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Abstract
Genetic discoveries have highlighted the role of gene expression dysregulation in both
rare and common diseases. In particular, a large number of chromatin modifiers,
transcription

factors,

neurodevelopmental

and

RNA-binding

diseases,

including

proteins
epilepsy,

have
autism

been

implicated

spectrum

in

disorder,

schizophrenia, and intellectual disability. Elucidating the disease mechanisms for these
genes is challenging, as the encoded proteins often regulate thousands of downstream
targets.
In Chapter 2 of this thesis, we describe the use of single-cell RNA-sequencing
(scRNA-seq) to characterize a mouse model of HNRNPU-mediated epileptic
encephalopathy. This gene encodes a ubiquitously expressed RNA-binding protein, yet
we demonstrate that reduction in its expression leads to cell type-specific transcriptomic
defects. Specifically, excitatory neurons in a region of the hippocampus called the
subiculum carried the strongest burden of differential gene expression. In Chapter 3, we
use scRNA-seq to identify convergent molecular and transcriptomic features in four
different organoid models of a cortical malformation called periventricular nodular
heterotopia. In Chapter 4, we build on these successes to propose a high-throughput
drug screening program for neurodevelopmental genes that encode regulators of gene
expression. This approach—termed transcriptomic reversal—attempts to identify
compounds that reverse disease-causing gene expression changes back to a normal
state. Finally, in Chapter 5, we focus on the role of synonymous codon usage in human
disease. Codon usage can affect mRNA stability, yet its role in human physiology has

been historically overlooked. We use population genetics approaches to demonstrate
that natural selection shapes codon content in the human genome, and we find that
dosage sensitive genes are intolerant to reductions in codon optimality. We propose that
synonymous mutations could modify the penetrance of Mendelian diseases through
altering the expression of disease-causing mutations.
In summary, the work in this thesis broadly focuses on the role of gene expression
dysregulation in disease. We provide novel frameworks for interrogating disease gene
expression signatures, prioritizing mutations that may alter expression, and identifying
targeted therapeutics.
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Chapter 1: Introduction
Sections of this chapter have been previously published1,2
1.1 Motivation
Multicellular organisms depend on the dynamic expression of thousands of genes to
direct embryonic development and maintain cellular function. Gene expression involves
many complex steps, including the dynamic remodeling of chromatin, the transcription
of DNA into RNA, and RNA processing, localization, and turnover. Dysregulation of these
gene expression programs can cause a broad range of diseases (Lee & Young, 2013).
The work outlined in this thesis focuses on the use of large-scale genomic data to both
prioritize and characterize disease-causing genetic mutations that affect gene
expression. In the first half of my thesis, I focus on the transcriptomic characterization of
genetic epilepsies caused by mutations in transcriptional regulators. I then propose a
precision medicine-based drug discovery approach for transcriptomically-mediated
disease. In the latter half of my thesis, I focus on evolutionary signatures of synonymous
variants, which have long been assumed to be neutral, but can in fact mediate gene
expression through changes in codon optimality.

1

Dhindsa, R.S. and Goldstein, D.B. (2015). Genetic Discoveries Drive Molecular Analyses and Targeted Therapeutic
Options in the Epilepsies. Curr Neurol Neurosci Rep 15, 70.
2

Dhindsa, R.S., Lowenstein, D.H., and Goldstein, D.B. (2016). Chapter 37: Molecular Architecture and Neurobiology
of the Epilepsies. Genomics, Circuits, and Pathways in Clinical Neuropsychiatry, T. Lehner, B.L. Miller, and M.W.
State, eds. (San Diego: Academic Press), pp. 601-617.
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1.2 Genetic discoveries in rare disease
The completion of the Human Genome Project in 2003 generated considerable
excitement that genomics would immediately transform the diagnosis and treatment of
disease. While this enthusiasm was perhaps premature, advances in genetic sequencing
technologies and analytical approaches over the past 25 years have led to the
identification of many disease-causing genes (Claussnitzer et al., 2020; Shendure,
Findlay, & Snyder, 2019).
These efforts have been particularly successful for rare Mendelian diseases. In
the era prior to the Human Genome Project, implicating disease-causing genes in these
disorders relied on large multiplex pedigrees, linkage analyses, and positional cloning (F.
S. Collins, 1992; Ryan S. Dhindsa, Lowenstein, & Goldstein, 2016). Linkage analysis is
based on the identification of polymorphic genetic markers that are distributed
throughout the genome, such as single nucleotide polymorphisms (SNPs) and
microsatellites, in all individuals of the family (Lander & Schork, 1994). The co-inheritance
of these markers and affection status is then used to localize the genomic region within
which the disease-causing mutations reside. After mapping a candidate chromosomal
region, targeted sequencing is then used to identify the disease-causing gene. Tedium
aside, these efforts resulted in the characterization of roughly 1,000 of the 7,000
estimated single-gene inherited diseases (Claussnitzer et al., 2020; Shendure et al.,
2019). However, the completion of the draft human genome, the introduction of next
generation sequencing (NGS), and catalogues of common genetic variation led to a
fourfold increase in the genes implicated in these diseases.

2

1.3 Next-generation sequencing
Rapid advances in NGS have revolutionized the cost and speed with which human
genomes can be sequenced. Unlike targeted sequencing and genome-wide association
studies (GWAS), NGS allows examination of nearly all of the genetic variants (rare or
otherwise) in a given genome. High-throughput sequencing approaches generate
millions of short sequence reads in parallel that are then aligned to the human reference
genome. Computational algorithms are used to detect variants, including singlenucleotide variants (SNVs), insertions and deletions (indels), and structural variants.
One of the most popular NGS methods has been whole-exome sequencing
(WES), which is used to sequence only the coding portion of the genome (Ng et al.,
2009). Before sequencing, a capture kit is used to isolate exonic and flanking intronic
base pairs. Current exome-sequencing kits target only about 2% of the human genome,
making it cheaper and faster than whole-genome sequencing (WGS). WES is clearly a
pragmatic approach, both because most currently known disease-causing mutations
occur in coding regions of the genome and because we are far better at interpreting
variants in the exome than variants in the genome as a whole. However, because WES
focuses only on protein coding regions, it has limited ability to detect regulatory
mutations that influence risk.
Perhaps the biggest challenge in interpreting NGS data is properly prioritizing the
variants to associate genetic signals with disease. First, one must consider broad factors
such as the mode of inheritance, the frequency of the disorder, and the predicted
deleterious nature of the variant. For example, if the disease is recessive, the study
should focus on homozygous variants; if the disorder is rare, the causal variants should
3

either be very rare or absent in control populations. Of course, in many cases the
underlying genetic model is not known at the outset.
When studying rare variation, it is difficult to detect association using variantbased association tests (such as GWAS) because there are generally insufficient copies
of the rare alleles to be tested as a single variant at a time. The better alternative is to
aggregate statistical information across mutations within a functional unit, such as a
gene or pathway. The most straightforward way to conduct this type of analysis is
through collapsing-based and burden-based analyses, in which the number of rare
alleles in cases is tested against the number of alleles in control subjects (Povysil et al.,
2019).
Typically, collapsing analyses requires the optimization of parameters to capture
the variants most likely to confer risk of disease (i.e. qualifying variants). Commonly
applied filters for qualifying variants include sequencing-based quality control metrics,
predicted variant effects, predictions of deleteriousness, and population allele
frequencies. There are various other burden testing methods that aggregate information
within a defined genetic region into a summary dose variable. In certain approaches,
variants are weighted according to their frequency and functional impact (Madsen &
Browning, 2009). These tests typically assume that all variants act in the same direction
with respect to disease risk. This assumption can be limiting in the case in which some
variants increase risk whereas others decrease risk. However, methods such as the Calpha test (Neale et al., 2011), the sequence kernel association test (M. C. Wu et al.,
2011), and the estimated regression coefficient test (Lin & Tang, 2011) account for bidirectional effects.
4

1.4 Genetic architecture of the epileptic encephalopathies
The epilepsies represent a group of diseases that has seen striking success in gene
discovery due to the introduction of WES (Helbig & Abou Tayoun, 2016) (Figure 1). These
discoveries have been particularly dramatic in the epileptic encephalopathies (EEs)—a
clinically heterogeneous group of devastating childhood epilepsies characterized by
intractable recurrent seizures and cognitive, behavioral, and neurological comorbidities
associated with ongoing epileptic activity. WES studies have revealed that a substantial
proportion of EE diagnoses can be attributable to single de novo mutations—mutations
that are seen in a child but in neither parent—of large effect (Epi4K Consortium et al.,
2013; EuroEpinomics Consortium, Epilepsy Phenome/Genome Project, & Epi4K
Consortium, 2014). These mutations typically arise either during meiosis of the parents'
gametes or during a very early stage of embryonic development. The human mutation
rate is between 7.6 × 10−9 and 2.2 × 10-8, equating to roughly 40 de novo mutations per
individual per generation (Lynch, 2010). Overall, each individual is expected to have
roughly one exonic de novo mutation. These mutations can be identified through triobased sequencing, in which the healthy biological parents and affected children are
sequenced.

5

Figure 1.1. Epilepsy gene discovery timeline.
Number of epilepsy gene discoveries before and after the adoption of next-generation
sequencing approaches. Adapted from Helbig & Abou Tayou, 2016.

In one large study conducted by the Epilepsy Phenome/Genome Project and the
Epi4K Consortium, trio-based WES was performed on 264 probands and their
unaffected biological parents to identify de novo mutations in two main types of EE:
infantile spasms and Lennox–Gastaut Syndrome (Epi4K Consortium et al., 2013). This
study demonstrated that patients with epileptic encephalopathies show a clear statistical
excess of de novo mutations in genes that are typically intolerant to genomic changes
in a healthy population. This project identified seven recurrently mutated genes in 10%
of patients; among these genes, five were previously linked to the encephalopathies and
two were identified as novel epileptic encephalopathy genes with clear statistical
evidence of association. In addition, the group provided suggestive evidence for the role
of several other genes.

6

Another study of a cohort of 356 probands, including the 264 trios analyzed in the
previously described study revealed that de novo mutations causing EE are enriched in
synaptic transmission genes (EuroEpinomics Consortium et al., 2014). Altogether, as
with other neurodevelopmental disorders, NGS has transformed clinical diagnostics for
the EEs. Accurate genetic diagnoses can provide meaningful resolution for patients and
families, connect them to disease-specific support networks, inform prognosis and comorbidities, and facilitate family planning (Ellis, Petrovski, & Berkovic, 2020).

1.5 Precision medicine in epilepsy
The tremendous advances in epilepsy gene discoveries have promoted enthusiasm for
precision medicine—i.e. treatments that target the precise molecular causes of disease.
In fact, some genetic discoveries in epilepsy have already led to directions for developing
targeted therapies (reviewed in Appendix A).
Mutations in GRIN2A, which encodes an NMDA receptor subunit, cause
idiopathic focal epilepsy with rolandic spikes and early-onset epileptic encephalopathy
(Carvill, Regan, et al., 2013; Lemke et al., 2013; Lesca et al., 2013). Patch clamp assays
in a heterologous expression system (X. laevis oocytes) revealed that one particular
epileptic encephalopathy-causing mutation in GRIN2A (L812M) increases the intrinsic
activity of the channel, thereby causing neuronal hyperexcitability (Pierson et al., 2014;
Yuan et al., 2014). Screening of FDA-approved NMDA receptor antagonists led to the
discovery that memantine could inhibit the effects of this mutation in vitro; the proband
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harboring the L812M mutation was treated with the drug and experienced a significant
reduction in seizure frequency (Pierson et al., 2014).
Another recent success includes high-throughput screening of compounds to
identify drug repositioning opportunities for EE-causing mutations in the gene SCN8A
(Atkin et al., 2018). Voltage clamp assays revealed that this mutation increases the
encoded sodium channel’s activation and delays its inactivation, consistent with a gainof-function effect. The development of a fluorescence-based, sodium flux assay allowed
for high-throughput screening to identify compounds with inhibitory activity. This screen
successfully identified four drugs of potential clinical interest: amitriptyline, carvedilol,
nilvadipine, and carbamazepine.
Other promising precision medicine efforts include a clinical trial of ganaxolone to
treat patients with PCDH19 epilepsy, as these patients have reduced neurosteroid
expression (Tan et al., 2015). Retigabine, a potassium channel activator, has been shown
to restore currents in single-cells with loss-of-function KCNQ2 variants (Ihara et al.,
2016). A small retrospective of 11 children with KCNQ2-related EE experienced
demonstrated the potential efficacy of this drug (Millichap et al., 2016), though it is no
longer available for clinical use. Other exciting and emerging treatment modalities for the
epilepsies include the development of nucleotide-based therapies, including antisense
oligonucleotides, microRNAs, and gene therapy delivered via viral vectors (Ellis et al.,
2020). While most of the aforementioned therapies still require clinical trials to
demonstrate efficacy before moving into the clinic, these case studies provide reasons
to be optimistic about the promise of precision medicine in epilepsy.

8

1.6 Gene dysregulation in epilepsy
Despite the impressive aforementioned achievements in precision medicine, the
development of targeted therapeutics has lagged far behind the rapid progress in gene
discovery. One of the major reasons underlying this slow discovery is the tremendous
amount of genetic heterogeneity underlying these conditions. Implicated genes have
revealed a wide range of disease etiologies, including abnormal synaptic transmission,
chromatin remodeling, transcription regulation, and ion channel function (reviewed in
Appendix B). Although daunting, it is likely that this heterogeneity will require different
drug discovery paradigms for each functional class of genes (EpiPM Consortium, 2015).
By and large, the successful development of precision therapeutics requires
appropriate functional models to efficiently study the biological consequences of genetic
mutations. For example, many of the targeted treatments that modulate ion channels
have been identified via screening in heterologous expression assays. In these models,
the mutated gene is incorporated into a cell line (most commonly HEK293 human cells
or Xenopus oocytes). Cell lines have also been used to study defects in genes associated
with synaptic transmission (R. S. Dhindsa et al., 2015). Although artificial when compared
to neuronal systems, these models provide efficient ways to reveal disease mechanisms
and screen compounds. Unfortunately, not every implicated epilepsy gene is amenable
to this sort simple modeling paradigm.
The emphasis of this thesis is on genes that perturb gene expression. Several
gene regulators have been implicated in epilepsy, including transcription factors,
chromatin modifiers, and RNA-binding proteins (McTague, Howell, Cross, Kurian, &
Scheffer, 2016). Unlike ion channels, there lacks a clear biochemical readout for
9

pathogenic mutations in these genes. Instead, these genes are expected to exert their
mechanism of pathogenicity through the dysregulation of thousands of other genes.
Below I provide selected examples of epilepsy genes directly and indirectly involved in
gene expression regulation.

Figure 1.2. Epilepsy-associated transcriptional regulators.
A selection of epilepsy genes that primarily function as gene expression regulators.
MECP2 and CHD2 encode chromatin-associated proteins. MEF2C, ARX, and FOXG1
encode transcription factors. HNRNPU encodes a DNA- and RNA-binding protein.
(Modified from Ellis, Petrovski, and Berkovic, 2019).

Transcription factors
Transcription factors (TFs) can be broadly separated into two classes based on their
regulatory function: control of transcription initiation versus control of transcription
elongation (Lee & Young, 2013). This distinction is not absolute, however, as some TFs
mediate both of these processes. Furthermore, TFs can work alone or with other proteins
in a complex to promote (i.e. activate) or block (i.e. repress) the recruitment of RNA
polymerase. Mutations in several TFs have been implicated in neurodevelopmental
diseases, including epilepsy.
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FOXG1
FOXG1 is a member of the forkhead transcription factor family and is expressed
specifically in the neural progenitor cells of the forebrain (Cargnin et al., 2018). It is one
of the earliest TFs and acts as a transcriptional repressor, repressing at least 12 other
transcription factors to coordinate the production of cortical neurons. Haploinsufficiency
of this gene causes a syndrome characterized by developmental delay, intellectual
disability, dyskinesis, epilepsy, and speech deficits (Florian, Bahi-Buisson, & Bienvenu,
2012; Kortum et al., 2011). Characteristic features of this syndrome also include cortical
atrophy and agenesis of the corpus callosum.

ARX
ARX encodes the aristaless-related homeobox protein, which belongs to a class of
homeodomain proteins that play crucial roles in cerebral development and patterning.
ARX is both a transcriptional repressor and an activator and plays a crucial role in
regulating genes involved in the migration of interneurons (Fulp et al., 2008). Loss-offunction mutations in this gene cause malformation syndromes, including lissencephaly
(Kitamura et al., 2002) and Proud syndrome (Proud, Levine, & Carpenter, 1992).
Meanwhile, missense mutations outside of the homeobox domain and expansions in the
polyalanine tracts of this gene can cause several different epileptic encephalopathies
and severe intellectual disability (Kato et al., 2004).

MEF2C
11

MEF2C encodes the myocyte enhancer factor-2 transcription factor. In the mammalian
brain, it is responsible for regulating excitatory-to-inhibitory density as a transcriptional
repressor (Harrington et al., 2016). In the hippocampus, MEF2C moderates synapse
formation during activity-dependent refinement of synaptic connectivity, thereby
facilitating learning and memory (Barbosa et al., 2008; Li et al., 2008). Loss-of-function
mutations in this gene are associated with a severe neurodevelopmental condition
characterized by mental retardation, stereotypic hand flapping, epilepsy, and variable
cerebral malformations (Le Meur et al., 2010; Novara et al., 2010).

Chromatin-associated proteins
MECP2
MECP2 encodes methyl-CpG-binding protein 2—a chromatin-associated protein that
binds to methylated DNA and recruits chromatin-modifying enzymes to activate or
repress transcription (Nan, Meehan, & Bird, 1993). It plays a key role in the control of
neuronal activity-dependent gene regulation (R. Z. Chen, Akbarian, Tudor, & Jaenisch,
2001). Because it is expressed in mature neurons and increases in expression during
postnatal development, it is thought to regulate synaptic and neuronal plasticity
(McGraw, Samaco, & Zoghbi, 2011). Loss-of-function mutations in this gene cause Rett
Syndrome (Amir et al., 1999), whereas duplications cause MECP2 Duplication
Syndrome, which accounts for around 1% of X-linked intellectual disability (A. L. Collins
et al., 2004).

CHD2
12

CHD2 encodes a chromodomain helicase DNA-binding protein, which reorganizes
chromatin structure and regulates histone modifications to regulate gene expression
(Carvill, Heavin, et al., 2013a). In the mouse, Chd2 expression is limited to mature
neurons, interneurons, and oligodendrocytes throughout the central nervous system
(Kim et al., 2018). De novo loss-of-function and missense mutations in this gene are
associated with an epileptic encephalopathy that includes developmental regression
after seizure onset and moderate to severe intellectual disability (Carvill, Heavin, et al.,
2013b). Clinical photosensitivity is an additional distinguishing feature of this condition.

RNA-binding proteins
HNRNPU
HNRNPU encodes a 120 kDa RNA and DNA-binding nuclear phosphoprotein and is a
member of the broader family of heterogeneous nuclear ribonuclear proteins (hnRNPs).
These highly abundant proteins co-transcriptionally bind to pre-mRNAs produced from
RNA polymerase II. HNRNPU encodes a ubiquitously expressed DNA- and RNA-binding
protein that localizes to the nucleus (Kiledjian & Dreyfuss, 1992), where it mediates premRNA processing (Ye et al., 2015), transcription (Kukalev, Nord, Palmberg, Bergman, &
Percipalle, 2005), and chromosomal architecture (Nozawa et al., 2017). We and others
have reported that patients with loss-of-function variants in HNRNPU present with
treatment-resistant

early-onset

epilepsy,

severe

intellectual

disability,

speech

impairment, and variable central nervous system, renal, and cardiac abnormalities
(Bramswig et al., 2017; Yates et al., 2017; Zhu et al., 2015).
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Indirect gene expression regulators
While the aforementioned genes directly regulate gene expression, other epilepsyassociated genes have many diverse functions that may change gene expression. For
example, several epilepsy-associated genes encode kinases and G-protein subunits
involved in pathways that ultimately converge on gene expression regulation. Mutations
in non-coding regulatory elements, including microRNAs and enhancers, have also been
implicated in epilepsy. Below, I review the emerging regulatory roles of cytoskeletal
genes and cadherins, which are the focus of Chapter 3 of this thesis.

Cadherins and cytoskeletal genes
Genes that encode proteins involved in neuronal migration, including cytoskeletal
proteins and cadherin assemblies, may also play a role in mediating gene expression
(Uhler & Shivashankar, 2017). Studies on neuronal cell development have primarily
focused on the influence of biochemical factors; however, emerging evidence has also
highlighted the role of mechanical signals in regulating neuron differentiation and
migration. These mechanical signals, in turn, affect gene expression through nuclear
mechanotransduction. Cadherins and integrins respond to mechanical signals at cellcell and cell-extracellular matrix junctions, which then get transduced to the nucleus
through cytoskeletal networks. This transduction is achieved via the linker of
nucleoskeleton and cytoskeleton (LINC) complex, which bridge the cell membrane and
nucleus through actin and microtubule filaments.
Genes encoding cytoskeleton proteins (e.g. MAP1B and FLNA) and cadherins
(e.g. DCHS1 and FAT4) have been implicated in periventricular nodular heterotopia—a
14

cortical malformation associated with epilepsy (Cappello et al., 2013; Fox et al., 1998;
Heinzen et al., 2018). Single-cell RNA-sequencing of cortical organoids derived from
patients carrying pathogenic mutations in DCHS1 and FAT4 revealed widespread
dysregulation of cortical lamination and neuronal migration genes (Klaus et al., 2019). It
is possible, however, that many of these expression changes may have been secondary
to underlying migration deficits due to loss of cell-cell adhesions.

