was chosen because we have 

previously used this as an in vitro platform for discovering novel lncRNA therapeutic targets for 

glioma using CRISPRi. U87 cells exhibited decreased growth rates when treated with single 

doses of 4 Gy and 8 Gy of ionization radiation, but not with 2 Gy (Figure 1). Interestingly, 

treatment with a single 4 Gy dose lead to the recovery of U87 cells to pre-treatment proliferation 

rates at 10 days post irradiation, consistent with an intact p53 response and the ability to repair 

DNA damage in U87 cells(Badie et al., 1999). Because clinical treatment for gliomas involves 

fractionated radiation (Barani and Larson, 2014), we also subjected U87 cultures to 4 doses of 2 

Gy ionizing radiation every other day (4x 2Gy). The fractionated treatment decreased 

proliferation rates similarly to the single 4 Gy dose up to 8 days post irradiation, but unlike the 

single 4 Gy dose, the growth rate continued to decrease under the fractionated regimen. 

Therefore, U87 glioblastoma cells are a viable system for modeling response to radiation 

therapy.  

 

Transcriptional profile of U87 cells to ionizing radiation 

To understand potential mechanisms of radiation resistance and to identify lncRNAs that may 

play a role in the response to radiation, we performed transcriptome profiling using RNA-seq 

following treatment of U87 cultures to varying levels of ionizing radiation. Increasing amounts 

of radiation (2, 4, 8 Gy) resulted in dose-dependent differential gene expression (Figure 2A), 
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with 507 genes upregulated and 603 downregulated (adj p. value < 0.05) when all doses were 

considered (Figure 2B). Gene Ontology (GO) analysis identified upregulated genes belonging to 

the p53 signaling (adj p. value 3.34E-08) and TNF signaling pathways (adj p. value 8.46E-04). 

Downregulated genes were enriched for spliceosome components (adj p. value 7.85E-13) and 

DNA replication (adj p. value 9.97E-11), consistent with the decreased viability of U87 cells in 

response to radiation.  

 

Differentially Expressed lncRNAs following radiation 

Among the 1110 differentially expressed genes identified from RNA-seq following radiation, 30 

were lncRNAs (Figure 2C). Similar to differentially expressed protein coding genes, these 

lncRNAs also altered in expression levels in a radiation dose-dependent manner. To ask whether 

any of these differentially expressed lncRNAs might be regulated by p53, we cross referenced 

the loci of these 30 lncRNAs (including their upstream 1kb promoter regions) with p53 ChIP-seq 

data from lymphoblastoid cells (Zeron-Medina et al., 2013). One lncRNA, LINC01021 (also 

known as LOC643401), exhibited a significant p53 binding site at its promoter (Figure 2D), 

suggesting LINC01021 might be a radiation responsive lncRNA that is induced through p53 

activation.  

 

CRISPRi screens to identify lncRNAs whose knockdown sensitize cells to radiation 

CRISPRi screens have been previously performed to identify lncRNAs that are necessary for 

robust cellular growth and proliferation of U87 glioblastoma cells (Liu et al., 2017). Extending 

upon these results, we sought out to discover lncRNAs whose knockdown enhanced the efficacy 

of radiation therapy-induced cell death, or in other words lncRNAs that normally play a role in 
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radiation resistance. To do this, we generated lentiviral sgRNA libraries derived from the 

CRISPRi Non-Coding Library (CRiNCL) (Liu et al., 2017) specifically targeting lncRNAs 

expressed in U87 cells. This library, which targets 5689 lncRNA TSS’s with 10 independent 

sgRNAs each and also includes negative control sgRNAs, was infected into duplicate cultures of 

U87 cells stably expressing dCas9-KRAB (Liu et al., 2016) at an MOI of ~1.0. Infected cells 

were selected by puromycin selection, and four doses of 2 Gy ionizing radiation was applied to 

the entire cultures every other day, for a total of 8 Gy radiation fractionated across 8 days. The 

cells were cultured for another 4 days without radiation, corresponding to a total of ~6 cell 

doublings over the course of 12 days under these conditions (Figure 3A). Enrichment or 

depletion of sgRNAs were measured by illumina sequencing sgRNA tags at the beginning and 

end of the 12 day period. sgRNA enrichment was then normalized by total number of cell 

doublings to obtain the quantitative phenotype τ, which reflects the negative or positive growth 

phenotype caused by knockdown of a gene in combination with radiation, compared to radiation 

with negative control knockdown (Kampmann et al., 2013).  