1.7 Assessing the transcriptome
Gene expression regulators are expected to regulate thousands of genes. Therefore,
functionally characterizing disease-causing mutations in these genes requires the
unbiased assessment of gene expression changes from either primary tissue or relevant
tissue from a disease model. NGS can be used to not only sequence DNA, but also to
sequence the transcriptome through RNA-sequencing (RNA-seq) (Stark, Grzelak, &
Hadfield, 2019).
RNA-seq has enabled richer and less biased views of gene expression than
previously possible through microarray methods. Researchers most often use RNA-seq
to analyze differential gene expression (DGE) between two biological conditions. The
standard RNA-seq workflow begins with RNA extraction, mRNA enrichment or ribosomal
RNA depletion, cDNA synthesis, and library preparation. This library is then sequenced
to a read depth of 10-30 million reads per sample. Most RNA-seq pipelines begin with
the alignment of the resulting reads to a reference transcriptome, quantifying reads that
overlap transcripts, filtering and normalizing between samples, and statistical modelling
of significant changes in gene or transcript levels between sample groups.
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RNA-seq has been predominantly performed on bulk tissues. These studies have
revolutionized our understanding of biology. In many disease areas, they have revealed
dysregulation of biological pathways that have provided insight into pathophysiology
and have identified expression patterns that serve as prognostic or diagnostic indicators
of disease (Stark et al., 2019). Nonetheless, bulk RNA-sequencing methods cannot
resolve specific cell types, and therefore only provide an average expression signal for
an ensemble of cells (Camp, Platt, & Treutlein, 2019). There is increasing evidence,
however, that suggests gene expression is heterogeneous, even in similar cell types.
Furthermore, gene regulators can have cell type-specific effects that would be missed
in bulk analyses.
Single-cell RNA-seq (scRNA-seq) overcomes these limitations. The first scRNAseq experiment was reported in 2009, in which individual oocytes were lysed in
Eppendorf tubes prior to sequencing. Since then, many different methods have been
introduced for high-throughput single-cell RNA-sequencing. Each approach starts with
the mechanical disaggregation and enzymatic dissociation of tissues into a single cell
suspension. The most common high-throughput approaches involve microfluidic chips
that encapsulate single cells into reagent-filled oil droplets (e.g. Drop-Seq and the 10X
Chromium system) (Macosko et al., 2015). Other high-throughput approaches involve
labelling of single cells with in situ sequence barcodes (e.g. sci-RNA-seq) (Cao et al.,
2019).
After isolation, single-cells are lysed and RNA is synthesized into cDNA, which is
used as input for RNA-seq library preparation. Most approaches use PCR to amplify the
RNA from individual cells during library preparation. In the droplet-based methods,
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reverse transcription of RNA into cDNA occurs within each oil droplet, and the resulting
cDNAs receive a barcode or unique molecular identifier (UMI). These barcodes allow for
the assignment of each resulting sequencing read back to a single cell of origin.
Furthermore, although PCR is typically required to amplify cDNA during library
preparation, the use of UMIs mitigates PCR bias. Due to Poisson sampling, typically only
10–20% of transcripts are detected per cell. While this yield can limit transcript detection
sensitivity, the data generated from these methods still generate data that allow for DGE
analysis and high-resolution single-cell phenotyping.
Many single-cell RNA-sequencing studies to date have been focused on creating
atlases that map human and mouse organs at single-cell resolution across space and
time. However, there have been increasing efforts to use scRNA-seq to understand how
genetic changes affect human phenotypes at a single-cell resolution. Recently,
researchers identified a novel human cell type in the human lung called ionocytes, which
was the only type that expressed the cystic fibrosis gene, CFTR (Montoro et al., 2018;
Plasschaert et al., 2018). This cell type therefore likely mediates the pathology of cystic
fibrosis. Other studies focused on phenotyping human diseased tissues have identified
spatial glial neuron interactions in Amyotrophic Lateral Sclerosis (Maniatis et al., 2019),
disease-associated microglia in Alzheimer’s disease (Keren-Shaul et al., 2017), and
cortical layer-specific gene expression changes in Autism Spectrum Disorder
(Velmeshev et al., 2019). However, apart from cancer, it is difficult to acquire tissue from
most diseased tissues in patients. In the first half of this thesis, I focus on using singlecell RNA-sequencing to elucidate single-cell phenotypes in models of genetic epilepsy.
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1.8 Synonymous codon usage: another source of gene dysregulation
The mutations associated with EE, including those in the aforementioned transcriptional
regulators, tend to be of large effect. However, patients with the same genetic defect
can have much milder clinical presentations and some individuals can even appear
unaffected. Recent evidence suggests that regulatory variants can modify disease risk
conferred by these pathogenic variants (Castel et al., 2018; Niemi et al., 2018). The most
well-characterized risk modifiers are expression quantitative trait loci (eQTLs), which are
genetic variants that significantly associate with gene expression differences. In one
particular study of autism and breast cancer, eQTLs that lowered expression of wildtype
alleles increased the penetrance of the rare allele and vice versa (Castel et al., 2018).
While this class of variation has been well studied, there are other, underappreciated
source of gene expression regulation that may also contribute to disease risk or severity.
In particular, emerging evidence has illustrated that synonymous codon usage may be a
particularly important determinant of mRNA stability (Hanson & Coller, 2018; Narula,
Ellis, Taliaferro, & Rissland, 2019; Q. Wu et al., 2019). In the latter half of this thesis, I
develop population genetics-based approaches to characterize this class of variation.
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Figure 1.3. Degeneracy of the genetic code

Due to codon degeneracy, each amino acid is encoded for by 2-6 codons.
Synonymous variants change the codon but not the encoded amino acid.

The use of 61 codons in mRNA to encode for a pool of 20 amino acids means
that multiple codons code for a single amino acid (Figure 1.3). Due to this degeneracy,
some protein-coding mutations result in codon changes that do not alter the resulting
amino acid sequence (i.e. synonymous mutations). A long-standing assumption in
human genetics has been that these synonymous mutations are unimportant because
they do not alter the resulting protein sequence. In fact, the synonymous mutation rate
is typically designated as the background neutral mutation rate against which other
forms of mutational selection is measured (Kimura, 1977). With the exception of splice
variants, synonymous mutations are almost always ignored in genetic disease
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association studies. However, emerging evidence suggests that synonymous variants
are not always neutral.
Well-established mechanisms through which synonymous mutations can impact
gene expression include disruption of splicing enhancer sites (Parmley, Chamary, &
Hurst, 2006; Supek, Minana, Valcarcel, Gabaldon, & Lehner, 2014), mRNA secondary
structure (Shen, Basilion, & Stanton, 1999), and binding sites for regulatory RNA-binding
proteins and microRNAs (Brest et al., 2011; Capon et al., 2004). Although much less
understood, emerging evidence suggests that synonymous mutations in the gene body
can also impact gene expression through changes in codon usage. Specifically,
biochemical studies indicate that “optimal” codons matching more abundant tRNAs can
support rapid and accurate translation, whereas synonymous but “non-optimal” codons
can slow translation (Bazzini et al., 2016; Forrest et al., 2018; Presnyak et al., 2015; Q.
Wu et al., 2019). Indeed, it has long been recognized that the human genome exhibits
clear codon usage biases, with certain codons used more frequently than others
(Chamary, Parmley, & Hurst, 2006; Eyre-Walker, 1991). Nonetheless, the significance of
codon usage bias as it relates to human physiology and fitness remains largely unknown.

20

Chapter 2: Single-cell RNA-sequencing identifies cell typespecific transcriptomic changes in a mouse model of
HNRNPU neurodevelopmental syndrome.
Elements of this chapter are currently in preparation for publication3.
2.1 Summary
Heterozygous loss-of-function mutations in the gene HNRNPU, which encodes a DNAand RNA-binding protein, cause a severe neurodevelopmental syndrome with global
developmental delay and epilepsy. The disease mechanism underlying this condition
remains unclear. Here, we generate a mouse model of HNRNPU haploinsufficiency that
recapitulates several features of the human disorder, including reduced body size,
vocalization deficiencies, and reduced seizure thresholds. Sarah Dugger, a former
graduate student in the lab, led the mouse characterization work outlined in this chapter.
We then perform single-cell RNA-sequencing of mutant and wild type hippocampal and
cortical cells. We observe an increased burden of differential gene expression in mutant
excitatory cells in the subiculum, a region of the hippocampus that is thought to play an
important role in temporal lobe epilepsy. We show that genes dysregulated in these cells
are enriched for other epilepsy, autism, and developmental delay genes. These results
provide novel insight into the mechanism of pathogenicity for this condition and provides

3

Dugger, S.A.*, Dhindsa, R.S.*, De Almeida Sampaio, G., Rafikian, E.E., Petri, S., Letts, V.A., Teoh, J., Ye, J.,
Colombo, S., Yang, M., Boland, M.J., Frankel, W.N., Goldstein, D.B. Neurodevelopmental deficits and cell-typespecific transcriptomic perturbations in a mouse model of HNRNPU haploinsufficiency. (In preparation).
*These authors contributed equally
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a framework for using single-cell RNA-sequencing to study other transcriptional
regulators implicated in disease.

2.2 Introduction
Given their functional complexity, metabolic demands, and extensive diversity, it is
unsurprising that neurons rely on the strict regulation of gene expression. In fact, many
genes that encode transcriptional regulators—including transcription factors, chromatin
modifiers, and RNA-binding proteins—have been implicated in neurodevelopmental
diseases, including epilepsy (De Rubeis et al., 2014; McTague et al., 2016). Elucidating
the mechanism of action for these genes, which can theoretically regulate thousands of
downstream targets in a considerable number of cell types, remains a major challenge
in developing targeted therapeutics. Identifying vulnerable cell types and dysregulated
pathways requires high-resolution phenotyping methods (Camp et al., 2019). Here, we
use single-cell RNA-sequencing to assess cell type-specific transcriptomic changes in
a mouse model of a severe neurodevelopmental syndrome caused by haploinsufficiency
of the gene HNRNPU.
HNRNPU encodes a ubiquitously expressed DNA- and RNA-binding protein that
localizes to the nucleus (Kiledjian & Dreyfuss, 1992), where it mediates pre-mRNA
processing (Ye et al., 2015), transcription (Kukalev et al., 2005), and chromosomal
architecture (Nozawa et al., 2017). We and others have reported that HNRNPU
haploinsufficiency due to de novo loss-of-function variants or microdeletions spanning
this gene cause a severe epileptic encephalopathy characterized by early-onset
epilepsy, moderate to severe developmental delay, autistic features, severe intellectual
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disability, structural brain abnormalities, hypotonia, and variable renal and cardiac
abnormalities (Bramswig et al., 2017; Yates et al., 2017; Zhu et al., 2015). The encoded
protein, hnRNP U, is essential to mammalian development (Roshon & Ruley, 2005). Prior
studies have found that conditional loss of Hnrnpu in mouse cardiomyocytes causes
widespread transcriptional dysregulation and dilated cardiomyopathy (Ye et al., 2015).
The effects of Hnrnpu haploinsufficiency in the brain, however, remains uncharacterized.
Here,

we

generate

a

mouse

model

of

HNRNPU-mediated

epileptic

encephalopathy. We first performed behavioral and morphological characterizations of
mutant mice to demonstrate its validity as a model of the human condition. We then
performed single-cell RNA-sequencing identify dysregulated pathways and cell typespecific vulnerabilities in the hippocampus and cortex of these mice. We identify an
increased burden of differentially expressed genes in excitatory neurons in the
subiculum. These differentially expressed genes were enriched for other epilepsy,
autism, and developmental delay genes, suggesting that these cells may be particularly
relevant to the pathophysiology of this disorder.

2.3 Results
Generation of an Hnrnpu knockout mouse model
In the mouse brain, Hnrnpu expression is widespread, yet particularly concentrated
within the cerebellum, hippocampus, and cortex (Supplemental Figure 1 A,B). In the
cortex, hnRNP U co-stained with the neuronal marker Map2, and markers of neuronal
subtypes including inhibitory neurons (Gad67), deep layer (Ctip2), and upper layer
(Satb2) pyramidal neurons (Supplemental Figure 1C). HnRNP U also co-stained with
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the astrocyte marker Gfap. For all cells examined, hnRNP U expression appeared
confined to the nucleus, as previously reported (Dreyfuss, Choi, & Adam, 1984).
Most or all pathogenic mutations in HNRNPU are loss-of-function (Figure 2.1A).
We therefore targeted exon one of mouse Hnrnpu to induce a constitutive out-of-frame
deletion resulting in an early premature stop codon. A founder containing a heterozygous
out-of-frame 113-bp deletion (herein referred to as Hnrnpu+/113DEL) with resulting
premature stop codon in exon two was further expanded and subsequently maintained
on a C57BL/6NJ background (Figure 2.1B). Evaluation of both mRNA and protein levels
obtained from cerebral cortex showed a statistically insignificant 20-25% reduction of
Hnrnpu expression in Hnrnpu+/113DEL mice (Figure 2.1C,D). This somewhat modest
reduction suggests there are compensatory mechanisms that upregulate Hnrnpu
expression.

24

A

hHNRNPU (NM_031844.2)

predicted protein truncating
splice site
missense
11

B

2

3

4

5

6

7

8

9

10

11

12

13

14

mHnrnpu
1

2

3

4

5

6

7

8

9

10

11

12

13 14

exon 1
targeting

400

420

440

460

480

500

520

540

113DEL
WT

relative expression

2.0

Hnrnpu mRNA

D
1.5

hnRNP U/ -actin

C
1.5
1.0
0.5
0.0

WT

HET

E

hnRNP U protein

WT HET WT HET
115

0.5

β-Actin

35
0.0

WT

F

Observed

Expected

% WT

33% (n=11)

25%

% HET

66% (n=22)

50%

% HOM

0% (n=0)

25%

HET

G
WT

HET x HET Crosses (P0)

hnRNP U

1.0

H

HET

WT

HET

250uM

WT

250uM

HET
250uM

250uM

Figure 2.1. Generation of a mouse model of Hnrnpu haploinsufficiency
(A) The locations of all predicted pathogenic variants in Hnrnnpu. (B) Location of the
CRISPR/Cas9-induced 113-bp deletion in exon 1 of mouse Hnrnpu. (C) Relative
expression of Hnrnpu transcript
F levels based on qRT-PCR (n=6 P0 cortices per genotype)
E
(D) Mouse
hnRNP U protein expression quantified through densitometry and normalized
to mouse B-actin (n=4 P0 cortices per genotype). The corresponding western blot using
a C-terminal antibody is shown to the right. (E) Observed versus expected Mendelian
ratios from an Hnrnpu113DEL HET by HET cross (n=10 litters). (F) Representative whole brain
coronal H&E stain of P0 WT and HET pup. N=3 per genotype. Black boxes highlight
regions of interest shown in G and H. Scale bar= 1000μm. (G) Representative images of
WT and HET internal capsules. Red arrows indicate abnormal axonal trajectories and the
black arrow indicates absent axon fascicles. Scale bar= 250μm. (H) Representative
images of the WT and HET hippocampus. Red arrow indicates an abnormal layer of cells
in CA1. The black arrow indicates an abnormal layer of cells in CA3. Scale bar = 250μm.
*This figure is adapted from Dugger and Dhindsa et al., (in preparation).

No homozygous mutant progeny were recovered from Hnrnpu+/113DEL intercrosses,
consistent with embryonic lethality as previously reported with a conditional C-terminal
Hnrnpu deletion and hypomorphic mutant line (Roshon & Ruley, 2005; Ye et al., 2015)
(Figure 2.1E). Hnrnpu+/113DEL mice also demonstrated increased perinatal mortality;
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compared to postnatal day 0 (P0), only half of the mutants were recovered on or beyond
P10 (Fisher’s exact test p = 8x10-4) (Supplemental Figure 2A). This effect was more
pronounced in female mutants than in male mutants (Supplementary Figure 2B,C).
To assess general neuroanatomical defects, histological evaluation was
performed on whole brains of newborn pups. Measurements of brain size, cortical
thickness and hippocampal width did not reveal any notable Hnrnpu+/113DEL-specific
differences. However, Hnrnpu+/113DEL mice showed fewer axon fascicles in the striatum
(Figure 2.1F,G). Unlike WT, these fascicles also appeared discontinuous and spotty
(Figure 2.1G), indicating a change in projection trajectory. Both of these findings are
indicative of defective axonal guidance in mutants. Furthermore, in the mutant
hippocampus, cells in, CA3b and CA3c were abnormally organized into two distinct
layers indicating a lamination defect (Figure 2.1H).

Hnrnpu+/113DEL pups demonstrate global developmental impairment
Early postnatal development was characterized via growth assessment. At birth, mutant
pups weighed on average 10% less than wildtype controls (MWU, permuted p=5.0E03). This growth impairment was further exacerbated throughout the postnatal period,
with P12 mutants weighing roughly 25% less than controls (MWU permuted p<0.01 for
all time points) (Figure 2.2A). This degree of growth impairment persisted throughout the
juvenile period into adulthood (MWU permuted p<0.01 for all time points) (Supplemental
Figure 2D-F).
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Hnrnpu+/113DEL mice display an increased susceptibility to seizures
Both electroencephalography (EEG) and electroconvulsive threshold (ECT) studies were
performed to characterize spontaneous and evoked in vivo excitability phenotypes,
respectively. Despite over 300 total hours of video EEG recordings of seven
Hnrnpu+/113DEL adults, there was no evidence of spontaneous generalized epileptiform
activity. Moreover, no spontaneous seizure-like behaviors have been observed following
routine handling of this mouse line. However, mutants demonstrated a significantly lower
threshold for the severe, maximal tonic hindlimb extension seizures, consistent with a
greater seizure predisposition (MWU p < 1x10-4) (Figure 2.2B).

Figure 2.2. Mutant mouse phenotypes.
(A) Weights obtained from WT and heterozygous mice during the neonatal/infantile period
(n=16 for each genotype). P-values were calculated via a permuted Mann-Whitney U test
(*** indicates p < 10-3; **** indicates p < 10-4). (B) Maximal seizure electroconvulsive
thresholding (ECT) endpoint. iRMS= root mean square current. (n = 25 WTs,16 HET). (C)
Quantity of pup calls over a 3 min time interval, N= 17 WT, 16 HET. (D-F) Pup call duration,
peak frequency (i.e. pitch), and peak amplitude. (n = 10 for each genotype at P5, n=11 for
each genotype at P9) (F) Representative WT and HET pup call spectrograph. PND=
postnatal day.

Hnrnpu+/113DEL pups exhibit reductions in ultrasonic vocalizations
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Given the presence of autism and autism-related phenotypes in patients with pathogenic
HNRNPU mutations and recent recognition of HNRNPU as a candidate autism gene
(Bramswig et al., 2017; Leduc et al., 2017; Lim et al., 2017; Yates et al., 2017), we
evaluated separation-induced ultrasonic vocalizations (USVs) in pups. USVs are
functionally important signals that elicit maternal retrieval and care. Various
abnormalities in pup vocalizations have been previously described in genetic mouse
models of autism (Scattoni, Crawley, & Ricceri, 2009; Wohr, 2014; Young, Schenk, Yang,
Jan, & Jan, 2010). Evaluation of WT USVs revealed the canonical inverted-U shape from
P3 to P11, characteristic of normal pups (Ferhat et al., 2016) (Figure 2.2C).
The number of WT calls increased steadily and peaked at P7 (Figure 2.2C).
Conversely, Hnrnpu+/113DEL pups showed a striking reduction in the number of calls,
particularly at P5 and P7 (MWU permuted p=7x103 and <1x10-4, respectively), with an
atypical trajectory characterized by a slow increase in the number of calls that peaked
around P9 (Figure 2.2C). Further analysis of USV acoustic properties of mutants at P5
and P9 revealed a shorter duration (MWU permuted p=2x10-3 and <1x10-4, respectively)
and overall higher frequency (MWU permuted p= 7x10-3 and 0.02, respectively)
compared to controls (Figure 2.2D-F). Furthermore, mutant vocalizations also trended
towards having an increased peak amplitude, although this observation was only
significant at P9 (MWU permuted p= 3x10-3) (Figure 2.2F). Overall, these data, combined
with growth and milestone studies, suggest that Hnrnpu+/113DEL pups have a global
developmental impairment.
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Single-cell RNA-sequencing of the cortex and hippocampus reveals ubiquitous
Hnrnpu expression.
We performed single-cell RNA-sequencing on neocortical and hippocampal cells
obtained from Hnrnpu+/113DEL and WT littermate P0 pups. For both brain regions, we
evaluated two pups of each genotype, including one of each sex. The neocortex and
hippocampus were dissected from different mice originating from separate litters. We
dissociated tissue from each brain region and loaded the resulting single cell
suspensions on the 10x Chromium system. In total, we sequenced 18,171 cortical cells
and 21,487 hippocampal cells.
Using Seurat (Butler, Hoffman, Smibert, Papalexi, & Satija, 2018; Stuart et al.,
2019), we harmonized expression data across wildtype and mutant cells before
performing unsupervised clustering. We then combined cell clusters into major cell
classes based on expression of well-established canonical marker genes (Bakken et al.,
2018; Tasic et al., 2016; Zeisel et al., 2018; Zeisel et al., 2015) (Figure 2.3B,E). In total,
we identified 13 distinct cell populations for each brain region (Figure 2.3A,D).
Overlapping cell populations included proliferative cells, radial glia, intermediate
progenitors, oligodendrocyte precursor cells, and inhibitory subpopulations, including
SST and VIP positive interneurons (Figure 2.3A,D).
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Figure 2.3. Single-cell RNA-sequencing of cortical and hippocampal cells.
(A) UMAP plot of mutant and wild type hippocampal cells, colored by cell type. Prolif:
proliferative cells; IP: intermediate progenitors; Cajal: Cajal-Retzius cells; OPC:
oligodendrocyte precursor cells; SST: SST+ interneurons; VIP: VIP+ interneurons. (B)
Expression of canonical cell type markers used for annotating each hippocampal cell
population. (C) Expression of Hnrnpu in each population of wild type hippocampal cells.
(D) UMAP representation of all cortical cells, colored by cell type. L2-4: upper layer (layers
2-4) pyramidal neurons; L5/6 deep layer (layers 5 and 6) pyramidal neurons. (E) Expression
of Hnrnpu in each population of wild type cortical cells.

In the cortex, we identified additional inhibitory neuron clusters, including LGEderived interneurons, interneuron progenitors, and spinal projection neurons (Figure
2.3D). We classified cortical pyramidal neurons into two major populations: Layers 2-4
and Layers 5/6. We classified hippocampal pyramidal neurons based on their
respective hippocampal subfield, including the dentate gyrus, CA1, CA2/3, subiculum,
and entorhinal cortex. Hnrnpu was expressed ubiquitously across all cortical and
hippocampal cell populations, though was slightly increased in proliferative cells (i.e.
neural stem cells) (Figure 2.3C,F).
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Cell type-specific differential gene expression analysis
We next performed differential gene expression to identify transcriptomic perturbations
in the Hnrnpu+/113DEL brain. To identify these dysregulated genes in a cell type-specific
manner, we compared gene expression profiles from mutant and wild type cells in each
population using a linear mixed model (methods) (Figure 2.4A,C). In the hippocampus,
we detected 955 differential expression events (FDR < .05 and expression change >
10%), composed of 679 unique differentially expressed genes (DEGs). In the cortex, we
detected 454 differential expression events, composed of 303 unique DEGs. Notably, in
the hippocampus there were substantially more downregulated differential expression
events (698 genes; 73%) than upregulated differential expression events (257; 27%).
This pattern was not as apparent in the cortex, in which 230 differential expression
events resulted in downregulation (51%) versus 224 resulting in upregulation (49%).
Effect sizes were generally modest. The average absolute log fold change was .24
among hippocampal DEGs and .25 among cortical DEGs.
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Figure 2.4. Cell type specific gene dysregulation in the hippocampus and cortex.

(A) Volcano plot representing differentially expressed genes in the hippocampus.
(B) Burden of differentially expressed genes in each hippocampal cell type based
on downsampled data. (C) Volcano plot representing differentially expressed
genes in the cortex. (D) Burden of differentially expressed genes in cortical cell
types based on downsampled data. (E, F) Gene ontology analysis of
downregulated genes in the hippocampus and cortex, respectively. (G)
Enrichment of developmental delay (DD), epilepsy, and autism (SFARI) genes
among nominally significant DEGs in hippocampal (upper panel) and cortical
(lower panel) cell types.

Gene ontology analyses
We next performed gene ontology (GO) analyses to determine whether DEGs were
enriched for certain biological pathways. Downregulated genes in both the hippocampus
and cortex were enriched for several ontologies relevant to the disease phenotype,
including neuron projection development, axon guidance, neuron migration, and
glutamatergic synaptic signaling (Figure 2.4E,F). These dysregulated pathways—
namely axon guidance and neuronal migration—are supported by the morphological
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phenotypes observed in the hippocampus and striatum (Figure 2.1G,H). Meanwhile,
upregulated genes were more strongly enriched for ontologies relevant to cellular
growth, differentiation, and protein translation and localization.

An increased burden of DEGs in excitatory cells in the mutant subiculum
We next tested whether certain cell types are more vulnerable to reduced expression of
Hnrnpu than others. First, we down sampled the data to compare the same number of
cells across all cell types (n=300 cells per cell type). We re-ran the differential gene
expression analysis on these down sampled data and found that excitatory neurons
derived from the subiculum showed the highest burden of DEGs across all cortical and
hippocampal cell types (Figure 2.4B,D). The next strongest burden was identified in
SST+ interneurons of the cortex. Interestingly, the cortical SST+ interneurons had more
DEGs than hippocampal SST+ interneurons.
Because patients with HNRNPU haploinsufficiency have autistic features,
developmental delay, and seizures, we tested for the enrichment of genes associated
with these conditions among each population of cells. Here, we relaxed the significance
threshold for DEGs to an FDR < 0.1 given the relatively small sizes of these gene sets
and weak expression at P0. Strikingly, we observed an overrepresentation of
developmental delay, epilepsy, and autism genes among the downregulated genes in
the subiculum-derived pyramidal cells (Figure 2.4G). No other cell type showed this
strong of an enrichment for all three disease gene sets. Nonetheless, we also observed
a weaker enrichment of developmental delay and epilepsy genes among downregulated
genes in SST+ cortical interneurons (Figure 2.4G). Altogether, these results point to the
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subiculum as a potentially vulnerable region that may play an important role in mediating
the pathophysiology underlying the HNRNPU-mediated neurodevelopmental syndrome.

Mef2c is the most strongly downregulated gene in the mutant subiculum
We observed that the most strongly downregulated gene in the subiculum was Mef2c,
which showed a roughly 50% decrease in expression (FDR = 8 x 10-37) (Figure 2.5A).
This effect size was greater than any other fold-change in both the cortex and
hippocampus.
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Figure 2.5. Dysregulation of Mef2c in the hippocampus and cortex.
(A, B) Expression of Mef2c in wildtype and mutant hippocampal and cortical cells. Black
lines represent median expression levels in each genotype. (C) Cumulative distribution
plot representing Hnrnpu binding sites per gene, derived from CLIP-seq data performed
on cardiac tissue. Dotted line represents the number of Hnrnpu binding sites in Mef2c. (D)
Same as (C), except that the number of binding sites is normalized by transcript length.
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Expression of Mef2c in the P0 hippocampus is primarily confined to both subiculumderived pyramidal neurons and SST-positive interneurons (Figure 2.5A). Its expression
is more widespread in the P0 cortex, including expression in upper and deep layer
pyramidal neurons, along with SST+ and VIP+ interneurons (Figure 2.5B). Interestingly,
despite this widespread expression, the only other cells in which Mef2c was significantly
downregulated were SST+ interneurons (FDR = 9 x 10-9; log2 fold-change = -0.36) (Figure
2.5A,B). This finding highlights the potential for cell type-specific effects upon the loss
of ubiquitously expressed protein. The reason for the increased sensitivity of Mef2c
expression specifically in the subiculum, however, remains unclear.
To assess whether Hnrnpu plays an important role in regulating the expression of
Mef2c, we assessed the number of hnRNP U binding sites for each gene expressed in
the brain. Using CLIP-sequencing data derived from mouse cardiac tissue, we found
that Mef2c carries more hnRNP U binding sites than 99% of the other genes assessed
(Figure 2.5C). This effect persisted when we normalized the number of binding sites by
gene length (Figure 2.5D).
Mef2c encodes a transcription factor important for synaptic development.
Interestingly, haploinsufficiency of MEF2C causes a neurodevelopmental syndrome with
clinical features that overlap those seen in patients with HNRNPU haploinsufficiency.
Shared features include intellectual disability, hypotonia, early-onset seizures, delayed
myelination,

speech

impairment,

hand

flapping,

cardiac

defects,

and

facial

dysmorphisms. Given the shared symptomatology of these disorders, one potential
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hypothesis is that downregulation of Mef2c may contribute to the disease mechanism
underlying the HNRNPU-mediated neurodevelopmental syndrome.

Transcriptomic reversal of the Hnrnpu+/113DEL disease expression signature
Because loss of Hnrnpu leads to the dysregulation of hundreds of genes, identifying
targeted therapeutics could provide especially challenging for the HNRNPU-mediated
neurodevelopmental

syndrome.

However,

transcriptomic

signature

reversal—a

paradigm well-developed in cancer—may provide one particularly promising avenue for
drug discovery for this disorder. This paradigm posits that if gene expression changes
underlie the pathophysiology of a particular disease, then correction of this
transcriptomic signature toward a normal state may have therapeutic potential.
Transcriptomic reversal requires the comparison of a disease gene expression signature
and the gene expression signatures of cells treated with small molecules. Small
molecules that elicit expression changes most anticorrelated with the disease signature
are prioritized for further validation. The Connectivity Map (CMAP) (Lamb et al., 2006;
Subramanian et al., 2017) provides publicly available expression signatures derived from
cancer cell lines treated with thousands of small molecules.
Transcriptomic reversal approaches that have leveraged the CMAP and other
resources have not only successfully identified targeted therapeutics in cancer (Alvarez
et al., 2018a; B. Chen et al., 2017; Mitrofanova et al., 2015), but for other diseases too,
including diabetes (Zhang, Luo, Xi, & Rogaeva, 2015), osteoporosis, and inflammatory
bowel disease (Dudley et al., 2011). However, this approach has not been successfully
applied to transcriptomically-mediated neurodevelopmental conditions. Given the
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pleiotropic, cell type-specific effects of Hnrnpu haploinsufficiency in the brain, it is
possible that applying this approach will require single-cell RNA-sequencing derived
signatures.
To determine the importance of cell type-specific effects, we compare
compounds predicted to reverse the subiculum gene expression signature versus
compounds predicted to reverse a “pseudo-bulk” hippocampal signature (methods). We
specifically focused on the downregulated genes in the disease signatures, as these
genes were enriched for biologically relevant pathways and disease genes. The CMAP
uses a “connectivity score” to assess each compound’s ability to reverse the query
signature (Subramanian et al., 2017). This score ranges from -100 to +100, with a score
of -100 indicating complete reversal.
For the subiculum derived signature, 128 compounds received a Connectivity
Score less than the CMAP’s recommended cutoff of -90 (Figure 2.6A). 98 compounds
received a score below this threshold for the pseudo-bulk derived signature (Figure
2.6B). Only 40 (31%) of these candidate compounds overlapped between the two
queries. Therefore, if gene dysregulation in the subiculum is the major contributor to the
pathophysiology underlying the HNRNPU haploinsufficiency syndrome, bulk RNAsequencing may not have captured the compounds most likely to target the relevant
disease mechanism (Figure 2.6C,D). Experimental validation is clearly required to verify
that these candidate compounds in fact reverse the transcriptomic signatures and
rescue the phenotype. Nonetheless, these results highlight the potential importance of
deriving cell type-specific disease expression signatures for transcriptomic signature
reversal approaches.
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Figure 2.6. Transcriptomic signature reversal for hippocampal disease signatures.
(A, B) Distribution of Connectivity Scores for the subiculum-derived and pseudo-bulk
derived disease expression signatures. (C,D) Top 20 compounds predicted to reverse the
subiculum and pseudo-bulk signatures.

2.4 Discussion
Identifying and modeling epileptic encephalopathy-causing mutations offers the exciting
opportunity to develop targeted therapeutics (EpiPM Consortium, 2015). While the
majority of these mutations tend to occur in genes that encode ion channels or synaptic
transmission proteins, a subset of epilepsy genes can be thought of as causing disease
through their effects on the transcriptome (Ellis et al., 2020; McTague et al., 2016). It is
difficult to elucidate the disease mechanisms for this subset of genes, as the encoded
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proteins regulate the expression of thousands of genes. Here, we use single-cell RNAsequencing to study a mouse model of one such gene—HNRNPU. This approach allows
for the interrogation of cell type-specific transcriptomic defects.
We first show that the Hnrnpu+/113DEL mouse model recapitulates several aspects
of the human HNRNPU haploinsufficiency syndrome, including a reduced seizure
threshold, reduced weight indicative of global developmental delay, and deficiencies in
vocalization. These mice thus represent a suitable model for studying the
pathophysiology of the disease.
We identified widespread transcriptomic deficits in both the hippocampus and
cortex of the mutant mice. Downregulated genes seemed to be especially enriched for
disease-relevant ontologies, including neuronal migration and axon guidance pathways.
These findings were supported by morphological defects in the mouse striatum and
CA1/CA3. Interestingly, we found that the greatest burden of gene expression
dysregulation occurred in pyramidal cells located in the subiculum. Downregulated
genes in these cells were also enriched for autism, developmental delay, and epilepsy
genes. It is unclear why haploinsufficiency of a ubiquitously expressed RNA-binding
protein leads to such varying levels of dysregulation in different cell populations. One
hypothesis is that each cell population expresses other regulators that have different
abilities to compensate for the loss of Hnrnpu.
The magnitude of expression changes in the mutant cells was generally modest.
A similar phenomenon has been observed in Rett Syndrome, both in post-mortem
human tissue and Mecp2 mouse models (Renthal et al., 2018). It is possible that disease
phenotypes emerge due to the aggregate effects of modest expression changes across
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hundreds of genes (Gabel et al., 2015; Renthal et al., 2018). Furthermore, because
hnRNP U plays a role in pre-mRNA processing (Ye et al., 2015), there may be splicing
defects in the brain that we were unable to detect due to the use of 3’-based single-cell
RNA-sequencing. Further studies should therefore interrogate cell type-specific splicing
defects.
Despite the relatively small effect sizes of most dysregulated genes, one gene,
Mef2c, showed a roughly 50% reduction in expression in pyramidal cells of the
subiculum. Given that heterozygous loss-of-function mutations in this gene cause a very
similar clinical phenotype (Rocha, Sampaio, Rocha, Fernandes, & Leao, 2016), it is
possible that downregulation of this gene plays an important role in the pathophysiology
of the HNRNPU haploinsufficiency syndrome. Excitingly, recent work has demonstrated
that a memantine derivative—NitroSynapsin—rescues behavioral and molecular deficits
in a mouse model of MEF2C haploinsufficiency (Tu et al., 2017). In future studies, this
compound should be tested for its efficacy in ameliorating the seizure threshold and
behavioral phenotypes observed in the Hnrnnpu model.
Finally, the widespread and cell type-specific transcriptomic defects present a
challenge with regard to pinpointing targeted therapeutics. However, transcriptomic
signature reversal may provide one route forward. This approach has been successful in
identifying compounds that ameliorate seizures in non-genetic models of epilepsy
(Srivastava et al., 2018). Through querying the Connectivity Map (Lamb et al., 2006;
Subramanian et al., 2017), we find numerous compounds that may reverse disease gene
expression signatures. We find that the prioritized compounds, however, are sensitive to
the use of cell type-specific versus bulk-derived expression signatures. Therefore,
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identifying the most vulnerable cell types for each transcriptomically-mediated epilepsy
gene

may

be

crucial

for

the

successful

application

of

this

approach

in

neurodevelopmental diseases.

2.5 Methods
Mouse husbandry
Hnrnpu+/113DEL mice were generated through The Jackson Laboratory’s Genome
Engineering Technology core using a CRISPR-Cas9 strategy targeting exon 1 of mouse
Hnrnpu. Of 15 founder mice that survived, 6 appeared most promising based on TIDE
analysis and were further evaluated using TOPO-TA cloning to validate the
corresponding mutant alleles. A founder containing an out-of-frame 113bp deletion was
further expanded and maintained on a C57BL/6NJ background. All experiments were
performed on the inbred background except for ECT studies, which were performed on
the F1 hybrid background C57BL/6NJ (005304 JAX stock) x FVB/NJ (001800 JAX stock).
Wildtype littermates were used as controls. All mice were maintained in ventilated cages
with controlled humidity at ~60%, 12h:12h light:dark cycles (lights on at 7:00AM, off
7:00PM) and controlled temperature of 22–23oC. Mice had access to regular chow and
water, ad libitum. Breeding cages were fed a high fat breeder chow. Mice were
maintained and all procedures were performed within the Columbia University Institute
of Comparative Medicine, which is fully accredited by the Association for Assessment
and Accreditation of Laboratory Animal Care. All protocols were approved by the
Columbia Institutional Animal Care and Use Committee.
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Genotyping
DNA was extracted from tail or ear clippings using the Kapa Mouse Genotyping Standard
kit (KAPA Biosystems) and stored at -20C. PCR was performed with 2x MyTaq HS Mix
(Bioline), using the following Hnrnpu primers: FWD= 5’-GTCCGTTCTGCAGCAGCACT3’, REV= 5’- TTACCTCCCGCCTGCTGTTG-3’. This amplifies a 745-bp product from the
WT allele and a 632-bp product from the mutant allele.

Primary neuronal culture
P0 pups were tail sampled, weighed and genotyped for the Hnrnpu 113bp deletion.
Mutant and wildtype pups were decapitated and cortex and hippocampus were
separately dissected in cold Hibernate A (Thermo Fisher). Tissue was diced into smaller
pieces and dissociated in a solution containing pre-warmed Hibernate A, papain and
DNase for 20 min at 37C. Dissociated tissue was then centrifuged at 300g for 5 min at
RT, resuspended in pre-warmed Hibernate A, and triturated to further dissociate.
Undissociated tissue was allowed to settle to the bottom of the tube, and the single cell
suspension was transferred to a new tube and centrifuged at 300g for 5 min at RT. The
cell pellet was resuspended in complete medium containing Neurobasal A (Thermo
Fisher), B27 Plus (Thermo Fisher), 1% FBS, Hepes, Glutamax and Penn/Strep. Cell
viability and counts were obtained using a trypan blue exclusion assay, then further
resuspended to the desired cell concentration using complete medium supplemented
with laminin (5ug/ml). Both cortical and hippocampal cells were plated on PDL-coated
12mm coverslips in a 24-well dish at a density of 200,000 cells. Complete medium was

42

changed the following morning to Neurobasal A, B27 Plus, Hepes, Glutamax and
Penn/Strep, and 50% medium changes were subsequently performed every other day.

Immunocytochemistry
On DIV9, mouse primary cortical and hippocampal cells were washed 2x with 1X PBS,
fixed for 15 min in 4% paraformaldehyde at room temperature, and again washed 2x
with 1X PBS. Cells were incubated in a staining solution comprised of 5% donkey serum,
1% BSA, 0.3% TritonX-100 in 1X PBS for 15 min at room temperature, then
subsequently incubated in the primary antibody diluted in the staining solution for 2 hrs
at room temperature. Cells were washed 4x with 1X PBS, 0.2% TritonX-100, incubated
with the fluorophore conjugated secondary antibody in staining solution for 30 min at
room temperature then washed 4x with 1X PBS, 0.2% TritonX-100. Coverslips were
mounted using ProLong-Antifade with DAPI on Superfrost Plus Microscope slides and
allowed to dry in the dark prior to imaging. Imaging was performed using the Zeiss Axio
Observer.Z1 Fluorescence Motorized Microscope and associated Zen2 Pro imaging
software. Downstream image processing was performed using Adobe Photoshop.
Primary antibodies used include: Mouse monoclonal anti-Map2 at 1:500 (Sigma M4403),
mouse monoclonal anti-GFAP at 1:500 (Abcam ab10062) and rabbit polyclonal antiHNRNPU at 1:500 (Abcam 20666). Secondary antibodies include: 488 and 568 Alexa
Fluorophore conjugated donkey anti-mouse and donkey anti-rabbit (Invitrogen),
respectively, at 1:1000 dilution.

Western blotting
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Dissected tissue was snap frozen in liquid nitrogen and stored at -80C until time of
extraction. Tissue was thawed on ice and homogenized using a motorized pestle in RIPA
buffer containing both protease and phosphatase inhibitor cocktails (Roche). Lysis was
completed for 15 minutes on ice. Samples were subsequently centrifuged at full speed
for 20 minutes at 4C. The resulting supernatant was collected and protein was quantified
using the BCA method (Pierce) with BSA as a standard.
All western blots were performed using the Novex NuPAGE system (Invitrogen).
Protein lysates were diluted in LDS sample buffer and reducing agent, and heated at
70C for 10 min. Using the Xcell SureLock Mini Cell gel box, a total of 5ug of reduced
protein lysates were loaded onto a 4-12% gradient Bis-Tris gel in 1X SDS Running buffer
(Invitrogen) supplemented with the NuPAGE antioxidant, and ran at 180V for 1-1.5 hrs.
Using the Xcell II Blot Module, proteins were subsequently transferred to a 0.2um
methanol-activated PVDF membrane at 30V for 1.25 hrs at 4C in Transfer buffer
containing 20% methanol. Membranes were blocked for 1 hr at room temperature in 5%
milk, then incubated overnight in the hnRNP U primary antibody at 1:1000 (Rabbit
polyclonal against C-terminus: Abcam ab20666; Rabbit monoclonal against N-terminus:
Abcam ab180952) diluted in 5% BSA. Blots were washed 3x for 10min in PBST,
incubated at room temperature for 1 hr in a secondary HRP-conjugated anti-rabbit (at
1:10,000) diluted in 5% BSA, then further washed 3x for 10 min in PBST. Proteins were
incubated for 5 min in a standard ECL substrate (Pierce) and developed with either a
Kodak X-OMAT 2000A Processor or iBright FL1000 Imaging system (Invitrogen). For a
loading control, blots were subsequently incubated in an HRP-conjugated b-Actin
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secondary at 1:1000 (Santa Cruz #sc-47778) diluted in 5% BSA for 1 hr at room temp,
then washed and developed as previously described.
Densitometry analysis was performed using the iBright FL1000 imager.
Specifically, the Local Background Corrected Density, LBCD, (background-corrected
volume/area) of each hnRNP U-probed sample was first normalized to the corresponding
LBCD of b-Actin to generate an hnRNP U/b-Actin ratio. WT and HET ratios were further
divided by the average WT hnRNP U/b-Actin ratio and plotted individually.

qRT-PCR
Tissue was collected and immediately stored in RNALater Stabilization Solution (Qiagen)
at 4C. After 24 hours, the RNALater was subsequently removed, and samples were
stored long term at -80C. For RNA extraction, tissue was first mechanically homogenized
using a motorized pestle in RLT buffer (Qiagen) supplemented with b-mercaptoethanol,
then further homogenized using a QIAshredder spin column (Qiagen). RNA was
extracted using the RNeasy Mini kit (Qiagen) per protocol instructions, and the resulting
RNA concentration and purity were assessed using a NanoDrop. A total of 2.5ug of RNA
was used for the reverse transcription reaction, which was performed using the
SuperScript IV First-Strand Synthesis System (ThermoFisher) with random hexamer
priming. Resulting cDNA was used as input into pre-validated TaqMan Gene Expression
Assays (ThermoFisher) and run with the TaqMan Fast Universal PCR MasterMix 2x
(Applied

Biosystems).

ThermoFisher:

The

mMef2c

following

TaqMan

Mm01340839_m1

probes

(spans

were
exons

purchased
3-4),

from

mHnrnpu

Mm00469329_m1 (spans exons 1-2) and mCyc1 Mm00470540_m1 (spans exons 1-2).
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A total of six biological replicates were evaluated. TaqMan assays were run on a
QuantStudio 5 Real-Time PCR System (Applied Biosystems) using the comparative Ct
method.
Analysis was performed using QuantStudio Design and Analysis Software v1.2
and Microsoft Excel. To analyze for gene expression differences, raw Ct values were first
averaged across technical triplicates for each sample. A technical replicate was filtered
out if its Ct value was one standard deviation above or below that of the mean of the
triplicates. Samples required at least technical duplicates to be considered in the
analysis. Delta Ct was calculated with the corresponding Ct value for the Cyc1 loading
control using the following formula (experimental Ct mean)/(Cyc1 Ct mean). Resulting
delta Ct values were transformed into relative expression values using the formula 2^(deltaCt). Each sample was subsequently normalized to the overall average WT relative
expression value and these normalized values were independently plotted.

Morphological studies
P0 brains were extracted and fixed in Bouin’s solution overnight at room temperature.
Fixed brains were embedded in paraffin with service provided by Columbia University’s
Molecular Pathology Core Facility. Coronal sections in 5 μm thickness were obtained
using a microtome (Leica RM2125RT) and subjected to hematoxylin-eosin staining.
Briefly, the slices were deparaffinized in xylene and rehydrated with ethanol and water.
Slices were then stained in hematoxylin, counterstained with eosin and subsequently
dehydrated with ethanol and xylene. Stained slices were mounted with coverslips using
Permount. Images were obtained using a Nikon Eclipse E800 Microscope packaged with
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NIS-Elements DV.4.51.00 imaging software and merged using Adobe Photoshop.
Morphology analysis was performed blinded. Brain measurements were collected using
ImageJ. The measurements were normalized to pup body weight. T-test was performed
on each set of measurements to evaluate for significant genotype differences.

Pup ultrasonic vocalizations (USVs)
USVs were assessed on P3, P5, P7 and P9. Each pup was gently removed from the nest
and placed in a small, plastic container containing a 0.5cm layer of fresh bedding. The
cage lid was immediately returned to avoid irritating the dam and remaining pups in the
nest. The container holding the pup was placed immediately into a sound-attenuating
environmental chamber (Med Associates, St. Albans, VT, USA). After a 3-min recording,
each pup was marked and returned to the nest. Ultrasonic vocalizations were recorded
with an Ultrasound Microphone (Avisoft UltraSoundGate condenser microphone capsule
CM16, Avisoft Bioacoustics, Berlin, Germany) sensitive to frequencies of 10-180 kHz
and using the Avisoft Recorder (Version 4.2) software. Sampling rate was 250 kHz,
format 16 bit. Ultrasonic vocalizations were analyzed using Avisoft SASLab Pro software
(Avisoft Bioacoustics). Spectrograms were generated for each 1-min audio file, with a
FFT-length of 512 points and a time window overlap of 75% (100% Frame, Hamming
window). The spectrogram was generated at a frequency resolution of 488 Hz and a time
resolution of 1 ms. A lower cut-off frequency of 15 kHz was used to reduce background
noise outside the relevant frequency band to 0 dB. Calls were inspected visually and
manually labelled. Summary statistics were generated by Avisoft SASLab Pro and
analyzed using Prism. Only animals that emitted calls were included in the quantification
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analysis. All calls emitted over the 3 min recordings were quantified. For the qualitative
analysis, one 1-min file (out of three 1-min files) that included the most USVs were
analyzed for each mouse. Mean and SEM were plotted, and two-way ANOVA was
performed across tested days to assess genotype differences.

Electroencephalography (EEG)
Video EEGs were performed on 6-8-week adult mice. Mice were anesthetized with
tribromoethanol (250 mg/kg delivered via intraperitoneal injection, Sigma Aldrich cat#
T48402), and three small burr holes were drilled through the skull 2mm lateral to the
midline (1mm rostral to the bregma on both sides and 2mm caudal to the bregma on the
left). One hole was also drilled over the cerebellum as a reference. Four Teflon-coated
silver wires soldered onto pins of a microconnector (Mouser electronics cat# 575501101) were placed in between the dura and brain. A dental cap was applied on top.
Each mouse was provided the post- operative analgesic Carprofen (5mg/kg
subcutaneous Rimadyl) and allowed a recovery period of at least 48 hours prior to
recording. For EEG recordings, mice were connected to commutators (PlasticOne) with
flexible cables to allow free movement within the cage. Signal was obtained on either a
Grael II EEG amplifier (Compumedics) or Natus Quantum amplifier (Natus Neuro). Data
was analyzed with either Profusion 5 (Compumedics) or NeuroWorks (Natus Neuro).
Differential amplification recordings were recorded pairwise between all three electrodes
and the reference, resulting in 6 total channels for each subject. Mouse behavior was
captured throughout the recording period through video using a Sony IPELA EP550
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camera with infrared light for dark recordings. Each mouse was recorded for 24-48 hours
continuously.