As was observed in growth screens without radiation (Liu et al., 2017), the proportion of 

cells infected with the sgRNA library remained stable throughout the duration of the radiation 

modifier screen, indicating that the sgRNA library is not toxic to U87 cells in general, even while 

being irradiated (Figure 3B). To identify lncRNAs with cellular phenotypes in the presence of 

radiation, we first averaged the biological duplicate τ values for each sgRNA and calculated the 

mean phenotype of the top 3 sgRNAs targeting each gene along with the Mann-Whitney p-value 

from all 10 sgRNAs, which was obtained by comparing the beginning (T0) and end (T12) 

timepoints (Gilbert et al., 2014; Horlbeck et al., 2016; Liu et al., 2017). In addition, we randomly 

sampled from the set of non-targeting control sgRNAs  to score “negative control genes” and 
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analyzed them as with lncRNA genes, allowing us to estimate the empirical false discovery rate 

based on what proportion of negative control genes score as hits (Liu et al., 2017). LncRNA 

genes were scored as hits if their combined phenotype effect size and p-value (referred to here as 

“screen score”) surpassed a threshold corresponding to an empirical false discovery rate of 5%. 

We identified a total of 404 genes with significant radiation phenotypes, almost all of which 

caused decreased growth upon knockdown compared to radiation alone (Figure 3C, left panel). 

Because we cannot rule out the possibility of silencing adjacent neighbor genes, we separately 

categorized 135 of these hits as “neighbor hits” because their TSS’s were within 1kb of any 

protein coding TSS (Figure 3D). Nonetheless, the 269 lncRNA hits identified in this radiation 

modifier screen far surpassed the 50 lncRNA hits identified in the growth-only screen performed 

previously (Liu et al., 2017) and analyzed here in an identical fashion as the radiation screen 

(Figure 3C, right panel).  

 As internal positive controls, we identified 2 protein coding genes with established DNA 

repair function – RAD21 and ERCC6L2 – whose transcription start sites were either overlapping 

or within 200bp of a lncRNA TSS that scored as a hit in the radiation modifier screen but not in 

the growth only screen (Figure 3E). Because the inter-TSS distances between these intended 

lncRNA targets and neighbor genes were within the window of activity of CRISPRi (Gilbert et 

al., 2014), we interpret these results as direct inhibition of both lncRNA and coding gene. RAD21 

and ERCC6L2 are proteins that play roles in DNA double strand break repair and excision repair 

(Birkenbihl and Subramani, 1992; Tummala et al., 2014), respectively. The observation that 

knockdown of these lncRNAs results in enhanced radiation-induced cell death but have little 

phenotype when knocked down in the absence of radiation supports the ability of our screen to 

detect lncRNA gene knockdowns that synergize with radiation.   
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Identification and validation radiation modifier lncRNA LINC00339  

We then searched for lncRNAs without protein coding gene neighbors that synergized with 

ionization radiation upon knockdown. Five of these lncRNAs had highly significant phenotypes 

with radiation but insignificant phenotypes without radiation (Figure 4A). One of these 

lncRNAs, LINC00339, was selected for further validation. LINC00339 is an intergenic lncRNA 

approximately 13 kb downstream of CELA3A and 21 kb upstream of CDC42 (Figure 4B). 

Internally controlled relative growth assays were performed by individually cloning two sgRNAs 

targeting each of the two TSS’s of LINC00339. Infection of all four sgRNAs resulted in 

decreased cellular proliferation when combined with four doses of 2Gy radiation (Figure 4C), 

consistent with the screen results.  
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Discussion 

By utilizing both an expression profiling approach (RNA-seq) and a functional genomics 

approach (CRISPRi screen), we have begun to understand the role of lncRNAs in the cellular 

response to ionizing radiation. 269 lncRNA loci exhibited significant growth phenotypes in U87 

glioblastoma cells when knocked down with CRISPRi in combination with clinically relevant 

doses of ionizing radiation, far greater than the number of lncRNAs that affected normal growth 

and proliferation withour radiation. Interestingly, all but one of these lncRNA radiation hits 

resulted in decreased growth upon knockdown, compared to cells that received radiation only. 