Electroconvulsive threshold (ECT) studies
All tests were performed on 6- to 8-week-old mice. Transcorneal electrodes were used
to deliver a predefined stimulus with the Ugo Basile Model 7801 electroconvulsive
device. High frequency (HF) electroshock was performed with the following fixed
settings: 1.6ms pulse width, 0.2s shock duration and 299Hz pulse frequency with
variable settings of 4-12mA amplitude. The individual threshold for each mouse was
determined by testing in 0.5mA intervals on sequential days until the threshold was
reached. The behavioral endpoint evaluated was a maximal tonic hindlimb extension
seizure, which often start with tonic extension of the forelimbs that evolves into full tonic
hindlimb extension. The overall stimulus is calculated as the iRMS (integrated root mean
square, or the integrated area under the curve) using the following equation: sq. root
frequency (Hz) x pulse width (ms) x duration (s) x amplitude (mA).

Single-cell RNA-sequencing and data integration
Neocortical and hippocampal tissue was dissected from postnatal day 0 pups and
subjected to a papain dissociation. Following papain dissociation and tissue trituration,
all neocortical and hippocampal samples were filtered through a 40um cell strainer to
enrich for single cells in the resulting suspension. Cell viability was subsequently
assessed, with a cutoff of 70% or greater to be used for sequencing. Single cell RNAseq libraries were constructed using the 10X Chromium Single Cell 3′ Reagent Kits v2
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according to manufacturer descriptions, and samples were sequenced on a NovaSeq
6000. Reads were aligned to the mm10 genome using the 10X CellRanger pipeline with
default parameters to generate the feature-barcode matrix.
We used Seurat v3 to perform downstream QC and analyses on feature-barcode
matrices (Butler et al., 2018; Stuart et al., 2019). We removed all genes that were not
detected in at least 4 cells. We further removed cells with fewer than 1,000 genes or
more than 5,000 genes detected. For cortical cells, we removed all cells with greater
than 8% of reads mapping to mitochondrial genes. For hippocampal cells, we removed
all cells with greater than 15% of reads mapping to mitochondrial genes. The filtered
matrices were log-normalized and scaled to 10,000 transcripts per cell. We used the
variance-stabilizing transformation implemented in the FindVariableFeatures function in
order to identify the top 2,000 most variable genes per sample. We used Seurat’s data
integration method to harmonize gene expression across datasets prior to clustering.
We

first

identified

anchors

between

samples

in

each

dataset

using

the

FindIntegrationAnchors function, which uses canonical correlation analysis (CCA) to
identify pairwise cell correspondences between samples. We then computed an
integrated expression matrix using these anchors as input to the IntegrateData function.
Next, we used linear regression to regress out the number of UMIs per cell and
percentage of mitochondrial reads using the ScaleData function on the integrated
expression matrices. We then performed dimensionality reduction using PCA. For each
dataset, we selected the top 30 dimensions to compute a cellular distance matrix, which
was used to generate a K-nearest neighbor graph. The KNN was used as input to the
Louvain Clustering algorithm implemented in the FindClusters function. For clustering
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via Louvain, we chose a resolution parameter of 0.8. We visualized the cells using UMAP
via the RunUMAP function.
To annotate and merge clusters, we performed differential gene expression
analysis on the integrated expression values between each cluster using the default
parameters in the FindMarkers function, which implements a Wilcoxon test and corrects
p-values via Bonferroni correction. Additionally, we visualized the expression of
canonical marker genes aggregated from previous single-cell publications (Bakken et
al., 2018; Tasic et al., 2016; Zeisel et al., 2018; Zeisel et al., 2015).

Differential gene expression analysis
We performed cell type-specific differential gene expression analysis using MAST (Finak
et al., 2015), as implemented in Seurat’s FindMarkers function, in order to identify genes
dysregulated between mutant and wildtype cells. We excluded all non-coding genes,
genes encoding ribosomal proteins, and pseudogenes from our analysis to reduce the
multiple testing burden. For each cell type, we fit a linear mixed model that included the
gene detection rate (ngeneson) and gender as latent variables:
zlm(~ngeneson + gender)
We corrected the p-values using the Benjamini-Hochberg FDR method. We
considered genes with a log2(fold change) value of at least 0.14 (10% difference) and
FDR < 0.05 as differentially expressed. We performed gene ontology analysis using
g:Profiler(Raudvere et al., 2019), using all tested genes per cell type as a background
set. P-values were generated using Fisher’s Exact Test and corrected via FDR.
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For the burden analysis, we down sampled the data to include 300 cells per
population. To increase power, we pooled cells from male and female samples. We ran
the differential expression analysis as described above, removing gender as a latent
variable.
For disease gene enrichment analyses, human homologs for all tested mouse
genes were obtained using biomaRt. Significant and nonsignificant mouse genes were
annotated based on the respective human homolog disease gene status. Genes without
human homologs were not used in the analysis. The epilepsy-associated gene list was
based on a prior publication (Epi25 Collaborative. Electronic address & Epi, 2019).
Autism genes were based on SFARI genes with gene scores 1, 2, 3 and S on SFARI.org
(Abrahams et al., 2013). Confirmed monoallelic developmental delay genes (obtained in
2019) were obtained from the Deciphering Developmental Disorders study (Deciphering
Developmental Disorders, 2015). A Fisher’s exact test was performed on significant
downregulated and upregulated DEGs compared to all non-significant DEGs.

Transcriptomic reversal
We queried the Connectivity Map (clue.io) to identify compounds most likely to reverse
disease expression signatures (Lamb et al., 2006; Subramanian et al., 2017). Our disease
expression signatures included the top 150 downregulated genes per query. We
compared the compounds predicted to reverse the expression profile derived from
excitatory cells in the subiculum as well as the expression profile that would have been
recovered via bulk RNA-sequencing. To generate this second signature (i.e. the pseudobulk signature), we performed differential gene expression between mutant and wild type
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cells using MAST without factoring in cell types. We considered compounds that
achieved a Connectivity Score of less than -90 as most likely to reverse the disease
signatures.
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Supplemental figures

Supplemental Figure 1. (A) Hnrnpu RNA In Situ hybridization of 56-day-old male mouse. Image
credit: Allen Institute (Lein et al. 2007), https://mouse.brain-map.org/gene/show/31290 (B)
hnRNP U total protein levels in neocortex versus hippocampus. Beta-actin shown as loading
control. (C) hnRNP U (red) co-staining with nuclear marker Dapi and cell markers (green) Map2
(neuronal), Gad67 (inhibitory), Ctip2 (deeper layer pyramidal neurons), Satb2 (upper layer
pyramidal neurons) and Gfap (astrocytes). Scale bar= 50μm (20X images).
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Supplemental Figure 2. (A) Hnrnpu RNA In Situ hybridization of 56-day-old male mouse. Image
credit: Allen Institute (Lein et al. 2007), https://mouse.brain-map.org/gene/show/31290 (B)
hnRNP U total protein levels in neocortex versus hippocampus. Beta-actin shown as loading
control. (C) hnRNP U (red) co-staining with nuclear marker Dapi and cell markers (green) Map2
(neuronal), Gad67 (inhibitory), Ctip2 (deeper layer pyramidal neurons), Satb2 (upper layer
pyramidal neurons) and Gfap (astrocytes). Scale bar= 50μm (20X images).
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Chapter 3: Single-cell RNA-sequencing reveals common
molecular etiologies among different genetic forms of
periventricular nodular heterotopia
This chapter is currently under review for publication.4 The organoids used in this study
were generated by Saera Song and Gabriela De Almeida Sampaio.
3.1 Summary
During human cortical development, neurons arise from the ventricular zone and migrate
to their final destination in one of the six layers of the cortex. In periventricular nodular
heterotopia (PVNH), many neurons fail to properly migrate and instead persist as
heterotopic nodules along the lateral ventricles (Romero, Bahi-Buisson, & Francis, 2018).
Patients typically present with epilepsy and, less commonly, intellectual disability.
Studying PVNH has been challenging, partly because heterotopias and altered neuronal
migration phenotypes have only rarely been observed in corresponding genetic mouse
models (Badouel et al., 2015; Feng et al., 2006; Kielar et al., 2014). Here, we generate
single-cell RNA-sequence data from cortical organoids carrying pathogenic mutations
in two cytoskeletal genes known to cause PVNH: MAP1B (Heinzen et al., 2018) and
FLNA (Fox et al., 1998). We compare these data with transcriptomic signatures
previously reported in organoid models of two other PVNH genes—DCSH1 and FAT4–
which encode a cadherin receptor ligand pair (Klaus et al., 2019). We identify several
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unifying molecular features amongst these models, including altered differentiation
trajectories, patterning defects, and dysregulation of genes involved in cortical layering.

3.2 Introduction
Despite the prevalence and societal burden of cortical malformations, our understanding
of the pathogenesis of these diseases remains limited (Barkovich, Dobyns, & Guerrini,
2015). This knowledge gap exists in part because available animal models do not fully
capture the unique features of human brain development (Di Lullo & Kriegstein, 2017).
Excitingly, advances in human brain organoids have enabled us to better study cortical
malformations, including PVNH (Klaus et al., 2019; O'Neill, Kyrousi, Einsiedler, et al.,
2018; O'Neill, Kyrousi, Klaus, et al., 2018). Recent morphological and single-cell RNAsequencing characterizations illustrated that organoids derived from patients carrying
pathogenic mutations in DCHS1 and FAT4 exhibited multiple defects consistent with
PVNH, including aberrant neural progenitor cell morphology, altered neuronal migratory
dynamics, and a perturbed differentiation trajectory in a subset of neurons(Klaus et al.,
2019). Given the variability of organoid development, however, it is important for
phenotypes to be replicated across models, differentiation protocols, and laboratories
to both support the relevance of these features and to determine the underlying
molecular commonalities of the organoid models (Di Lullo & Kriegstein, 2017).
In this study, we generated cortical organoids carrying pathogenic mutations in
two other PVNH-associated genes: MAP1B (Heinzen et al., 2018) and FLNA (Fox et al.,
1998). We performed single-cell RNA-sequencing on roughly 16,000 wildtype (isogenic
control) and mutant cells, representing the highest resolution PVNH single-cell
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phenotyping study to date. By comparing this dataset with the previously published
single-cell data derived from the DCHS1 and FAT4 organoid models, we identify unifying
molecular etiologies of PVNH. Critically, we employed a different organoid differentiation
protocol from the one used for generating the DCHS1 and FAT4 models
(Supplementary Table 1), allowing us to identify convergent features uniting the PVNH
models that are robust to both differentiation protocols and the underlying genetic
cause.
Whereas DCHS1 and FAT4 encode adhesion-related molecules, MAP1B and
FLNA encode cytoskeletal proteins. MAP1B is a microtubule-associated protein that
regulates neurogenesis, axon formation, and neuronal migration through its effects on
microtubule stability and assembly (Bouquet et al., 2004; Del Rio et al., 2004; GonzalezBillault, Avila, & Caceres, 2001; Gonzalez-Billault et al., 2005). Filamin A (encoded for by
FLNA) is an actin crosslinking protein that also regulates cytoskeletal dynamics during
neuronal migration (Baldassarre et al., 2009; Fox et al., 1998).
`We used CRISPR-Cas9 genome editing to introduce previously reported pathogenic
mutations in MAP1B and FLNA in a female isogenic control iPSC line (Supplementary
Figure 1a-d). For the MAP1B line, we introduced a heterozygous stop-gain mutation
(p.R303X) that we previously reported in an individual with focal seizures, bilateral
PVNH, and early language and reading delays(Heinzen et al., 2018). In the FLNA line,
we edited in a heterozygous stop-gain mutation (p.Q182X) observed in patients with
PVNH and extra-CNS vascular phenotypes (Fox et al., 1998). We included two MAP1B
mutant clones with the same genotype and one mutant FLNA clone in all downstream
analyses.
58

3.3 Results

Figure 3.1. Single-cell RNA-sequencing of wildtype and mutant organoids.
a. Schematic representing the design of our single-cell RNA-sequencing experiment.
Eight organoids were pooled per genotype. b. UMAP plot of all 13350 cells, colored by
annotated cell type. IP: intermediate progenitor; NPC: neural progenitor cell; excit. neuron:
excitatory neuron. c. Same as (b), separated by genotype. d. Heatmap representing the
scaled expression of canonical markers for each celltype. e. Expression of canonical
markers per cluster.

We generated three-dimensional cortical organoids using an established protocol
that guides neocortical differentiation of iPSCs using combined dual SMAD and Wnt
inhibition (Xiang et al., 2017). We pooled cells from eight different organoids per
genotype on day 53 and loaded them on the 10x Chromium system (16,081 cells total)
for single-cell RNA-sequencing (Figure 3.1a). Using Seurat (Butler et al., 2018; Stuart et
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al., 2019), we harmonized expression data across wildtype and mutant cells before
performing unsupervised clustering. We then combined cell clusters into the following
major cell classes based on expression of well-established canonical marker genes
(Nowakowski et al., 2017; Pollen et al., 2019): mitotic (TOP2A), neural progenitor cells
(VIM, HES5), intermediate progenitors (EOMES), maturing excitatory neurons
(NEUROD6), excitatory neurons (SLC17A6), and interneurons (GAD2) (Figure 3.1b, c).
As expected, in WT organoids, MAP1B and FLNA were expressed ubiquitously
(Supplemental Figure 2a,b), with FLNA showing the highest expression in choroid-like
cells (Supplemental Figure 2b). We identified one cluster of cells that expressed
neuronal markers (e.g. STMN2, SLC17A6) that was present in mutant organoids but
nearly absent in WT organoids (Figure 3.1c-e). We labeled these cells as “altered
neurons.”
Strikingly, altered neurons constituted 20-25% of the neural cells in MAP1B and
FLNA mutant organoids versus 3% of wildtype cells (Figure 3.2a). We performed
differential gene expression analyses to compare the transcriptomic signature of altered
neurons versus normal excitatory neurons (Figure 3.2b,c). Upregulated genes were
enriched for several functional classes related to the functions of MAP1B and FLNA,
including cellular migration, actin cytoskeletal organization, and axon guidance (Figure
3.2d). Although these abnormal cells expressed markers of neuronal differentiation
(STMN2, TUBB3), they also expressed markers otherwise largely restricted to neural
progenitor cells (NPCs) such as SOX2, HES6, and GNG5 (Figure 3.2c), suggesting these
neurons have differentiated prematurely.
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In support of this hypothesis, the relative proportion of NPCs to neurons was also
decreased in both mutant organoids (Figure 3.2a). Furthermore, lineage reconstruction
via Slingshot (Street et al., 2018) revealed that the altered neuron population bifurcates
from the normal excitatory neuron trajectory at an early NPC stage (Figure 3.2e).
Pseudotime analysis indeed revealed persistent expression of NPC markers (e.g. HES6)
in the altered trajectory compared to the normal trajectory (Figure 3.2f).
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Figure 3.2. Single-cell RNA-seq reveals an altered population of neurons in mutant
organoids.
a. Relative proportion of neural cell types in mutant and wildtype organoids. b. Volcano
plot depicting differentially expressed genes (red; FDR < .01) in altered neuronal cells. c.
Expression of early progenitor markers and neuronal markers in neural progenitor cells,
normal neurons, and altered neurons. d. Gene ontology (GO) enrichment of upregulated
genes in altered neuronal cells. e. Slingshot lineage reconstruction of all cells in principal
component space. Altered neuronal cells bifurcate from the normal trajectory during the
NPC stage. f. Expression of selected markers across pseudotime inferred from Slingshot.
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Interestingly, some of the most strongly downregulated genes in altered neurons
included cortical forebrain markers, such as LHX1 (Loo et al., 2019) and EMX2 (Xiang et
al., 2017) (Figure 3.2b,c,f). In contrast, the most strongly upregulated gene in this
population was TCF7L2, a broad marker of thalamic excitatory neurons(Nagalski et al.,
2016; Y. F. Xiang et al., 2019) (Figure 3.2b,e). In addition, mutant organoids had an
increased proportion of inhibitory neurons (Figure 3.2a). Altogether, these results
suggest an underlying patterning defect in the MAP1B and FLNA mutant organoids,
likely secondary to aberrant differentiation.
Altered neuronal differentiation trajectories and precocious differentiation were
also observed in the DCHS1 and FAT4 organoid models of PVNH(Klaus et al., 2019).
Using previously published single-cell RNA-sequencing data from these organoids, we
performed the same integrative clustering approach we employed for the MAP1B and
FLNA data. Because the DCHS1 and FAT4 data were generated using substantially
fewer cells (805 total), clustering resolution was limited. We nonetheless identified three
major clusters of cells: NPCs (VIM+), neurons (STMN2+), and altered neurons (Figure
3.3a,b). We annotated the altered neuronal population based on the expression of
ROBO3, which was previously reported as a marker of the altered trajectory in these
PVNH organoid models (Klaus et al., 2019).
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Figure 3.3. Characterization of altered neurons in DCHS1 and FAT4 mutant organoids.

a. UMAP representation of cell clusters from 805 total cells. b. Expression of
marker genes used to annotate clusters (VIM and HES6: NPC; STMN2: Neuron;
ROBO3: altered neuron). c. GO analysis of upregulated genes in altered neurons
versus normal neurons. d. Depiction of TCF7L2 and GAD2 expression in each
organoid sample overlaid on the UMAP plot.

We next tested whether these organoids exhibited similar molecular indication of
patterning defects as seen in the MAP1B and FLNA organoids. Interestingly, whereas
TCF7L2 was limited to NPCs in control and DCHS1 mutant organoids, it remained highly
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expressed in both normal and altered neurons in the FAT4 mutant organoids (Figure
3.3d,e). Several neurons in both the mutant DCHS1 and FAT4 organoids also expressed
the inhibitory marker GAD2, which was not expressed in the control organoids (Figure
3.3d,f). Despite the different functional roles of MAP1B, FLNA, DCHS1, and FAT4, these
results collectively suggest that PVNH-causing mutations in these genes cause similar
differentiation abnormalities.
Prior work has emphasized the role of NPCs in the molecular mechanism of PVNH
(Klaus et al., 2019; O'Neill, Kyrousi, Klaus, et al., 2018). Therefore, we next compared
gene expression between wildtype and mutant NPCs to identify expression changes that
might lead to the observed perturbations in differentiation (Figure 3.4a). There was
considerable overlap between genes dysregulated in the MAP1B and FLNA NPCs (78%)
and between DCHS1 and FAT4 NPCs (49%). Furthermore, 26% of the genes
dysregulated in the DCHS1 and FAT4 NPCs were also dysregulated in the MAP1B and
FLNA organoids. We note, however, that due to differences in the number of sequenced
cells and sequencing platform used, this comparison is imperfect. Downregulated genes
across all four organoids were enriched for translation and extracellular matrix
organization pathways (Figure 3.4a). Similar to the altered neuronal population, cortical
forebrain markers such as EMX2 were also downregulated (Figure 3.4b,c). More
interestingly, upregulated genes were enriched for neurogenesis and patterning
pathways (Figure 3.4a). Some of these genes included WNT7A and ZIC1 (Figure 3.4b),
which are important mediators of cortical regionalization (Inoue, Ota, Ogawa, Mikoshiba,
& Aruga, 2007; Shariatmadari et al., 2005). We propose that the upregulation of these
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genes in NPCs leads to precocious differentiation and the abnormal identities observed
in the altered neuronal population.

Figure 3.4. Dysregulated genes in mutant NPCs and neurons.
a. Volcano plot depicting differentially expressed genes in mutant neural progenitor cells,
colored by genotype. GO enrichment results are presented for ontologies dysregulated
across all four mutants. b, c. Violin plots depicting the expression of selected genes in
wildtype and mutant NPC clusters. d. Volcano plot depicting differentially expressed
genes in mutant excitatory neurons. GO enrichment results are presented for ontologies
dysregulated across all four mutants. e, f. Violin plots depicting the expression of selected
genes in wildtype and mutant neurons.
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Finally, we performed differential gene expression analysis between the putatively
normal mutant and wildtype excitatory neuron clusters (Figure 3.4d). Upregulated genes
were enriched for gene expression regulation (Figure 3.4d). However, downregulated
genes across all four models were enriched for neuronal migration and axonogenesis
ontologies (Figure 3.4d). Interestingly, two of the downregulated genes included TBR1
and TCF4 (Figure 3.4e,f), which are involved in cortical lamination and have been
previously implicated in other malformations of cortical development (Amiel et al., 2007;
Vegas et al., 2018; Zweier et al., 2008). It is unclear why these pathways are
downregulated in normal neurons but upregulated in the altered neuronal population.
We hypothesize that altered migration dynamics lead to dysregulation of the signaling
axes involved in these guidance and differentiation programs.

3.3 Discussion
In this work, we identified unifying single-cell molecular phenotypes among four genetic
forms of PVNH. Of particular importance, these unifying molecular features are observed
across genetically distinct causes of PVNH studied with organoid models generated
using distinct differentiation protocols. This commonality observed across both genetic
forms and differentiation protocols increases the confidence that these unifying features
reflect pathophysiological features of PVNH as opposed to model or differentiation
protocol artifacts.
The most striking unifying feature amongst these PVNH models is an aberrant
differentiation trajectory, characterized by patterning deficits and precocious
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differentiation. This trajectory, which leads to the development of an altered population
of neurons, provides a phenotypic endpoint for screening of precision therapeutics. For
example, one avenue for drug discovery could include screening for compounds that
normalize transcriptomic deficits in NPCs that precede the emergence of the altered
neuronal population. Alternatively, the availability of multiplexed scRNA-seq methods
(Gaublomme et al., 2019; Srivatsan et al., 2020; Stoeckius et al., 2018) could allow for
medium-throughput screening of compounds to identify those that reduce the
proportion of altered neurons in the organoids.
One limitation of our work is that organoids are inherently reductionistic. Recent
work has highlighted the aberrant activation of stress pathways in these systems(Bhaduri
et al., 2020), which could theoretically modulate disease-relevant phenotypes. Though
challenging due to the rarity of this condition, performing scRNA-seq or single-nucleus
RNA-seq on patient tissue should be a priority in future studies to determine whether the
altered population of cells is present in PVNH nodules. Furthermore, future work should
focus on the morphological characterization of these cells in organoids. In particular, the
examination of the electrophysiological properties and potential migratory deficits of
these cells may further elucidate the pathophysiology underlying PVNH.

3.4 Methods
Generation and maintenance of hiPSCs
This study was performed according to approved IRB guidelines, with a donor’s’
consent, and approved under the Columbia University. Dermal biopsies were collected
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from a healthy female donor (Subject 1F1-5). Dermal fibroblasts and hiPSCs were
generated as previously described (Boland et al., 2017) with slight modifications.
Fibroblasts were reprogrammed by non-integrative Sendai viral delivery of POU5F1,
SOX2, KLF4, and c-MYC using CytoTune-iPS 2.0, (Thermo Fisher). Cells were
transduced with viral particles and maintained in fibroblast medium (DMEM, 10% FBS,
1X GlutaMax, 1X non-essential amino acids). One week post-transduction, cells
(1,000/cm2) were plated on a feeder layer of mitotically-inactivated mouse embryonic
fibroblasts and the following day medium was switched to DMEM/F12, 20% Knockout
Serum Replacement (Thermo Fisher), 1X Glutamax, 1X non-essential amino acids,
0.1mM β-mercaptoethanol, and 25ng/ml bFGF. After 3 weeks, colonies exhibiting
characteristic hiPSC morphology were manually picked and expanded on Geltrex LDEVFree (Thermo Fisher) coated plates (1:200 dilution of stock) in TeSR-E8 medium (Stem
Cell Technologies) at 37ºC, 5% CO2 and ambient oxygen levels. Pluripotency was
verified via staining for the following pluripotency markers: TRA1-81, Nanog, OCT3/4,
and SOX2 (Supplemental Figure 3; antibodies listed in Supplementary Table 2). All of
the lines were regularly tested for mycoplasma.

Immunocytochemistry and imaging
Immunocytochemistry for monolayer cultures were performed following fixation of cells
in 4 % vol/vol) paraformaldehyde for 15 min at RT, blocked with 5 % normal donkey
serum, 5 % bovine serum albumin, 0.3 % Triton X-100 in PBS, and incubated with
primary antibody overnight (Supplementary Table 2). The next day, sections were
washed with PBS and incubated with secondary antibody conjugated with Alexa
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fluorophores (Thermoscientific) for 1 hr at room temperature. Mounting solution with
DAPI was placed on top of cells until imaging (ProLong® Diamond Antifade Mountant
with DAPI, Thermo). Images were acquired with a Zeiss microscope (5x) and processed
with ImageJ (NIH, USA).

CRISPR genome editing for generation of patient-specific hiPSCs lines
gRNA and donor template design. Guide-RNAs (gRNAs) were designed using
Chopchop(Montague, Cruz, Gagnon, Church, & Valen, 2014) and iSTOP(Billon et al.,
2017) software. gRNAs were designed for the c. 907C>T (p. R303X) mutation in MAP1B
on chromosome 5 and c. 544C>T (p. Q182X) mutation in FLNA on chromosome X. The
following gRNA was used for editing the MAP1B line on the minus strand: 5’AGTCCACTCGGTCTAAGTGTCGG - 3’. The following gRNA fsequence was used for
editing the FLNA on the minus strand: 5’- CTGCCAGTCCCGGCTGAAGTTGG - 3’. The
donor template was a single stranded 200-bp oligonucleotide (ssODN):
(AGGGAGGGGCGATTCTGCCTTGTTTGCAGTGAATGGTTTCAATATGCTCATCAATGG
CGGATCAGAGAGAAAATCCTGCTTCTGGAAGCTCATACGACACTTAGACTGAGTGGA
CTCCATCCTGCTCACCCACATTGGGGATGACAATTTGCCTGGAATAAACAGCATGTTA
CAGCGGAAAATTGCAGAGCTCGAGGAAG) for the MAP1B c. 907C>T (p.R303X)
mutation, and a 201-bp oligonucleotide:
(CCCCAGCCCAGTCTCTCCTGCCTCTGCGCCCCCTCACCCGGGGCACAGCTGTCCA
CCAGGGCGCCCAGGGCCCGGCCGCTCTGCCAGTCCCGGCTGAAGTTAGTGATGGG
CAGCTACGGCAGCTTGTTCTGGATCCAGCCCAGGAGCCTCTGCTTGGGGGTCTGCT
TCTTGGCCTCCTCATCCTCCTCCTCGTCCCACATG) for the FLNA c. 544C>T (p.
69

Q182X) mutation, respectively. These sequences contain the mutated DNA sequence
and a silent blocking mutation in the protospacer adjacent motif (PAM) sequence near
the 5′-end of gRNA.

hiPSC gene-editing using CRISPR-Cas9.
gRNA oligonucleotides were cloned into the gRNA cloning vector, a gift from George
Church (Addgene plasmid #41824), following the protocol as described before(Mali et
al., 2013). 2 million cells of isogenic control hiPSCs were electroporated with 7.5 ug
gRNA, 2.5 ug Cas9-mCherry plasmid, and 20 ug ssODN donor template using the CB150 program of the Nucleofector 2b Device (Lonza) for the MAP1B and FLNA variants,
respectively. Twenty-four hours post nucleofection, mCherry+ cells were selected by
FACS and grown as a serial dilution of cells under feeder-free conditions. Seven to ten
days after FACS, colonies were picked and further grown on 96-well plates. Clones were
genotyped using BspCN1 restriction enzyme digestion and further confirmed with
Sanger sequencing on PCR amplicons for MAP1B c.907C>T: p.R303X (NM_005909.3).
For FLNA c.544C>T: p.Q182X (NM_001110556.1), genotyping was performed by Sanger
sequencing (Supplemental figure 1b,c). See Supplementary Table 3 for primers used.
Karyotyping was performed on twenty G-banded metaphase cells per clone at 400-500
band resolution using Promega’s PowerPlex 16 System kit (WiCell) (Supplemental
figure 1d).

Generation of cortical organoid (CO) from hiPSCs
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Cortical organoids were generated as previously described(Xiang et al., 2017).
Undifferentiated hiPSCs were dissociated to single cells with Accutase and 9,000 cells
were plated into each well of a U-bottom ultra-low-attachment 96-well plate in neural
induction medium supplemented with 50 mM Y-27632 compound (Stemgent) and 5%
(v/v) heat-inactivated FBS (Thermo Fisher) on day 0. After 10 days in stationary culture,
organoids in 96-well plates were transferred to ultra-low-attachment 6-well plates.
Neuronal differentiation medium containing 1:1 mixture of DMEM-F12 media and
Neurobasal media supplemented with 0.5% (v/v) N2 supplement, 1% (v/v) B27
supplement without vitamin A, 1% (v/v) Glutamax, 0.5% (v/v) MEM-NEAA, 0.025% (v/v)
human insulin solution (Santa Cruz biotechnology), and 50 mM β-Mercaptoethanol was
used from day 10 to day 18. Organoids were transferred to ultra-low-attachment 6-well
plates and maintained on an orbital shaker (85 rpm/min). Medium was replenished every
other day. From day 18 on, organoids were maintained in maturation media consisting
of Neuronal Differentiation medium supplemented with B27 containing vitamin A, 20
ng/ml BDNF (R&D Systems), 200 mM cAMP (Fisher scientific), and 200 mM ascorbic
acid (Tocris).

Dissociation of organoids for single-cell RNA-sequencing
Eight organoids per hiPSC line (1 isogenic control line, 2 MAP1BR303X/+, and 1 FLNAQ182X/+
line) were randomly collected from a pool of 48 organoids per line, dissected using
surgical blades, and dissociated using the PAP2 papain-based neural tissue dissociation
kit (Worthington Biochemical) at 53 days of differentiation. After dissociation, cells were
centrifuged at 300xg for 5 min and resuspended in DMEM-F12, 10% FBS. Counting and
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viability assessment were performed by Trypan blue exclusion.

Viability of each

suspension was determined to be >95%. Suspended cells were submitted to the
Columbia University Sulzberger Genome Center for single-cell sorting on the 10x
Genomics Chromium Single Cell 3′ solution platform. 3′-end cDNA libraries were subject
for sequencing in one lane of an Illumina NovaSeq per each genotype using paired-end
sequencing (PE150). Reads were aligned to the hg38 reference genome using the 10X
CellRanger pipeline with default parameters to generate the feature-barcode matrix.

Single-cell RNA-sequencing QC and dataset integration
We used Seurat v3 to perform downstream QC and analyses on feature-barcode
matrices (Butler et al., 2018; Stuart et al., 2019). For the MAP1B and FLNA dataset, we
removed all genes that were not detected in at least 4 cells. We further removed cells
with fewer than 1,000 genes or more than 5,000 genes detected. We then excluded all
cells with greater than 8% of reads mapping to mitochondrial genes. We separately
downloaded the pre-filtered single-cell expression matrix previously published for
organoid models carrying DCHS1 and FAT4 mutations(Klaus et al., 2019). This dataset
was generated for a total of 805 cells via the Smart-seq2 protocol(Picelli et al., 2013).
The filtered matrices were log-normalized and scaled to 10,000 transcripts per
cell.

We

used

the

variance-stabilizing

transformation

implemented

in

the

FindVariableFeatures function in order to identify the top 2,000 most variable genes per
sample. We used Seurat’s data integration method to harmonize gene expression across
datasets prior to clustering. We first identified anchors between samples in each dataset
using the FindIntegrationAnchors function, which uses canonical correlation analysis
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(CCA) to identify pairwise cell correspondences between samples. We then computed
an integrated expression matrix using these anchors as input to the IntegrateData
function.
Next, we used linear regression to regress out the number of UMIs per cell and
percentage of mitochondrial reads using the ScaleData function on the integrated
expression matrices. We then performed dimensionality reduction using PCA. We
visualized the standard deviation for the top 50 principal components for the MAP1B
and FLNA dataset. For both datasets, we selected the top dimensions (PCs 1-15 for the
MAP1B and FLNA dataset; PCs 1-10 for the DCHS1 and FAT4 dataset) in order to
compute a cellular distance matrix, which was used to generate a K-nearest neighbor
graph. The KNN was used as input to the Louvain Clustering algorithm implemented in
the FindClusters function. For clustering via Louvain, we chose a resolution parameter
of 0.8. We visualized the cells using UMAP via the RunUMAP function.
To annotate and merge clusters, we performed differential gene expression
analysis on the integrated expression values between each cluster using the default
parameters in the FindMarkers function, which implements a Wilcoxon test and corrects
p-values via Bonferroni correction (Supplementary Table 2). Additionally, we visualized
the expression of canonical marker genes aggregated from previous cortical organoid
single-cell publications (Nowakowski et al., 2017; Pollen et al., 2019; Y. Xiang et al., 2019;
Xiang et al., 2017).

Differential gene expression analysis
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We performed cell type-specific differential gene expression analysis using MAST (Finak
et al., 2015), as implemented in Seurat’s FindMarkers function, in order to identify genes
dysregulated between mutant and wildtype cells. We excluded all non-coding genes,
genes encoding ribosomal proteins, and pseudogenes from our analysis to reduce the
multiple testing burden. For each cell type, we fit a linear mixed model that the gene
detection rate as latent variables (ngeneson; i.e the scaled number of genes detected
per cell): zlm(~ngeneson). For the MAP1B comparisons, we limited our analysis to the
cells derived from clone 1.
We corrected the p-values using the Benjamini-Hochberg FDR method. We
considered genes with a log2 (fold change) value of at least 0.14 (10% difference) and
FDR < 0.05 as differentially expressed. We performed gene ontology analysis using
g:Profiler(Raudvere et al., 2019), using all tested genes per cell type as a background
set. P-values were generated using Fisher’s Exact Test and corrected via FDR
(Supplementary Table 3).

Pseudotime analysis
We used Slingshot (Street et al., 2018) to infer trajectories and align cells in pseudotime.
Slinghot uses pre-existing cluster annotations to infer lineage hierarchies based on a
minimal spanning tree. We used the top 30 integrated PCs from the Seurat integration
procedure as input to Slingshot. Furthermore, we specified the “mitotic” cells as the start
cluster and four terminally differentiated clusters (excitatory neurons, altered neurons,
inhibitory neurons, and choroid cells) as endpoints. Separately, we re-ran Slingshot
without specifying end clusters, which similarly resulted in four separate trajectories. In
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order to visualize gene expression over pseudotime, we fit LOESS curves using the
integrated and scaled expression counts (UMIs).
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3.4. Supplementary figures

Supplemental figure 1: CRISPR-editing of hiPSC lines. a. schematic of MAP1B and FLNA protein
domains. The CRISPR-edited pathogenic mutations are indicated in each schematic. MAP1B domains:
ABD: actin-binding domain; MBD: microtubule-binding domain; MTA: microtubule assembly helping site.
FLNA domains: ABD: actin binding domain; ROD-1 and ROD-2: rod domains. b. Sanger tracings of the
WT and MAP1B organoids, indicating the successful introduction of the heterozygous c.907C>T (p.R303X)
mutation in both MAP1B clones (A6 and A9). c. Sanger tracings of the WT and FLNA lines, demonstrating
the successful introduction of a heterozygous c.544C>T: (p.Q182X) mutation in the mutant line. d. Normal
karyotypes of the WT and mutant hiPSC lines.
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Supplemental figure 2: expression of MAP1B and FLNA in cortical organoids. a. Violin plots
depicting expression of MAP1B in WT organoids. b. Violin plots depicting expression of FLNA in
wildtype organoids. c. Comparison of MAP1B expression in wildtype versus mutant lines across all cell
types. d. Comparison of FLNA expression in wildtype versus mutant lines across all cell types.
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Supplemental figure 3: expression of pluripotency markers. Immunostaining showing pluripotency of
mutant hiPSCs stained with pluripotency markers (TRA1-81+, Nanog+, OCT3/4+, SOX2+). Scale bar,
100 µm.
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Supplementary table 1: comparison of experimental design between this study and
Klaus et al., 2019.

This study
Genes
Cell line
establish
ment

Organoid
protocol

Genetic
background
Source of
hiPSC lines

MAP1B

FLNA

Control

Isogenic from one individual
Reprogramm
ing from a
healthy
individual

CRISPR
editing

CRISPR
editing

DCSH1

FAT4

All different individuals
Reprogramm
ing from a
healthy
individual

Reprogramm
ing from a
DCSH1
PVNH
patient

Reprogramm
ing from a
FAT4 PVNH
patient

Organoid
development
protocol

Region-specific cortical organoid using
patterning factors (Xiang et al., 2017)

Whole brain organoid depending on
spontaneous differentiation (Lancaster et al.,
2013)

Timepoint
organoid for
scRNA-seq

Day 53

Days 50-60

# of organoids
for scRNA-seq

scRNAseq

Control

Klaus, J. et al., 2019

8 (pooled)

8 (pooled),
*two lines
were used

8 (pooled)

3 (pooled)

3 (pooled)

3 (pooled)

Preparation of
sample

Dissociation of whole organoid

Microdissection of cortical region of whole
organoid

Library prep

10X genomics Single Cell 3ʹ v2 library kit

Illumina Nextera XT DNA Sample Preparation
kit (SS2)

Operation
platform

Illumina NovaSeq

Illumina HiSeq2500

Single-cell
platform

10x Chromium

Smart-seq2

# of cells
sequenced

3,240

4,269 and
4,614

3,958

316

255

234

Supplementary table 2: Antibodies used in immunostaining for pluripotency markers
Species
ms
ms
ms
Rb

Antibody
Oct-3/4
NANOG
TRA-1-81
SOX2

Concentration
1:100
1:100
1:100
1:200

Vendor
Santa Cruz
EMD Millipore
Stemgent
Cell Signaling
Technology

Supplementary table 3: Primers used for Sanger sequencing
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Catalogue #
#Sc5279
#MABD24
#09-0011
#3579

Primer set
MAP1B forward
MAP1B reverse
FLNA forward
FLNA reverse

5’ to 3’ sequence
TGCCAGAAATGGAAGGACTTT
TCGAGCTCTGCAATTTTCCG
TGATCCTGCACTACTCCATCTC
CAAGGGAGGCTGTGAGTCTG
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Product size
337 bp
287 bp

Chapter 4: Establishing a transcriptomic-based drug
discovery paradigm for neurodevelopmental disease
This chapter is currently under review for publication.5
4.1 Summary
Advances in genetic discoveries have ushered in substantial opportunities for precision
medicine in neurodevelopmental disease. Interestingly, many of the genes implicated in
these diseases encode proteins that regulate gene expression, such as chromatin
associated proteins, transcription factors, and RNA-binding proteins. Identifying
targeted therapeutics for individuals carrying mutations in these genes remains a
challenge, as the encoded proteins can theoretically regulate thousands of downstream
targets in a considerable number of cell types. Here, we propose the application of a
drug discovery approach called “transcriptomic reversal” for these disorders. This
approach, originally developed in cancer, attempts to identify compounds that reverse
gene expression changes associated with a disease state.

4.2 Introduction
The introduction of whole-exome sequencing has led to genetic discoveries that have
dramatically

improved

our

understanding

of

mechanisms

underlying

neurodevelopmental disorders. Some of these discoveries have translated to the

5

Dhindsa, R.S., Zoghbi, A.W., Krizay, D.K., Vasavda, C., Goldstein, D.B. Establishing a transcriptomic-based drug
discovery paradigm for neurodevelopmental disease. (In preparation).
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development of targeted treatments, including enzyme replacement therapies in
deficiency disorders (Desnick & Schuchman, 2003), antisense oligonucleotide therapies
for spinal muscle atrophy (Corey, 2017), and channel modulators for gain-of-function
channelopathies (Atkin et al., 2018). Despite these impressive achievements, the
development of precision therapeutics has otherwise lagged behind the rapid progress
in gene discovery.
One of the major challenges facing precision medicine in neurodevelopmental
disorders—including autism spectrum disorder (ASD), epileptic encephalopathy (EE),
developmental delay with cognitive manifestations (DD), and schizophrenia—is the
tremendous genetic heterogeneity underlying these conditions. Implicated genes have
revealed a wide range of etiologies for each of these diseases, such as abnormal
synaptic transmission, chromatin remodeling, transcription regulation, and ion channel
function (Buxbaum & Consortium, 2014; Deciphering Developmental Disorders, 2015;
Epi4K Consortium et al., 2013; EuroEpinomics Consortium et al., 2014; Singh et al.,
2016). Although daunting, it is likely that this heterogeneity will require different drug
discovery paradigms for each functional class of genes.
Here, we argue that neurodevelopmental disease genes encoding proteins that
directly influence the transcriptome—namely chromatin modifiers, transcription factors,
and RNA-binding proteins—represent one particular group of genes ripe for drug
discovery efforts because of a paradigm well-developed in cancer but largely unpursued
in neurology. This strategy, termed transcriptomic reversal, posits that if gene expression
changes underlie the pathophysiology of a particular disease, then correction of this
transcriptomic signature toward a normal state may have therapeutic potential. This
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method has not only successfully identified targeted therapeutics in cancer (Alvarez et
al., 2018a; B. Chen et al., 2017; Mitrofanova et al., 2015), but for other non-neurological
diseases too, including diabetes(Zhang et al., 2015), inflammatory bowel disease(Dudley
et al., 2011), and osteoporosis (Brum et al., 2015).
In this personal view, we outline a strategy for the development of a systematic
program for transcriptomically-guided drug discovery in neurodevelopmental disease.
We first provide an overview of the transcriptomic signature reversal approach. We next
discuss opportunities for analogous approaches in neurodevelopmental diseases by
focusing on transcriptional regulators that have been implicated in EE, ASD, DD, and
schizophrenia. Finally, we propose immediate next steps required to systematically
implement this drug discovery strategy.

4.3 The transcriptomic reversal paradigm
The goal behind transcriptomic reversal is to identify small molecules that revert diseaseassociated gene expression signatures toward a healthy state (Figure 4.1). Broadly
speaking, this approach requires three steps: identification of the disease gene
expression signature, in silico screening to prioritize small molecules most likely to
reverse this disease signature, and experimental validation of candidate compounds.
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Figure 4.1. A schematic representing the transcriptomic reversal approach.
Gene expression profiling (e.g. RNA-seq or scRNA-seq) is used to derive disease
expression signatures. This signature is compared to the signatures of cells treated with
small molecules in order to identify compounds most likely to reverse disease-associated
expression changes.

Generating disease gene expression signatures
Generating disease expression signatures requires the unbiased assessment of gene
expression changes in tissue or cells derived from patients or a disease model. By
performing RNA-sequencing on disease samples and healthy samples, researchers can
then use differential gene expression analysis (DGE) to identify quantitative gene
expression level changes between sample groups (Stark et al., 2019). This strategy
reveals the sets of genes that are up- and down-regulated in the disease state compared
to a normal state (i.e. the disease expression signature). In addition to being useful for
transcriptomic reversal, these expression signatures can reveal perturbed biological
pathways and provide prognostic and diagnostic indicators of disease.
Excitingly, advances in single-cell RNA-sequencing (scRNA-seq) have equipped
investigators to interrogate these expression level changes at an unprecedented
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resolution (Camp et al., 2019). Until recently, RNA-seq was predominantly performed on
bulk tissues. While many of these studies led to transformative discoveries, bulk RNAsequencing methods cannot resolve specific cell types and only provide an average
expression signal for an ensemble of cells. scRNA-seq, on the other hand, can resolve
cell type-specific expression signatures.
The most common scRNA-seq methods involve microfluidic chips that
encapsulate single cells into reagent-filled oil droplets (Macosko et al., 2015). Reverse
transcription of RNA into cDNA occurs within each oil droplet, and the resulting cDNAs
receive a barcode or unique molecular identifier (UMI). These barcodes allow for the
assignment of each resulting sequencing read back to a single cell of origin. It is
important to note that performing scRNA-seq necessitates careful experimental design
and analyzing the resulting data requires statistical rigor (Luecken & Theis, 2019).
In silico screening of small molecules
Once a disease gene expression signature has been identified, the next step is to identify
compounds that are predicted to reverse these expression changes. This process
requires two components: (1) a database of gene expression signatures of cells or
tissues treated with small molecules; and (2) a statistical method to compare the disease
signature to these small molecule signatures (Keenan et al., 2019).
There have been considerable efforts to create publicly available compendia of
small molecule expression signatures. In 2006, Lamb and colleagues introduced the
“Connectivity Map” (CMap), which included microarray-derived signatures for roughly
1,300 small molecules applied to human cell lines (Lamb, 2007; Lamb et al., 2006). More
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recently, a new version of the Connectivity Map was introduced that leverages a novel
gene expression profiling technique called L1000 (Subramanian et al., 2017). This assay
measures the expression level of 978 “landmark genes” that capture a large proportion
of variance in gene expression. The measurements of these genes are then used to infer
the expression of 11,350 other genes in the transcriptome. The L1000 assay is far more
affordable than typical RNA-sequencing, which allowed CMap investigators to profile
roughly 20,000 small molecules in a variable number of human cell lines. This resource
has facilitated drug repositioning discoveries in many diseases (reviewed in Keenan et
al.) and has helped elucidate the mechanism of action for several small-molecules.
Investigators have introduced several statistical methods that compare disease
and compound signatures to predict which compounds are most likely to invert the
disease signature. For example, the CMap uses the Connectivity Score: a normalized
similarity metric based on the weighted Kolmogorov-Smirnov enrichment statistic (Lamb
et al., 2006). Other methods rely on the organization of expression data into networks to
infer disease- and drug-induced changes in master regulator activity (Alvarez et al.,
2018b; Mitrofanova et al., 2015). Computational algorithms, such as OncoTreat, can be
used to identify compounds or combinations of compounds expected to reverse master
regulator activity in the disease state (Alvarez et al., 2018a).

Experimental validation
Once small molecules are prioritized via in silico screening, it is crucial to verify that the
top-scoring compounds in fact reverse the disease profile. Because the small molecule
signatures were generated in cell types that are typically not related to the disease of
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interest, there will be some number of false positive hits. Therefore, validation requires
the administration of candidate compounds to patient cells or cells derived from the
disease model followed by gene expression profiling. The most efficacious compounds
will restore disease-related expression changes, such that the signature more closely
resembles the wild type signature. Furthermore, candidate compounds should be
administered at multiple doses and timepoints to pinpoint the biological conditions that
lead to the strongest restoration of the transcriptome. When possible, these compounds
should then be evaluated for their ability to rescue disease phenotypes in a relevant
disease model.