These results suggest that many lncRNAs normally function to keep U87 cells resistant to 

radiation-induced cell death, hence promoting the fitness of the tumor. It also suggests that 

lncRNAs more frequently play roles in higher order processes such as DNA damage response, 

compared to essential growth and proliferation. The additional validation of intergenic lncRNA 

LINC00339 further demonstrates that radiation hit lncRNAs can be individually targeted for 

potential therapeutic use, although antisense oligonucleotide (ASO)-based knockdown of 

lncRNAs may be better primed for therapeutic use in the clinical setting (Meng et al., 2015; 

Monteleone et al., 2015). 

 The lncRNAs discovered in this study represent a large step toward developing radiation 

sensitizer targets in GBM therapy. However, future genome-scale screens should be performed 

with both radiation and temozolomide treatment, to more accurately mimic the standard of care 

for patients with GBM(Omuro and DeAngelis, 2013). Similar radiation modifier screens could 

also be performed against the protein coding genome, as has been done to study drug resistance 

and sensitivity (Gilbert et al., 2014; Kampmann et al., 2013; Konermann et al., 2015). The 

interplay between tumor and microenvironment must also not be discounted in future studies, as 
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immune modulating therapy may synergize with radiation(Kalbasi et al., 2013). To extend the 

clinical relevance of our results, candidate lncRNAs that were identified in the CRISPRi 

radiation-modifier screen should also be tested in recently derived tumor cultures (Müller et al., 

2016), in addition to xenograft models of brain tumors (Hashizume et al., 2014). Nonetheless, 

the rapid identification of genetic vulnerabilities to established treatments may enable the next 

generation of cancer therapy.  
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Experimental Procedures 

Cell culture and radiation treatment 

U87 cells were grown in DMEM with 10% FBS and antibiotics/antimycotics. Radiation was 

applied using a Cesium-137 irradiator with rotating platform, with cells in suspension for the 

screen and adherent on plates for validation. Proliferation was measured using a Countess 

automated hemocytometer (Agilent). 

 

RNA-seq sample preparation and data analysis 

RNA was harvested using TRIzol 48 hours following radiation treatment and purified using the 

Direct-zol MiniPrep RNA purification kits (Zymo Research) with the on-column DNAse 

digestion step. RNA integrity was confirmed using the Agilent Bioanalyzer. RNA-seq libraries 

were generated using TruSeq Stranded mRNA kit according to manufacturer’s protocol 

(illumina). cDNA was validated using the Agilent Bioanalyzer, Qubit 2.0 Fluorometer (Life 

Technologies), and ddPCR (Bio-Rad). Cluster generation and sequencing was performed on a 

HiSeq 2500, using the paired end 100 read protocol.  

Reads were aligned to the human genome (GRCh37) using the spliced read aligner 

HISAT2 v2.0.3 (Kim et al., 2015) against an index containing SNP and transcript information 

(genome_snp_tran). Quantification of Ensembl build 75 genes was carried out with 

featureCounts (Liao et al., 2014) using only uniquely mapped reads. Differential expression 

analysis was performed using DESeq2 (Anders and Huber, 2010) using the Wald test with an 

adjusted p value threshold of 0.05 as threshold for differential expression. Complete linkage 

hierarchical clustering was performed using 1 – Pearson correlation coefficients as the distance 

matrix, using only differentially expressed genes or differentially expressed lncRNAs. Gene 
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ontology terms were obtained using Enrichr (Chen et al., 2013), taking gene names from the 

clusters of all upregulated or downregulated genes.  

 

ChIP-seq data 

P53 genomic occupancy data were obtained by analyzing ChIP-seq peaks from GEO accession 

GSE46993, and intersecting all lncRNA loci +/- 1kb with the p53 peaks.  