4.4 Transcriptomic reversal opportunities in neurodevelopmental disease
Despite its promise, there are relatively few examples of transcriptomic reversal studies
in neurodevelopmental disease. Most attempts have focused on non-genetic disease
models or tissue derived from patients who lack a clear Mendelian diagnosis. For
example, Readhead and colleagues recently used the L1000 platform to identify
compounds that reverse transcriptomic signatures of post-mortem tissue derived from
12 individuals with schizophrenia (Readhead et al., 2018). Other studies have identified
compounds that reverse disease signatures identified in mouse models of acquired
epilepsy (Srivastava et al., 2018) and in surgical tissue derived from patients with
unilateral mesial temporal lobe epilepsy (Brueggeman et al., 2019).
These studies have provided very exciting proofs of concept. However, when the
underlying cause of disease is unknown, it can be challenging to decipher whether the
observed disease signatures reflect causal versus compensatory gene expression
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changes. Thus, we argue that the best path forward for implementing the transcriptomic
reversal paradigm is to focus on genetic models in which gene expression dysregulation
represents the primary mechanism of pathogenicity. Here, we define primary
transcriptomic regulators as transcription factors, chromatin-associated proteins, and
RNA-binding proteins (Figure 4.2). We briefly review the functions of these proteins
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Figure 4.2. Primary transcriptomic regulators implicated in neurodevelopmental disease.
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These genes encode transcription factors, chromatin-associated proteins, and RNAbinding proteins.

Transcription factors
Transcription factors (TFs) bind to specific DNA motifs to recruit and regulate the
transcription machinery (Lee & Young, 2013). These proteins can be broadly separated
into two classes based on their regulatory function: control of transcription initiation
versus control of elongation. This distinction is not absolute, however, as some TFs
mediate both of these processes. Furthermore, TFs can work alone or with other proteins
(e.g. co-factors) in a complex to activate or repress the recruitment of RNA polymerase.
Unsurprisingly, pathogenic mutations in TFs associated with neurodevelopmental
disorders cause widespread transcriptomic defects in the brain (Harrington et al., 2016).

Chromatin-associated proteins
In eukaryotes, DNA resides in the nucleus where it is packaged into a highly condensed
structure called chromatin. The primary unit of chromatin is the nucleosome, which
consists of DNA wrapped around eight histone proteins (Lee & Young, 2013). Chromatin
remodelers, which move histone proteins to make DNA accessible to transcription
machinery (Langst & Manelyte, 2015), have been implicated in neurodevelopmental
disease. Additionally, each of these histone proteins has an amino acid tail that can be
chemically modified (e.g. acetylated or methylated) to activate or repress transcription
(Bannister & Kouzarides, 2011). Mutations in chromatin regulators that create, remove,
and recognize these chemical modifications can also result in neurodevelopmental
disease.
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DNA nucleotides can also be chemically modified themselves. The most wellstudied chemical modification is DNA methylation, in which cytosines in the context of
CpG dinucleotides receive methyl groups to regulate gene expression. Loss-of-function
mutations in the gene MECP2, which encodes a methyl CpG binding protein, cause Rett
Syndrome (Amir et al., 1999).

RNA-binding proteins
RNA-binding proteins play a key role in the post-transcriptional control of RNAs. They
regulate nearly all aspects of RNA biogenesis, including RNA splicing, polyadenylation,
mRNA localization and degradation, and translation (Brinegar & Cooper, 2016). There
are hundreds of RNA-binding proteins with diverse functions, each with different RNAsequence specificities and affinities. Many of these proteins seem to bind to thousands
of transcripts per cell. Indeed, neurodevelopmental disease-causing mutations in these
genes can lead to the dysregulation of a massive number of genes (Ye et al., 2015).

Other gene expression regulators
Though we focus here on transcription factors, chromatin-associated proteins, and
RNA-binding proteins, we note that other genes implicated in neurodevelopmental
disease may also affect gene expression. Some examples include kinases, G protein
subunits, and nuclear receptors. Many of these genes, however, are involved in
alternative signaling pathways and may thus be less attractive targets for transcriptomic
reversal.
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4.5 A systematic transcriptomic signature reversal program for
neurodevelopmental disease
The massive number of implicated transcriptomic regulators highlights the enormous
potential for developing a transcriptomic reversal program for these diseases. However,
this undertaking will require a concerted, community-based effort. Here, we outline
concrete steps and special considerations required to facilitate the successful
implementation of this approach.

Generating mouse and organoid models of disease
It is difficult to acquire brain tissue from individuals with neurodevelopmental disease
due to practical and ethical concerns regarding tissue availability. Therefore, generating
disease expression signatures for these diseases requires robust model systems. Ideal
pre-clinical models for this approach need to express the disease-associated gene,
recapitulate perturbations to the regulatory network and disease phenotypes, and enable
high-throughput screening of compounds (EpiPM Consortium, 2015). No single model
satisfies all of these criteria. For example, in vitro models offer the most potential for
high-throughput screening, but of course cannot represent developmental or behavioral
consequences of neurodevelopmental disease-causing mutations. We therefore
suggest an integrated approach that includes both human cortical organoids and mouse
models.
Genetically engineered mouse lines have contributed to significant advances
in neurodevelopmental disease gene research. Importantly, mouse models can provide
important behavioral and electrophysiological phenotypic endpoints for small molecule
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screening (Loscher, 2017; Silverman, Yang, Lord, & Crawley, 2010). Mouse models of
genetic epilepsies, for example, may display spontaneous seizures or altered seizure
thresholds. Additionally, while mouse models cannot fully capture the entirety of
symptoms associated with ASD and schizophrenia, they can model certain aspects of
these disorders that may manifest in an equivalent manner in rodents (Gogos, Crabtree,
& Diamantopoulou, 2019). For example, mouse models of schizophrenia-causing
mutations in SETD1A and ASD-causing mutations in CHD8, display cognitive
impairments that overlap with human pathology (Gompers et al., 2017; Mukai et al.,
2019).
Despite the utility of mouse models, there are inherent differences between the
development, architecture, and function of the mouse and human brain (Amin & Pasca,
2018). Therefore, mouse studies should be integrated with models that could more
faithfully recapitulate human brain development. Cortical organoids, which are selforganizing three-dimensional structures that resemble features of human cortical
development, have emerged as one such model (Lancaster et al., 2013). Although
reductionist in nature, this system is amenable to genetic engineering and highthroughput screening. Because organoids are derived from human cells, they also
overcome potential species-specific differences in gene expression regulation. In fact,
investigators have successfully used organoids to identify molecular phenotypes in
various neurodevelopmental conditions that have been difficult to study in mice, such as
lissencephaly (Bershteyn et al., 2017) and periventricular nodular heterotopia (Klaus et
al., 2019). Organoids can be developed directly using human cells from individuals with
the disease of interest, reprogramming those cells into induced pluripotent stem cells
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(iPSCs), and then differentiating them into cortical organoids. Alternatively, genomeediting can be used to introduce a disease-causing mutation in a control iPSC line. While
organoids perhaps bring us closer to human biology, this model system has its own
limitations. Most notably, recent work has shown that these artificial systems ectopically
activate cellular stress pathways, which can impact cell type specification.
Clearly, neither model is perfect; mice lack human-specific features of
development, and organoids are subject to artificial conditions that impact cellular
development. We do not yet know how often disease relevant expression changes
occur in the mouse but not the organoid and vice versa. When there is correspondence,
we can be fairly confident in the disease signatures. However, when the expression
changes between models differ, we must attempt to elucidate the source of this
divergence.

Deriving disease gene expression signatures via single-cell RNA-sequencing
It is becoming increasingly clear that disease-causing mutations in transcriptomic
regulators have cell type-specific effects. One recent study used in vivo Perturb-Seq (a
pooled CRISPR screening method) to introduce mutations in 35 ASD associated genes
within the developing mouse brain in utero and then perform scRNA-seq postnatally (Jin
et al., 2019). Many of the edited genes were transcriptomic regulators, such as Chd8,
Pten, Gatad2b, and Set5d, and perturbations of these genes led to cell type-specific
gene expression changes. For example, loss of Chd8 led to the dysregulation of gene
expression programs required for oligodendrocyte differentiation and maturation. In a
separate study, scRNA-seq revealed that haploinsufficiency of the schizophrenia93

associated gene, Setd1a, led to stronger differential gene expression effects in cortical
pyramidal cells than in any other cell type (Mukai et al., 2019). We recently reported that
a mouse model of HNRNPU-mediated EE results in an increased burden of differentially
expressed genes in pyramidal cells of the subiculum. These dysregulated genes were
enriched for other epilepsy, developmental delay, and autism genes. Together, these
studies highlight the need for scRNA-seq in generating cell type-specific disease
expression signatures. We argue that each implicated transcriptomic regulator should
be modeled and profiled, and the resulting expression data should be made publicly
available. Although a massive undertaking, this effort would both maximize the number
of transcriptomic reversal successes and equip investigators to identify potentially
convergent disease mechanisms among these genes.

Developing a compendium of compound signatures
Although the CMap provides thousands of compound signatures, most of these
signatures were derived from cancer cell lines. A small proportion of compounds (n =
768) were also profiled in iPSC-derived neural progenitor cells (NPCs) and neurons.
Using these data, we performed a cluster analysis to compare the differential gene
expression responses between neurons, NPCs, and the two most commonly assayed
cancer cell lines, MCF7 and PC3. Perhaps unsurprisingly, NPCs and neuron signatures
clustered separately from the cancer cell line signatures (Figure 3A). Consistent with
other reports, these results suggest cell type-dependent gene expression responses.
Therefore, compound signatures generated in cancer cell lines may have limited utility in
identifying transcriptomic reversal candidates for neurological diseases.
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Small molecule-induced gene expression changes not only vary between cancer
cell lines and neural cells, but also between subtypes of neural cells. To demonstrate
this point, we performed single-cell RNA-sequencing of cultured cortical mouse neurons
treated with seven different compounds. We specifically selected FDA-approved, bloodbrain barrier penetrant compounds with proven pharmacological effects on the central
nervous system (naloxone, perphenazine, trazodone, trimipramine, risperidone,
epirizole, and carbamazepine). We dosed each compound at its reported maximum
serum concentration for 24 hours. We then compared expression responses in four
major cell types: astrocytes, oligodendrocytes, excitatory neurons, and inhibitory
neurons (Figure 3B). Interestingly, both the number of differentially expressed genes and
magnitude of expression changes varied by cell type and by drug (Figure 3C).
The availability of cell type-specific signatures for both drugs and disease models
would allow for comparisons in matched cell types. This approach should theoretically
reduce the number of false positive transcriptomic reversal candidates. The current persample costs of conventional scRNA-seq approaches, however, preclude the generation
of even a modestly sized compendium of signatures. Fortunately, emerging multiplexing
techniques, such as Cell Hashing (Stoeckius et al., 2018), MULTI-seq (McGinnis et al.,
2019), and sci-Plex (Srivatsan et al., 2020), dramatically reduce costs and increase the
feasibility of generating cell type-specific signatures. Ideally, these signatures should be
generated in both organoids and cultured primary mouse neurons. Compounds should
be dosed at physiologically relevant concentrations, which can be estimated from a
compound’s reported maximum serum concentration or maximum therapeutic dose if
known.
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Figure 4.3. Cell type-specific gene expression responses to small molecules.
(A) UMAP plot representing differential gene expression responses to roughly 800 small
molecules in cancer cell lines (MCF7 and PC3) versus iPSC-derived neurons and neural
progenitor cells (NPCs). Gene expression was measured via the L1000 assay. (B) UMAP
plot representing clusters of major cell types detected via scRNA-seq of cultured primary
mouse cortical neurons. Cells were dosed with one of seven compounds or with DMSO
(control). (C) Violin plots representing the average effect size per cell type of differentially
expressed genes (FDR < .01 and expression change > 10%) in each treatment condition.

Compound prioritization and validation
As in any transcriptomic reversal approach, candidate compounds need to be
administered to mutant cells to verify that they in fact revert the disease signature. Once
validated, these compounds can be tested for their ability to rescue molecular or
behavioral phenotypes ascertained in the disease models.
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The cell type-specific transcriptomic reversal approach offers unique opportunities
during the validation phase. Consider the case in which more than one cell type emerges
as particularly vulnerable to a disease-causing mutation. In this instance, it is possible
that drugs that reverse the signature in one cell type may not reverse the signature in
another. While this scenario would require the interrogation of more compounds, it also
offers the unique opportunity to probe the contribution of each cell type to the disease
phenotype and to identify potential combination therapies. For example, administering
compounds that revert the transcriptome in one cell type may rescue some phenotypes,
whereas compounds that revert the transcriptome of another cell type could rescue
others. Finally, we note that it is important to perform robust clinical trials in humans to
test the efficacy of compounds that reverse transcriptomic and phenotypic phenotypes
in disease models. Not all compounds that successfully rescue disease phenotypes in
models will translate to efficacy in humans. For example, in one of the earliest
transcriptomic reversal attempts, the antiepileptic drug topiramate was found to reduce
gross pathological changes in a mouse model of inflammatory bowel disease. In a large
retrospective cohort study, however, topiramate use was not associated with a reduction
in steroid use, surgery, or hospitalizations for patients with IBD (Crockett, Schectman, &
Kappelman, 2013).

4.6 Conclusions
We have outlined a precision medicine program that could lead to the discovery of
numerous treatment options for neurodevelopmental diseases caused by mutations in
transcriptomic regulators. We note that treatments identified for these strongly genetic
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conditions may find wider applications. In fact, less severe forms of these diseases are
polygenic in nature, with the majority of risk alleles mapping to regulatory regions of the
genome (Shendure et al., 2019). In the future, one could perform gene expression
profiling on organoids derived from patients with more common forms of disease, and
compare the resulting disease signatures to the proposed dataset of disease signatures
generated from single-gene models. This approach may identify similarities in
transcriptional perturbations between less severe forms of disease and single-gene
disorders. This observation would both increase confidence that the expression changes
are relevant to the disease etiology, and would suggest that compounds that restore the
transcriptome in the single-gene disorder will be efficacious for the more common form
of disease.
Establishing this systematic program will require a community-based effort and
substantial data sharing. As demonstrated by the CMap, publicly accessible drug
signatures can open the floodgates for identifying novel therapies. Furthermore, meeting
the goals outlined here, including the establishment of robust disease models,
implementation of large-scale scRNA-seq analyses, and the evaluation of candidate
compounds, will require the collaborative efforts between researchers with biological,
clinical, and computational expertise.
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Chapter 5: Natural selection shapes codon usage in the
human genome
This chapter is currently under review for publication.6
5.1 Summary
Synonymous codon usage has been identified as an important determinant of
translational efficiency and mRNA stability in model organisms and human cell lines.
However, efforts to study evolutionary constraint on human codon usage have come to
conflicting conclusions and synonymous variants are almost always ignored in genetic
disease associated studies. Using genetic sequencing data from nearly 200,000
individuals, we uncover clear evidence that natural selection optimizes codon content in
the human genome. We derive intolerance metrics to quantify gene-level constraint on
synonymous variation and demonstrate that dosage-sensitive, DNA damage response,
and cell cycle regulated genes are more intolerant to synonymous variation than other
genes in the genome. Notably, we illustrate that reductions in codon optimality can
attenuate the function of BRCA1. Our results reveal that synonymous mutations likely
play an important and underappreciated role in human variation.
5.2 Introduction
A long-standing assumption in human genetics has been that synonymous mutations
are unimportant because they do not alter the resulting protein sequence. However,
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Dhindsa, R.S., Copeland, B.R., Mustoe, A.M., Goldstein, D.B. Natural selection shapes codon usage in the human
genome. (Under review).
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recent evidence indicates that synonymous variation is not always neutral and may often
have functional consequences (Hanson & Coller, 2018; Hunt, Simhadri, Iandoli, Sauna,
& Kimchi-Sarfaty, 2014). Well-established mechanisms through which synonymous
mutations can impact molecular function include disruption of splicing enhancer sites
(Parmley et al., 2006; Supek et al., 2014), mRNA secondary structure (Shen et al.,
1999), and binding sites for regulatory RNA-binding proteins and microRNAs (Brest et
al., 2011; Capon et al., 2004). Although much less understood, emerging evidence
suggests that synonymous mutations in the gene body can also impact gene expression
and translation accuracy. Specifically, biochemical studies indicate that “optimal”
codons matching more abundant tRNAs can support rapid translation, whereas
synonymous but “non-optimal” codons can slow translation (Bazzini et al., 2016; Forrest
et al., 2018; Presnyak et al., 2015; Q. Wu et al., 2019). Importantly, synonymous codon
usage also seems to affect human mRNA stability via coupling between mRNA
degradation and translation, though the precise mechanism underlying this
relationship remains unclear (Forrest et al., 2018; Q. Wu et al., 2019). Indeed, it has
long been recognized that the human genome exhibits clear codon usage biases, with
certain codons used more frequently than others (Chamary et al., 2006; Eyre-Walker,
1991).
Despite the clear presence of codon usage bias in the human genome, its
significance as it relates to human physiology and fitness has been under debate for
decades. While some researchers have argued that selective pressures optimize
human codon usage (Chamary et al., 2006; Comeron, 2006; Drummond & Wilke, 2008;
Lavner & Kotlar, 2005; Plotkin, Robins, & Levine, 2004; Z. H. Yang & Nielsen, 2008),
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others have posited that mutational biases and other neutral factors preclude the role
of natural selection in shaping codon content (dos Reis, Savva, & Wernisch, 2004;
Kanaya, Yamada, Kinouchi, Kudo, & Ikemura, 2001; Pouyet, Mouchiroud, Duret, &
Semon, 2017; Rudolph et al., 2016; Semon, Lobry, & Duret, 2006). Efforts to detect
selective pressures on codon usage in the human genome have come to conflicting
conclusions due to three main challenges. First, synonymous mutations are expected
to be weakly deleterious, as they are more likely to affect protein abundance than
function (Chamary et al., 2006; Keightley & Eyre-Walker, 2000). Due to the small
effective population size of humans, natural selection is limited in efficacy in purging
weakly deleterious mutations from the population. Second, codon usage is posited to
be functionally linked to tRNA expression (Gingold et al., 2014; Q. Wu et al., 2019).
Because tRNA expression varies widely by tissue (Dittmar, Goodenbour, & Pan, 2006),
synonymous sites are likely subject to competing pressures that convolute the
evolutionary signature. This variation in tRNA expression also makes it difficult to
correlate codon usage with tRNA availability. Third, the nucleotide content at
synonymous sites strongly correlates with local GC content in nearby non-coding
regions. This phenomenon suggests that codon bias is also influenced by
evolutionarily neutral processes, such as local variation in mutation rate (Chamary et
al., 2006; Duret & Mouchiroud, 1999; Eyre-Walker, 1991; Hershberg & Petrov, 2008;
Pouyet et al., 2017). Altogether, these challenges necessitate robust statistical
methods that can detect selective constraint on variants of modest effect across a
population while controlling for confounding mutational biases.
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In this study, we leveraged the unprecedented amount of sequencing data
available in two population reference cohorts — TOPMed (62,784 genomes) (Taliun
et al., 2019) and gnomAD (123,136 exomes) (Karczewski et al., 2019) — to first
reaffirm that natural selection optimizes codon content in protein-coding regions in
the human genome. This unprecedented amount of sequencing data then allowed us
to devise two scores that rank genes by their intolerance to synonymous mutations.
The first metric, synRVIS, measures human-specific constraint against changes in
codon optimality. The second metric, synGERP, reflects phylogenetic conservation
at fourfold degenerate sites across the mammalian lineage. These scores, in turn,
allow us to identify genes and pathways in which synonymous variants are most likely
to affect human fitness.

5.3 Results
Site frequency spectra reveal genome-wide signatures of purifying selection on
human codon usage.
The availability of aggregated human whole-genome allele frequency data from
roughly 60,000 individuals contained in the TOPMed database (Taliun et al., 2019)
provides an unprecedented resource for investigating selective constraint on weakly
deleterious variants such as synonymous mutations. Focusing on synonymous sites
where any of the four nucleotides in the third position of the codon encode the same
amino acid (i.e. four-fold degenerate), we used this resource to identify potential
evidence of natural selection on codon usage. The standard approach for measuring
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purifying selection is to examine the allele frequency spectrum. Allele frequency is a
powerful proxy of a variant’s phenotypic impact, as purifying selection tends to
eliminate deleterious variants before they reach a high frequency in the population
(Lappalainen, Scott, Brandt, & Hall, 2019), and hence the spectrum should skew
relative to the neutral mutation rate. Typically, the neutral rate is defined as the
synonymous mutation rate (Kimura, 1977). To enable robust comparisons, we
generated a neutral reference set of variants by matching each observed synonymous
variant to a nearby (<10 kilobases) randomly sampled intronic variant (Supplementary
Figure 1A). This procedure matches the GC content of the neutral reference to the
synonymous test set, mitigating regional- and transcription-associated biases in
mutation rates, and normalizing the total number of variants included in each set
(Lawrie, Messer, Hershberg, & Petrov, 2013; Machado, Lawrie, & Petrov, 2017).

Figure 5.1. tRNA availability and codon usage affect mRNA decay.
(A) Codon-optimized transcripts (top) exhibit increased mRNA stability compared to
less optimized transcripts (bottom). Codon optimality modestly correlates with tRNA
availability, suggesting optimal codons are decoded by more highly expressed tRNAs
and may therefore increase translational efficiency. (B) Distribution of codon stability
coefficient scores for fourfold degenerate codons previously derived by Wu et al., 2019
from HEK293T cells and depiction of our classification of optimal and non-optimal
codons.
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Following the classical approach, we first compared the site frequency
spectrum (SFS; i.e. the distribution of allele frequencies) of synonymous variants and
matched intronic variants (n=2,896,436) without accounting for changes in codon
usage. Consistent with prior studies, the two distributions appeared nearly identical
with the synonymous SFS exhibiting a very slight skew toward rarer allele frequencies
(t-test p = .02) (Supplementary Figure 1B). Thus, in aggregate, synonymous variants
do not appear to be under significantly more constraint than putatively neutral intronic
variants.
While aggregate analysis suggests that synonymous sites are not constrained,
this analysis treats all synonymous variants as equivalent, ignoring that different
variants may experience distinct selective pressures. Specifically, under the codon
optimality hypothesis, a synonymous variant that increases codon optimality should
be favored, whereas mutations away from optimal codons should be deleterious.
While conceptually straightforward, the codon optimality hypothesis has remained
challenging to test due to the challenge of classifying codon optimality. Unlike
unicellular organisms, codon optimality cannot be matched to tRNA gene copy
number because tRNA expression varies widely by tissue (Dittmar et al., 2006; Pan,
2018). Other common metrics, such as relative synonymous codon usage (RSCU),
quantify codon frequencies (Sharp & Li, 1986), which can be confounded by many
variables and do not directly reflect a codon’s effect on translational efficiency. We
thus employed recently published codon stability coefficients (CSC), defined as the
Pearson correlation coefficient between codon frequency in a transcript and the halflife of the transcript in human embryonic kidney 293T (HEK293T) cells. Although the
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molecular mechanism linking codon usage and mRNA stability in human cells remains
an outstanding question, these scores moderately correlate with tRNA levels (Q. Wu
et al., 2019). Therefore, one proposed model is that human codon optimality partially
reflects translation elongation speed (Figure 5.1A), which has been previously shown
to affect mRNA stability in yeast (Radhakrishnan et al., 2016).
We classified the synonymous variants that resulted in changes from a codon
with a positive CSC to a negative CSC as “optimal-to-nonoptimal” (O à NO), the
opposite as “nonoptimal-to-optimal” (NO à O), and all others as “neutral.” Strikingly,
O à NO synonymous variants segregated at significantly lower frequencies than
matched intronic variants (p = 3.3 x 10-33), neutral synonymous variants (p = 1.14 x 1035

), and NO à O synonymous variants (p = 4.2 x 10-88) (Figure 5.2A), suggesting

constraint against variants that reduce codon optimality. Furthermore, NO à O
synonymous variants segregated at significantly higher allele frequencies than their
matched intronic variants (p = 1.9 x 10-14) and neutral synonymous variants (p = 3.0 x
10-32) (Figure 5.2A), implicating a role of positive selection in optimizing codon
content. Similar results were observed when controlling for trinucleotide context
(Supplementary Figure 2A,B), further supporting that the NO à O and O à NO allele
frequency differences cannot be explained by local mutation rate differences.
The CSC scores were derived from mRNA stability measurements in a single
cell line and therefore may not represent tissue-specific codon optimality patterns. We
therefore repeated our SFS analysis using RSCU to define codon optimality instead
of CSC. Notably, RSCU and CSC are significantly correlated (Pearson’s r = 0.41, p <
10-300), indicating that optimal codons appear more frequently in the human genome.
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Furthermore, we observe similar evidence of purifying selection against O à NO
variants and positive selection on NO à O variants when using RSCU to partition the
SFS (Supplementary Figure 2D).

Figure 5.2. Figure 2. SFS and GERP++ distributions reflect selection on codon usage.
(A) Site frequency spectra of synonymous variants that result in optimal-to-nonoptimal
(O à NO), neutral, and nonoptimal-to-optimal codon (NO à O) changes (left) and
matched intronic variants (right). (B) Distribution of GERP++ scores for the reference
alleles of the variants included in (A).

Combined, our results implicate a role of negative selection in purging
synonymous variants that reduce codon optimality and a role of positive selection in
favoring variants that increase codon optimality. Despite the challenges associated
with assessing codon usage in human cells, these findings strongly suggest that
codon usage contributes to human genetic diversity and shapes human evolution.
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Optimal synonymous sites are evolutionarily conserved across the mammalian
lineage.
The shifts in the site frequency spectrum provide clear evidence of human-specific
selective pressures on codon usage. Given that the link between codon optimality and
translation should be general, we hypothesized that we should also observe
signatures of conservation at fourfold degenerate synonymous sites across related
phylogenetic species. To test this prediction, we assessed conservation using
GERP++, a method that assigns each genomic position a score denoting its estimated
evolutionary constraint across the mammalian lineage (Davydov et al., 2010).
Synonymous sites that are strongly conserved in the human genome have
higher GERP++ scores than less conserved sites. Consistent with the hypothesis that
optimal codons experience stronger evolutionary conservation, the GERP++ scores of
the reference sites of O à NO synonymous variants were significantly higher than at
matched intronic sites (Mann Whitney U p = 1.2 x 10-31), neutral synonymous sites (p
< 10-300), and NO à O synonymous sites (p < 10-300) (Figure 5.2B). Moreover, the
GERP++ scores of the reference sites of NO à O variants were significantly lower than
matched intronic (p < 10-300) and neutral synonymous sites (p < 10-300), suggesting
weaker phylogenetic constraint at nonoptimal sites. The GERP++ distributions of
trinucleotide-matched and RSCU-annotated codon changes corroborated this
observation (Supplementary Figure 2C,E). Whereas the prior analysis only
considered sites that were variant in the TopMED cohort, we next considered every
fourfold degenerate site in the coding genome, and found that GERP++ significantly
correlated with both CSC (Pearson’s r = .26, p < 10-300) and RSCU (r = .25, p < 10-300).
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Together, these results indicate long-term evolutionary pressures on codon usage and
are in agreement with prior studies that used orthogonal approaches to demonstrate
selection on synonymous sites (Bustamante, Nielsen, & Hartl, 2002; Chamary et al.,
2006; Drummond & Wilke, 2008; Huang & Siepel, 2019; Keightley & Halligan, 2011;
Parmley et al., 2006; Savisaar & Hurst, 2018).

Human genes display intergenic variation in intolerance to synonymous
variation.
Our observations illustrate genome-wide signatures of constraint on codon optimality.
However, we suspected that synonymous variation might be under stronger selective
constraint in some genes than others. Therefore, we sought to quantify the strength
of selection on synonymous sites per gene. We previously introduced the residual
variation intolerance score (RVIS)—a scoring system that quantifies per-gene
intolerance to functional (i.e. missense and loss-of-function) mutations using standing
human variation (Petrovski, Wang, Heinzen, Allen, & Goldstein, 2013). Here, we
extended this framework, in an approach we term synonymous RVIS (synRVIS), to
quantify genic constraint against synonymous variants that reduce codon optimality.
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Figure 5.3. synRVIS derivation and distribution of synGERP scores.
(A) synRVIS regression plot in which each point represents a gene. Red points
represent the bottom fifth percentile (most intolerant) and blue points represent the
upper fifth percentile (most tolerant). Two outlier genes with greater than 2,000
synonymous variants are excluded. (B) The distribution of synGERP scores. As in (A),
color coding corresponds to the fifth percentile extremes.

synRVIS only considers variation in the protein-coding genome. Therefore, to
increase our sample size for constructing synRVIS, we used sequence data from the
123,136 exomes contained in gnomAD (Karczewski et al., 2019) rather than the
roughly 60,000 genomes contained in TopMED. (Figure 5.3A). The resulting
regression line predicts the expected number of common O à NO variants accounting
for genic mutation rates, sequence context, and gene size. The deviation of each gene
from this expectation (more or less variation than expected) is calculated as the
studentized residual, with a synRVIS score below 0 indicating higher intolerance to O
à NO synonymous variation. Because the resulting residuals could reflect random
noise rather than intergenic patterns of constraint, we performed a permutation test
to verify that these scores deviate from a null model (p = 0.03; see methods).
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synRVIS provides a direct, gene-specific measure of selection on codon
optimality the human lineage. However, the dynamic range of the synRVIS metric is
limited by the comparably small number of mutations at synonymous sites in gnomAD
(median of 66 per gene). We therefore created a complementary score, which we
termed synGERP, to quantify phylogenetic conservation at synonymous sites across
the mammalian lineage. In order to create a per-gene metric, we took the mean
GERP++ score at all fourfold degenerate synonymous sites in a given gene’s canonical
transcript, excluding all codons adjacent to exon-intron boundaries. A higher
synGERP score signifies overall stronger evolutionary conservation at fourfold
degenerate sites for that gene (Figure 5.3B). To facilitate interpretation of these
scores, we calculated genome-wide percentile scores for synRVIS and synGERP, in
which a lower percentile indicates higher intolerance (synRVIS) or higher phylogenetic
conservation (synGERP).
Interestingly, synRVIS and synGERP were only weakly correlated (r2 = .013, p =
2.3 x 10-51). We have similarly observed low correlation between human-specific
intolerance scores and GERP-derived scores in prior evaluations of non-coding
regulatory regions (Petrovski et al., 2015). One possible explanation for this low
correlation is that a fraction of codon usage may be under human-specific selection,
for example mirroring human-specific tRNA expression patterns, which would only be
captured by synRVIS. Additionally, whereas synRVIS isolates codon optimality effects,
synGERP measures the combined constraint on synonymous sites from sources such
as splicing enhancers and RNA-binding protein binding sites. Together, these two
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scores provide a framework for identifying genes that are most intolerant to
synonymous variation.
Gene ontology (GO) enrichment tests revealed that the most synRVIS intolerant
genes (< 25th percentile) were enriched for ontologies related to the cell cycle and
transcription, including “cellular response to DNA damage,” “microtubule-based
processes,” and “positive regulation of transcription by RNA polymerase II.”
Furthermore, synGERP intolerant genes were enriched for ontologies such as
“regulation of proteolysis involved in cellular protein catabolic process,” “regulation of
mRNA stability,” and “negative regulation of translation.” These results mirror
observations in model organisms that the most codon optimized genes tend to be
related to stress responses, translation, and post-transcriptional gene regulation
(Burow et al., 2018; Carneiro, Requiao, Rossetto, Domitrovic, & Palhano, 2019) and
therefore underscore the evolutionary significance of codon optimality.

Genes intolerant to synonymous variation are enriched for dosage sensitive
genes.
Given the impact of codon usage on mRNA stability and protein expression, we
hypothesized that well-known dosage-sensitive genes would be more intolerant to
synonymous variation than other genes in the genome. To test this hypothesis, we
constructed a logistic regression model to determine whether synRVIS and synGERP
could predict the 360 genes denoted as dosage sensitive in ClinGen’s Genome
Dosage Map (Rehm et al., 2015). We found that both synRVIS and synGERP
significantly predicted this gene set: p = 8.2 x 10-9 (AUC = 0.60) and p = 2.2 x 10-34
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(AUC = 0.68), respectively (Figure 5.4A). A joint model containing both scores
achieved an AUC of 0.69, in which both synRVIS and synGERP remain predictive (p =
7.6 x 10-7 and p = 1.4 x 10-31), indicating that both scores provided significant
independent information in predicting dosage sensitive genes.

Figure 5.4. Dosage-sensitive genes are intolerant to synonymous variation.
(A). ROC curve demonstrating the capacity for synRVIS, synGERP, and a joint model to
predict ClinGen dosage sensitive genes. AUCs for the respective models indicated in
parentheses. (B, C) The distribution of LOEUF scores for each synRVIS and synGERP
decile. The black dot indicates the median LOEUF score per synRVIS decile and the
dotted horizontal line indicates the median LOEUF score across all genes.

The ClinGen dosage sensitive genes included in the prior analysis only include
genes implicated in Mendelian disease. Another way to identify dosage sensitive genes
is to identify genes depleted of loss-of-function variants in the human population. To
verify that dosage sensitive genes are intolerant to synonymous variation, we compared
synRVIS and synGERP to LOEUF (loss-of-function observed/expected upper bound
fraction), a metric that represents the ratio of observed/expected loss-of-function
variants within the gnomAD database (Karczewski et al., 2019). A lower LOEUF indicates
higher constraint against loss-of-function variation. To compare synonymous constraint
to LOEUF, we plotted the median LOEUF score per synRVIS and synGERP decile
(Figure 5.4 B, C). We observe that genes more intolerant to synonymous variation tend
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to be depleted of loss-of-function variation. Furthermore, synRVIS and synGERP both
correlated with LOEUF (r = .15, p = 3.2 x 10-89 and r = .24, p = 3.3 x 10-231, respectively).
However, we were surprised to find that some highly synRVIS tolerant genes were also
enriched for low LOEUF scores (Figure 5.4B). This discordance implies that certain lossof-function intolerant genes are tolerant to changes in codon usage.
A gene ontology (GO) enrichment analysis revealed that synRVIS-tolerant (>75th
percentile) but LOEUF-intolerant (<25th percentile) genes were significantly enriched for
certain neurodevelopmental pathways, such as “regulation of dendrite morphogenesis,”
“positive

regulation

of

axonogenesis,”

and

“synaptic

vesicle

endocytosis”

(Supplementary Figure 4). Notably, neurons are subject to different translational
regulation programs than other cell types due to mTOR signaling (Blair, Hockemeyer,
Doudna, Bateup, & Floor, 2017) and their unique cellular demands, such as local
translation at synapses (Holt & Schuman, 2013). Furthermore, recent evidence suggests
that codon optimality may in fact be attenuated in the developing nervous system (Burow
et al., 2018).
In sum, both synRVIS and synGERP can broadly predict dosage sensitive genes.
These results emphasize the importance of codon usage in regulating gene expression
and demonstrate that natural selection more strongly optimizes codon content in genes
where differences in protein levels strongly impact human physiology.

DNA damage genes and periodically expressed cell cycle genes are intolerant to
changes in codon usage.
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If codon optimality is important in regulating gene expression, it is likely to not only be
under particularly strong constraint in haploinsufficient genes, but also in genes that
are expressed under limiting tRNA conditions. The cytoplasmic tRNA pool changes
dynamically in terms of its overall abundance as well as its composition in response
to cellular demands (Chan et al., 2012; Saikia et al., 2016; Torrent, Chalancon, de
Groot, Wuster, & Madan Babu, 2018). We expected that genes that need to be highly
expressed when tRNA levels are low should be the most intolerant to reductions in
codon optimality.

Figure 5.5. Intolerance of DNA damage response and cell cycle phase genes.
(A) ROC curve illustrating the capacity of synGERP and synRVIS to predict DNA
damage response genes. (B) synRVIS percentiles of genes periodically expressed in
each cell cycle phase. (C) Distribution of synRVIS scores for genes contained in the
BROCA Cancer Risk panel versus all other protein-coding genes. (D) Comparison of
changes in CSC scores for synonymous variants in BRCA1 that result in normal protein
function versus those that reduce protein function.

Among the classes of stress response genes, we expected DNA damage repair
genes to be under particularly strong constraint. In yeast, stress due to DNA damaging
compounds results in reduced tRNA export from the nucleus as well as tRNA
modifications that enhance translation of key DNA repair proteins (Begley et al., 2007;
Ghavidel et al., 2007). In mice, knocking out the Elongator complex, which is required
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for translating codon-biased genes, leads to dysregulation of codon-biased DNA
damage genes (Goffena et al., 2018). Motivated by these findings, we tested whether a
previously published list of 178 DNA damage response genes were intolerant to
synonymous variation(Wood, Mitchell, & Lindahl, 2005). In a logistic regression model,
synRVIS, but not synGERP, was able to predict genes involved in DNA damage response
(AUC = 0.61, p = 6.02 x 10-05; AUC = 0.52, p = 0.6, respectively) (Figure 5.5A). This result
implies that codon usage in DNA damage repair genes is under human-specific
constraint and thus likely plays an important role in regulating this pathway. Although
our synGERP analysis suggests that codon bias is not conserved across eukaryotes, we
suspect this discordance between synRIVS and synGERP is due to species-specific
variation in the stress-induced tRNA pools.
tRNA levels also oscillate throughout the cell cycle, and genes that are
expressed at different phases of the cell cycle have different codon usage (FrenkelMorgenstern et al., 2012). In particular, tRNA expression levels are highest in the G2/M
phase and lowest at the end of G1 phase. This coupling between tRNA expression
and codon usage allows for cell cycle dependent oscillations in protein levels by
ensuring that G2 phase genes are less efficiently translated during G1. Accordingly,
we hypothesized that genes expressed during the G1 phase should be more intolerant
to reductions in codon optimality than G2 genes. Strikingly, the synRVIS scores of
these periodically expressed genes closely match the oscillatory changes in tRNA
abundances; tolerance to reductions in codon optimality is lowest for G1/S expressed
genes and increases stepwise by cell cycle stage, peaking for G2/M genes (Figure
5.5B). This finding not only supports previous observations about the codon usage
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patterns of cell cycle-related genes, but it provides direct evidence that these patterns
are under selective constraint. synGERP scores did not display this pattern
(Supplementary Figure 5A), further suggesting that synRVIS may be more sensitive
in detecting selection on genes that respond to tRNA availability.
The tRNA pool can also be dysregulated in disease, including certain cancers.
Prior studies have found that oncogenic signaling upregulates particular tRNA species
to enhance expression of pro-tumorigenic genes in breast cancer, ovarian cancer, and
multiple myeloma (Gingold et al., 2014; Goodarzi et al., 2016; Pavon-Eternod et al.,
2009; Winter et al., 2000; Zhou, Goodenbour, Godley, Wickrema, & Pan, 2009). We
therefore hypothesized that cancer genes that are sensitive to shifts in tRNA
abundances should be intolerant to changes in codon usage. To test this hypothesis,
we compared the synRVIS and synGERP scores of hereditary breast and ovarian
cancer genes included in the BROCA Cancer Risk Panel to all other protein-coding
genes in the genome (Walsh et al., 2011; Walsh et al., 2010). This gene list includes
66 genes strongly implicated in hereditary breast and ovarian cancers. Accordingly,
synRVIS but not synGERP scores were lower for these genes than the rest of the
genes in the genome (synRVIS Wilcox p = .002, permuted p = .002; synGERP p = 0.80)
(Figure 5.5C, Supplementary Figure 5B). Taken together, our results demonstrate
the importance of codon usage in mediating gene expression under different
physiological states.

Synonymous variants that reduce codon optimality in BRCA1 may abrogate protein
levels.
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Collectively, our analysis suggests that synonymous mutations that alter codon
optimality are under evolutionary constraint, meaning these mutations should have
functional consequences. In particular, we expect that these variants may affect protein
concentration by modulating mRNA translation and stability. To date, synonymous
variants have been largely ignored in genetic disease association studies. However,
synonymous mutations that reduce codon optimality in genes under strong selection
could contribute to Mendelian disease. We have previously demonstrated that nonsynonymous intolerance metrics, such as RVIS, play a pivotal role in discovering novel
disease genes (Petrovski et al., 2013; Zhu et al., 2015). Our synRVIS and synGERP
scores now provide, for the first time, a framework for identifying and prioritizing potential
genes in which synonymous variants may also cause disease. Notably, genes with low
synRVIS scores include genes such as BRCA1 and BRCA2.
While functional impact of synonymous variants for most genes is unknown, we
took advantage of a unique dataset in which CRISPR was used to perform saturation
genome editing to assess the functional consequences of nearly all possible single
nucleotide variants in the functionally critical RING and BRCT domains of BRCA1
(Findlay et al., 2018). BRCA1 ranked amongst the most highly intolerant genes (1st
percentile synRVIS, 13th percentile synGERP) and loss of this protein predisposes
women to breast and ovarian cancer (Hall et al., 1990; Kuchenbaecker et al., 2017). Thus,
this dataset allows us to systematically answer the question of whether synonymous
single nucleotide variants (SNVs) that reduce codon optimality significantly reduce
BRCA1 dosage.
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Findlay et al. introduced single nucleotide variants in the cell line HAP1, which is
critically dependent on BRCA1 for cell survival. 11 days after introducing the mutations,
they sequenced the line to gauge the frequency of each variant in the cell population, as
variants that reduce BRCA1 expression or function result in cell death. These frequencies
were converted to a continuous score and variants that were less frequent in the
population than average were presumed to have resulted in reduced BRCA1 activity.
They also performed measured expression of BRCA1 to assign RNA scores to reflect
each variant’s effect on gene expression.
Of roughly 500 introduced synonymous mutations in BRCA1, 19 were associated
with scores that signified reduced BRCA1 activity. We hypothesized that reduced
function scores for synonymous variants were likely indicative of decreased expression
and/or translation. For each synonymous variant, we calculated the difference between
the CSC value of the alternate and reference alleles, such that negative changes signify
reductions in codon optimality. Accordingly, the 19 synonymous mutations associated
with reduced BRCA1 activity were significantly more likely to attenuate codon optimality
(Wilcox p = .001) (Figure 5.5D). We also calculated the correlation between the RNA and
function scores and the difference in CSC values for all synonymous variants assayed
(Supplementary Figure 5C, D). We found that changes in codon optimality significantly
correlated with BRCA1 function scores (Pearson’s r = .27, p = 3 x 10-11) and RNA scores
(Pearson’s r = 0.15, p = 4.8 x 10-4). Although these correlations are modest, they suggest
that at least a fraction of variants that reduce codon optimality may have functional
consequences in BRCA1, presumably via modulation of translation and/or mRNA
stability. We note that there are other potential mechanisms by which these variants
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could functionally impact BRCA1, including via modulation of splicing enhancers.
Therefore, further molecular studies are required to elucidate the precise functional
consequences of attenuated codon optimality in BRCA1.
Nonetheless, these results imply that some synonymous variants that affect
codon usage can result in effect sizes that could cause Mendelian disease. synRVIS thus
provides an initial framework for identifying putatively pathogenic synonymous
mutations in the interpretation of human genomes, as mutations in genes most intolerant
to synonymous variation are more likely to be pathogenic. Importantly, 3 of the 19
synonymous variants that reduce BRCA1 function appear in gnomAD, indicating that
individuals do in fact harbor potential disease-causing synonymous variants that may be
overlooked in standard carrier screens.