 

CRISPRi screens 

sgRNA library was derived from the CRISPRi Non-Coding Library (CRiNCL) (Liu et al., 2017), 

selecting sub-libraries that targets all expressed lncRNAs in U87: Common + Cancer common + 

(U87, HEK293T) + U87 unique. sgRNAs were cloned into the library expression vector 

pCRISPRia-v2 (Gilbert et al., 2014; Horlbeck et al., 2016) and lentivirus pools were generated as 

previously described (Liu et al., 2017). U87-dCas9-KRAB cells were generated previously in 

(Liu et al., 2016). Lentivirus libraries were infected in duplicate cultures, cultured for 2 days 

following infection, puromycin (1 mg/mL) selected for two days, and recovered for one day 

without puromycin. Cells were then cultured for 12 days at a minimum coverage of 1000x, 

starting at this “T0.” For the radiation modifier screen, doses of 2 Gy radiation were given at the 

following days: T0, T2, T4, T6, for a total of 8 Gy fractionated ionizing radiation. Genomic 

DNA was harvested from aliquots of ~60M cells each from T0 and T12 and processed for 

sequencing as previously described (Gilbert et al., 2014; Horlbeck et al., 2016). Data processing 

and hit analysis was performed as described in (Liu et al., 2017), with the exception that 

neighbor hits were considered to be hits whose TSS’s were within 1kb of ANY protein coding 

gene TSS. Growth-only screen data for U87 was obtained from (Liu et al., 2017) and compared 
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to the radiation screen data obtained in this study. Growth and radiation z scores were calculated 

as log2 enrichment normalized by the standard deviation of negative control genes. sgRNA 

validation was performed as described in  (Liu et al., 2017), with the addition of 4x 2 Gy 

radiation starting two days following sgRNA infection, fractionated every other day. 
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Figure 1. Clinically relevant doses of ionizing radiation slow down proliferation of U87 cells 

Doubling times of U87 cells growth in vitro following treatment with varying doses of ionizing 

radiation. 4x 2Gy indicates 4 separate doses of 2Gy each, given every other day starting at day 0.  

 



 278 

 

 



 279 

Figure 2. Transcriptome profiling following ionizing radiation in U87 cells 

A) MA plots of RNA-seq analysis 48 hr after treatment of U87 cells in vitro with 2, 4, and 8 Gy 

of ionizing radiation. Upregulated genes (adj p value < 0.05) are labeled in red, and 

downregulated genes (adj p value < 0.05) are labeled in blue. Labeled genes demonstrate dose-

dependent fold changes across increases levels of radiation. B) Heatmap of differentially 

expressed genes (adj p value < 0.05) for replicate samples of irradiated U87 cells, along with 

gene ontology terms of upregulated and downregulated gene clusters. C) Heatmap of 

differentially express lncRNAs (adj p value < 0.05) for replicate samples of irradiated U87 cells. 

D) Transcript model and locus of LINC01021 with p53 ChIP-seq peaks.  
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Figure 3. CRISPRi screens identify lncRNAs whose knockdown sensitize U87 cells to 

radiation induced cell death 

A) Schematic of CRISPRi screen targeting 5689 lncRNA TSS’s in U87 cells, with addition of 4 

doses of 2 Gy ionizing radiation during growth period. B) Percentage of cells during replicate 

screen experiments showing stable expression of integrated sgRNA vectors over the course of 

the screen. Radiation time points are indicated with arrows. C) Volcano plots of screen results 

comparing gene phenotype (τ) of the average of the top 3 sgRNAs targeting each lncRNA TSS, 

and the significance of each gene. Neighbor hits represent lncRNA hits whose TSS is within 1kb 

of ANY protein coding gene TSS. Dotted line is threshold calculated from the combined 

phenotype and significance corresponding to 5% empirical FDR. D) Summary table of genes 

targeted and hits in the radiation modifier screen and the growth screen. E) Table of TSS-TSS 

distances (in bp), and radiation and growth screen z scores, for internal positive control neighbor 

hits. 
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Figure 4. Characterization of radiation sensitizer lncRNA hit LINC00339 

A) Screen phenotype z scores for representative lncRNAs with strong radiation phenotypes but 

little to no growth phenotypes. B) Genome locus of LINC00339. C) Internally controlled growth 

assays for individual knockdown of two separate LINC00339 TSS’s with two independent 

sgRNAs for each TSS, in the presence of 4 doses of 2 Gy ionizing radiation at the beginning of 

the growth assay. 
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