5.4 Discussion
Through comprehensive analyses, we demonstrate the role of natural selection in
optimizing the codon content of the human genome. First, we show that synonymous
mutations that reduce codon optimality appear at lower allele frequencies in the
human population than neutral variants and variants that increase codon optimality.
Supporting this result, we find that synonymous sites in optimal codons tend to be
more strongly phylogenetically conserved across the mammalian lineage. We
introduce two per-gene intolerance scores, synRVIS and synGERP, which assess the
strength of selective constraint on synonymous variation in each protein coding gene.
synRVIS detects human-specific selection against variants that reduce codon
optimality, whereas synGERP reflects the phylogenetic constraint of fourfold
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degenerate sites in a given gene. We find that these scores predict dosage-sensitive
genes, emphasizing the importance of codon usage in mediating protein
concentration.
Recent studies have revealed that synonymous codon usage serves as a
secondary genetic code that guides translation efficiency and mRNA stability in human
cells (Forrest et al., 2018; Q. Wu et al., 2019). In particular, translation elongation rate,
which is partially a function of tRNA abundance, is posited to impact mRNA
degradation rate. Despite these molecular consequences, some population
geneticists have argued that the effect size of any single synonymous SNV would be
too small to be selected against in the human population. Our results cast doubt on
this assumption in two ways.
First, the allele frequency distributions illustrate that there are genome-wide
signatures of selection against reductions in codon optimality. This finding shows that
some synonymous mutations are of large enough effect to be selected against even
in the context of the small human effective population size. Importantly, we note that
the SFS analysis only considers synonymous sites that contain a variant in the
reference cohort. Previous analyses have demonstrated that some synonymous sites,
such as those in splicing enhancer elements, vary so infrequently that they may not
appear in the sample. Therefore, our SFS results may be conservative. In future
studies, it would be of value to complement these analyses with overall polymorphism
ratios to estimate the distribution of selection coefficients as they relate to codon
optimality.
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Second, we demonstrate that some codon optimality-reducing SNVs in BRCA1
can significantly attenuate protein activity, potentially via reduced mRNA stability and
translation. These findings are consistent with a handful of other studies that have
implicated synonymous SNVs in human disease (Dershem et al., 2018; Hunt et al.,
2014; Kimchi-Sarfaty et al., 2007). In sum, the effect sizes of synonymous mutations
have been historically underestimated. A fraction of these variants can significantly
reduce protein concentration to the same extent as loss-of-function variants (Dershem
et al., 2018) and likely represent an important, albeit typically ignored, source of
Mendelian disease. Furthermore, even synonymous SNVs that only modestly reduce
protein output could play a significant role in both modifying mendelian disease and
in the genetic architectures of complex traits, which seem to be driven by the
cumulative effect of many small effect size variants (Boyle, Li, & Pritchard, 2017; J.
Yang et al., 2010).
Our results support the functional relevance of translational regulation of gene
expression. Consistent with the effects of translational efficiency on protein output
and mRNA stability, we find that dosage-sensitive and loss-of-function depleted
genes tend to be more intolerant to synonymous variation. However, one limitation of
our study is that the calculation of synRVIS relies on codon usage metrics derived
from a single cell type whereas tRNA expression varies widely by tissue(Dittmar et al.,
2006). synGERP, on the other hand, does not rely on codon usage scores, but is less
sensitive to detecting constraint on potential human-specific tRNA expression
dynamics. Indeed, synGERP likely also detects other sources of conservation, such
as constraint on splicing and regulatory motifs.
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We

found

that

some

loss-of-function

depleted

genes

involved

in

neurodevelopment were in fact very tolerant to reductions in codon optimality.
Intriguingly, a recent study found that codon optimality is attenuated in genes expressed
in the developing Drosophila nervous system (Burow et al., 2018). This reduced
optimality mitigates the effect of codon content on mRNA stability, thereby allowing
trans-acting factors, such as RNA-binding proteins and microRNAs, to exert greater
influence over mRNA decay in the developing nervous system. If this phenomenon exists
in humans, it could explain our observation that some LOF-depleted genes are tolerant
to changes from optimal-to-nonoptimal codons. Additionally, because tRNA expression
is likely markedly different in the brain (Bazzini et al., 2016; Bornelov, Selmi, Flad,
Dietmann, & Frye, 2019; Dittmar et al., 2006), synRVIS may be limited in detecting
intolerance of neurodevelopmental genes due to its reliance on HEK293T-derived codon
stability coefficients. Both of these hypotheses may explain synGERP’s improved ability
to predict dosage sensitive genes since synGERP could detect constraint on binding
sites for trans-acting factors and does not rely on CSC in its calculation. Understanding
the relationship between tissue-specific codon usage, intolerance, and mRNA decay
programs stands as an important goalpost for future studies.
Strikingly, we not only found a correlation between the strength of selection on
codon optimality and disease relevant genes, but we also found a relationship with
the tRNA abundance patterns that prevail when specific genes are expressed.
Specifically, changes in tRNA abundance can modulate protein expression in
response to different cellular states, including cell cycle stage, disease, and stress.
Previous studies have demonstrated that cellular tRNA levels are reduced in response
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to DNA damage and during the G1 phase of the cell cycle(Frenkel-Morgenstern et al.,
2012). Accordingly, we illustrate that intolerant synRVIS genes are enriched for genes
involved in these cellular pathways. synGERP is unable to predict these genes,
perhaps implicating a role of human-specific selection on codon optimality in these
pathways. We note that tRNA dysregulation also underpins the pathogenesis of other
non-cancerous conditions, including some immunodeficiency and neurological
disorders (Morita et al., 2013; Piccirillo, Bjur, Topisirovic, Sonenberg, & Larsson, 2014;
Tahmasebi, Khoutorsky, Mathews, & Sonenberg, 2018). Therefore, future work
focused on determining potential interspecies variation in dynamic tRNA expression
will be crucial in determining whether non-human disease models accurately represent
diseases characterized by translational deregulation.
Collectively, our results suggest that codon usage can significantly impact
biological traits and may play an underappreciated role in human disease. Just as
previously developed intolerance scores have transformed our ability to identify
disease-causing non-synonymous variants (Petrovski et al., 2013; Zhu et al., 2015),
synRVIS and synGERP will aid in identifying synonymous variants that drive human
traits. We note that synRVIS critically depends on codon usage metrics and the
number of individuals sequenced in the reference cohort. Therefore, our resolution to
detect intolerance to synonymous variation in the human genome will improve with
tissue-specific codon stability coefficients and increased numbers of sequenced
individuals.
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5.5 Methods
Sequence data
We used summary level allele frequency data from the BRAVO TOPMed database
(TOPMed Freeze 5, https://bravo.sph.umich.edu/freeze5/hg38/) and from the gnomAD
exome database (release 2.0.2., https://gnomad.broadinstitute.org/downloads). The
TOPMed database contains roughly 463 million variants derived from 62,784 whole
genomes and the gnomAD exome database contains roughly 15 million variants from
123,136 whole exomes.
We mapped TOPMed variants from hg38 to hg19 using the LiftoverVCF tool in
Picard tools (http://broadinstitute.github.io/picard/, 2019) (v2.9.0). We then annotated
both the TOPMed and gnomAD VCFs using Variant Effect Predictor (VEP), version 84
(McLaren et al., 2016). We used the VEP “--pick_allele” option with the following order:
“rank, canonical, appris, tsl, biotype, ccds, length” to annotate each variant with its most
damaging possible effect across all transcripts.
We then filtered each VCF file to contain only variants annotated as “PASS” and
removed all variants occurring in repeat regions, as identified by RepeatMasker, version
4.0.5 (Smit, 2013). To exclude variants that are expected to disrupt canonical splice sites,
we removed all variants occurring within 10 intronic nucleotides and 3 exonic nucleotides
of exon-intron boundaries in all Ensembl v75 transcripts. We additionally filtered the
gnomAD VCF to only retain variants with at least 10-fold coverage in at least 85% of
individuals.

Codon usage metrics
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We used two scores for assessing codon usage: the codon stability coefficient (CSC)
and the relative synonymous codon usage (RSCU). We obtained CSC scores derived
from HEK293T cells (Q. Wu et al., 2019). Wu et al. also calculated CSC scores for
other cell lines, including HeLa and RPE cells, but these scores were very strongly
correlated with the HEK293T scores. The CSC represents the Pearson correlation
between the frequency of the codon in each transcript and the associated half-life.
We classified codons with a CSC values greater than 0 as “optimal” and codons with
CSC values less than 0 as “non-optimal.”
As an orthogonal measure of codon usage, we calculated RSCU scores for
each codon (Sharp & Li, 1986). For each codon in each canonical transcript (as defined
by Ensembl v75), we calculate the ratio of the observed number of codons to the
expected number for a given amino acid. Specifically, for an amino acid i, the RSCU
score of its jth amino acid is defined as:
𝑅𝑆𝐶𝑈!,# =

$! %!,#
$

! %
∑#%&
!,#

,

where ni denotes the number of synonymous codons for that amino acid. When using
RSCU to assess codon optimality, we annotate codons with a value less than 1 as
“non-optimal” and greater than 1 as “optimal.” We chose to calculate gene-specific
rather than genome-wide RSCU scores, reasoning that gene-specific scores should
more adequately reflect tissue-specific sources of constraint.

Site frequency spectrum analyses
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We performed all SFS analyses using the filtered TOPMed allele frequency data. We
adapted an approach previously employed in Drosophila studies to compare selection
on synonymous variation with putatively neutral variants (Lawrie et al., 2013; Machado
et al., 2017). Specifically, we matched each observed synonymous variant occurring
at fourfold degenerate sites with intronic variants occurring within 10,000 basepairs.
We required matched variants to have the same ancestral allele, and in an additional
analysis, we required matched variants to also have the same neighboring 5’ and 3’
nucleotides. We matched blind to the direction or strand, such that synonymous
mutations were allowed to pair with forward, reverse, and reverse complement intronic
sequences. For all SFS analyses, we only considered synonymous variants occurring
at fourfold degenerate sites.
We folded all allele frequencies: if the alternate allele frequency was greater
than 50%, we subtracted it from 100%, meaning the minor allele frequency is always
less than or equal to 50%. We then used a two-tailed t-test to determine whether SFS
distributions were significantly different (Harpak, Bhaskar, & Pritchard, 2016; Keinan,
Mullikin, Patterson, & Reich, 2007). As noted by Keinan et al, this test is conservative
since it reflects significant deviation in the mean minor allele frequencies rather than
other differences in the shape of the distribution (2007).

Comparing phylogenetic conservation at synonymous and intronic sites
We used a custom script to annotate the TOPMed variants with GERP++ scores
(Davydov et al., 2010). To assess phylogenetic conservation on codon usage, we
compared the GERP++ scores of the reference alleles of the synonymous and intronic
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variants included in the SFS analyses. Because only a fraction of fourfold degenerate
sites actually harbors a variant in TOPMed, we also compared the correlation between
CSC and GERP++ at all fourfold degenerate sites in the genome. To mitigate
confounding due to conservation at splice sites, we excluded codons occurring at
exon-intron boundaries in all Ensembl v75 transcripts.

Deriving synRVIS
Using aggregated allele frequency from gnomAD exomes (Karczewski et al., 2019), we
defined Y as the total number of common (MAF > 0.5%) synonymous O à NO SNVs
in a gene and X as the total number of synonymous SNVs occurring in a gene. We
then regressed Y on X and defined synonymous RVIS (synRVIS) as the studentized
residual for each gene. The resulting regression line accounts for genic mutation rates,
sequence context, and gene size while predicting the expected number of common
synonymous variants that result in a non-optimal change. We explored the behavior
of the score when we used alternative MAF cutoffs of 1% and 0.1% for defining
common variants on the Y-axis and found that these scores strongly correlated
(Pearson’s r = 0.89 and r = 0.74, respectively) (Supplementary Figure 3A,B). We also
found strong correlation when we used RSCU instead of CSC to define codon
optimality (r = 0.63) (Supplementary Figure 3C).

synRVIS permutation test
We sought to verify that the synRVIS scores deviate from a null model, as the resulting
residuals may reflect random noise rather than intergenic patterns of constraint. To
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perform a permutation test, we randomly assigned synonymous variants to each gene
and recalculate the synRVIS scores. In the presence of intergenic constraint, the
distribution of the real synRVIS scores should show greater variance than the
permuted scores. Specifically, we performed 1,000 permutations in which we
randomly assigned the gnomAD synonymous variants to genes, controlling for gene
size. For each permutation, we fit a regression line and calculated the variance of the
studentized residuals. To calculate a p-value, we determined the rank of the real
synRVIS variance amongst the variances resulting from these permutations.

Calculating synGERP
We defined the synGERP score as the average GERP++ score (Davydov et al., 2010)
of all fourfold degenerate sites in a given gene. We excluded all codons immediately
adjacent to exon-intron junctions in all Ensembl v75 transcripts to mitigate
confounding due to conservation at canonical splice sites.

Gene set enrichment tests
We used logistic regression models to determine the ability of synRVIS and synGERP
to predict 360 dosage sensitive genes contained in the ClinGen Genome Dosage Map
(http://www.ncbi.nlm.nih.gov/projects/dbvar/clingen/)

and
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DNA

damage

response genes
(http://sciencepark.mdanderson.org/labs/wood/dna_repair_genes.html).
We calculated receiver operating characteristic (ROC) curves using the pROC
package in R (Robin et al., 2011). For the BROCA cancer risk panel genes
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(https://testguide.labmed.uw.edu/public/view/BROCA), we opted to perform a Mann
Whitney U test to compare the intolerance of these genes versus all other genes in the
genome rather than evaluate the ROC, given the small sample size of the gene list
(n=66). We additionally performed a permuted Mann Whitney U test for this particular
enrichment test. Specifically, we first computed the actual Mann Whitney U p-value of
the observed data. We then randomly permuted the labels of the data and computed
additional p-values 1,000 times. We defined the permuted p-value as the proportion
of permuted p-values less than or equal to the actual p-value derived from the original,
unpermuted dataset.
We also compared the distribution of synRVIS and synGERP to LOEUF
(https://gnomad.broadinstitute.org/downloads), a metric that assesses the observed
over expected ratio for loss-of-function variants in the gnomAD database. Specifically,
we computed the median LOEUF score per synRVIS and synGERP decile. We also
assessed the median synRVIS and synGERP percentile of genes dynamically
expressed

during

the

cell

cycle,

as

identified

by

CycleBase

(https://cyclebase.org/CyclebaseSearch).

GO Enrichment
We performed GO enrichment tests of genes falling below the 25th percentile in
synRVIS or synGERP to identify classes of genes most intolerant to synonymous
variation. We also performed enrichment tests of synRVIS tolerant but LOEUF
intolerant genes. We defined these genes as genes above the 75th percentile in
synRVIS, but below the 25th percentile of LOEUF scores based on our observation in
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Figure 4B. To perform the enrichment test, we used the PANTHER GO Enrichment
Analysis Tool (http://geneontology.org), using the PANTHER GO-Slim Biological
Process annotation set. P-values were computed using Fisher’s Exact Test and
corrected via False Discovery Rate. We defined corrected p-values < .05 as
significant.

BRCA1 function score evaluation
We used VEP to annotate the resulting codon changes from synonymous variants
assayed by Findlay et al (2018). We then annotated the reference and alternate codons
of each variant with their CSC values and removed all variants identified as splice
region variants by VEP or occurring within 3 basepairs of exon-intron junctions. We
annotated variants with function scores less than −0.748 as variants that reduced
BRCA1 function. To quantify codon usage changes, we defined ΔCSC as the
difference between the alternate CSC value and the reference CSC value for each
variant.

Data visualizations
All plots were generated in R using ggplot2 (Wickham, 2016). Figure 1A was created
with BioRender (https://biorender.com). Color palettes for plots were derived from the
wesanderson R package (https://github.com/karthik/wesanderson).
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5.6 Supplementary figures

Figure S1. Demonstration of variant matching scheme and baseline SFS. (A) Illustration of variant
matching scheme for TopMed variants. Each observed synonymous variant was matched to an
observed intronic variant within 10kb and with the same reference and alternate allele. We excluded all
variants occurring in the first and last codon of an exon and intronic variants within 10 basepairs of
splice junctions. (B) Site frequency spectrum of synonymous and intronic variants without accounting
for codon bias.
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Figure S2. SFS of synonymous and intronic variants matched for 5’ and 3’ nucleotide content (A)
Illustration of variant matching scheme for TopMed variants that matches synonymous and intronic
variants that share the same major and minor allele as well as the same neighboring 5’ and 3’
nucleotide. (B) Site frequency spectrum of matched variants. T-test p-values: Syn O à NO vs syn
neutral (p=3.2x10-34); syn O à NO vs intronic O->NO (p=5.4x10-27); syn NO à O vs intronic NO à O
(p=6.2x10-4); and syn NO à O vs syn neutral (p=9.1x10-16) (C) GERP++ distributions of the reference
alleles of the matched variants. (D) SFS of the original matched synonymous and intronic variants using
RSCU-defined codon optimality. (E) GERP++ distribution of reference alleles of the RSCU-annotated
variants.
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Figure S3. Scatter plots of alternative synRVIS derivations. (A) Comparison of synRVIS scores
calculated using a 1% MAF cutoff rather than 0.5% MAF cutoff for defining common optimal to nonoptimal codons (Y). (B) Comparison of using a MAF cutoff of 0.1% rather than 0.5% for (Y). (C)
Comparison of CSC-defined codon optimality versues RSCU-defined codon optimality (MAF cutoff of
0.5% for both).
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Figure S4: GO enrichments of genes tolerant to synonymous variation but intolerant to loss-offunction variation. Top GO categories enriched for genes below 25th percentile LOEUF and top 25th
percentile synRVIS.
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Figure S5. synGERP distributions of cell cycle expressed genes and BROCA list genes. (A) synGERP
distributions of genes periodically expressed in the cell cycle. (B) synGERP distribution of genes contained
in the BROCA panel versus all other protein coding genes. (C) Scatter plot of CSC scores and function
scores for synonymous variants in BRCA1. (D) Same as (C) with outliers removed.
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Conclusion
6.1 General conclusions
Genetic discoveries have uncovered a pervasive role of gene expression dysregulation
in disease. In Mendelian diseases, there is a striking number of implicated genes that
encode regulators of gene expression, such as transcription factors and chromatin
modifiers (reviewed in Chapter 4). Furthermore, cis-regulatory variation (e.g. eQTLs) can
modify the penetrance of coding variants through modulating the expression of diseasecausing alleles (Lappalainen et al., 2019). For many complex traits, a vast majority of
GWAS-defined heritability signal partitions to non-coding regulatory elements that are
active in biologically relevant cell types (Finucane et al., 2015; Shendure et al., 2019).
Now, the major challenge facing the field is assessing gene expression changes in the
context of disease etiology.
The recent introduction of single-cell RNA-sequencing technologies have enabled
researchers to gene quantify expression at an unprecedented resolution (Camp et al.,
2019). Despite the number of gene regulators implicated in neurodevelopmental disease,
there have been relatively few efforts to use scRNA-seq to interrogate gene expression
changes associated with these mutations.
In Chapter 2 of this thesis, we use scRNA-seq to identify cell type-specific
transcriptomic signatures of hippocampal and cortical cells derived from a mouse model
of HNRNPU haploinsufficiency. Despite the ubiquitous expression of this RNA-binding
protein, we found pyramidal cells in the subiculum showed the strongest burden of gene
dysregulation. While most gene expression changes were modest, the gene Mef2c
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showed a roughly 50% reduction in expression in these cells. Interestingly,
haploinsufficiency of MEF2C in humans causes a neurodevelopmental syndrome
strikingly similar to the HNRNPU haploinsufficiency syndrome (Le Meur et al., 2010;
Novara et al., 2010; Rocha et al., 2016). Interestingly, however, Mef2c does not show
this strong of a downregulation in other cell types in which it is expressed. The reason
for this cell type specificity remains unclear. One potential explanation is that these cells
lack compensatory mechanisms for upregulating Mef2c expression that may be present
in other cell types. Overall, this work represents one of the first scRNA-seq-based
characterizations of a gene expression regulator implicated in neurodevelopmental
disease. Our results highlight the importance of cell type-specific analyses, and provide
a framework for identifying vulnerable cell types that may be important to disease
etiology.
In Chapter 3 of this thesis, we use scRNA-seq to characterize organoid models
of a malformation of cortical development called periventricular nodular heterotopia
(PVNH). We performed scRNA-seq on cortical organoids carrying pathogenic mutations
in two cytoskeletal genes associated with PVNH: MAP1B (Heinzen et al., 2018) and FLNA
(Fox et al., 1998). We then compared these data with transcriptomic signatures previously
reported in organoid models of two other PVNH genes—DCSH1 and FAT4–which encode
a cadherin receptor ligand pair (Klaus et al., 2019). While these genes are not typically
thought of as transcriptomic regulators, emerging evidence suggests that cadherins and
cytoskeletal genes can in fact dynamically regulate gene expression (Uhler &
Shivashankar, 2017). Indeed, we observed numerous convergent transcriptomic defects
among these models, including dysregulation of neuronal migration and cortical
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lamination pathways in neural progenitor cells. In addition to these transcriptomic
defects, scRNA-seq equipped us to identify an altered neuronal population that
appeared across all four disease models. These cells exhibited gene expression patterns
that suggested precocious differentiation and patterning defects.
Human cortical organoids offer a promising system for modeling neurological
disease, as they can, in theory, represent human-specific features of development.
However, this system has its limitations due to organoid variability and the upregulation
of stress-related pathways (Bhaduri et al., 2020). Therefore, it is crucial to verify that
molecular phenotypes can be replicated across genetic models, laboratories, and
differentiation protocols (Di Lullo & Kriegstein, 2017). Through this work, we demonstrate
how scRNA-seq can be used to identify congruent single-cell phenotypes.
In Chapter 5, we demonstrate that human codon usage may play an
underappreciated role in human disease. In particular, because codon optimality is a
determinant of mRNA stability, synonymous mutations that alter codon optimality can
result in gene expression changes (Bazzini et al., 2016; Forrest et al., 2018; Q. Wu et al.,
2019). To demonstrate the importance of codon usage in human physiology, we use
population genetics approaches to detect signatures of selection on codon usage. We
generate a score, synRVIS, that assesses gene-level constraint on codon optimality. In
agreement with the role of codon optimality in mediating gene expression, we find that
dosage sensitive genes are more intolerant to changes in codon usage. Unexpectedly,
selection at synonymous sites appears to be weak. While there have been reports that
single codon changes can cause human disease, we propose that synonymous
mutations may more often modulate the penetrance of Mendelian diseases.
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6.2 Future directions
Functional interrogation of implicated cell types
We have demonstrated that scRNA-seq can reveal cell type-specific vulnerabilities in
disease models. A crucial next step is to functionally interrogate how these expression
changes relate to disease etiology. In the Hnrnpu mouse model, for example, one could
use electrophysiology approaches to assess whether the increased burden of
transcriptomic dysregulation in the mutant subiculum leads to neuronal hyperactivity in
this brain region. We have begun to explore c-Fos immunostaining to answer this
question. Likewise, one could employ patch clamp assays to assess the
electrophysiological properties of the altered neuronal population observed in the
organoid models of PVNH.

Convergence of transcriptomic perturbations
In Chapter 4, we propose a community-based collaborative effort to perform single-cell
RNA-sequencing on models of every transcriptomic regulator implicated in autism
spectrum disorder, epileptic encephalopathy, developmental delay, and schizophrenia.
This effort would allow for the identification of vulnerable cell types and convergent
disease mechanisms within each one of these disease areas. It may also allow
researchers to identify features that distinguish each of these conditions. Indeed, singlecell RNA-sequencing of human tissue from individuals with epilepsy and ASD have
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already pointed to differences in cell type-specific transcriptomic vulnerabilities
(Velmeshev et al., 2019).

Assessing the risk-modifying potential of synonymous variants
Our findings in Chapter 5 demonstrate that natural selection optimizes codon content in
the human genome. These findings implicate codon optimality in fitness. Given the role
of codon optimality in mediating mRNA stability, synonymous variants could play an
important role in mediating disease risk. Variable penetrance and variable expressivity
can cause individuals carrying the same pathogenic variant to display highly variable
symptoms (R. Chen et al., 2016; Niemi et al., 2018). In future studies, one might assess
whether optimal codon content affects penetrance. As an example, one could consider
an individual is heterozygous for a synonymous variant and a non-synonymous
pathogenic variant in the same gene. If the synonymous variant reduced transcript
stability and occurred on the same haplotype as the pathogenic variant, it could reduce
penetrance (Lappalainen et al., 2019). On the other hand, if the synonymous variant
occurred on the opposite haplotype, it could increase penetrance.

Leveraging transcriptomics for precision medicine
Most neurodevelopmental conditions lack a sufficient prevalence to maintain traditional
drug discovery programs. Therefore, there is an urgent need to develop low-cost, highthroughput approaches to discover targeted therapies for these disorders. In Chapter 4,
we

outline

a

drug

discovery

paradigm

for

gene

regulators

implicated

in

neurodevelopmental disease. In short, the generation of disease expression signatures
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and compound signatures in neural cells would allow researchers to identify compounds
that could revert disease-causing gene expression changes. We have shown that small
molecule-induced gene expression signatures are cell type-specific, emphasizing the
importance of scRNA-seq for this approach. Furthermore, we demonstrated in Chapter
2 that the use of a bulk hippocampal signature versus the subiculum signature leads to
the prioritization of very different compounds.
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Abstract Epilepsy is a serious neurological disease with substantial genetic contribution. We have recently made major
advances in understanding the genetics and etiology of the
epilepsies. However, current antiepileptic drugs are ineffective
in nearly one third of patients. Most of these drugs were developed without knowledge of the underlying causes of the
epilepsy to be treated; thus, it seems reasonable to assume that
further improvements require a deeper understanding of epilepsy pathophysiology. Although once the rate-limiting step,
gene discovery is now occurring at an unprecedented rapid
rate, especially in the epileptic encephalopathies. However,
to place these genetic findings in a biological context and
discover treatment options for patients, we must focus on developing an efficient framework for functional evaluation of
the mutations that cause epilepsy. In this review, we discuss
guidelines for gene discovery, emerging functional assays and
models, and novel therapeutics to highlight the developing
framework of precision medicine in the epilepsies.
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Introduction
Advancements in next-generation sequencing (NGS) technologies and our ability to interpret genomic data have created
unprecedented opportunities to diagnose, treat, and even prevent disease in a personalized manner [1]. Neurodevelopmental
disorders are especially amenable to this emerging medical
paradigm due to their heterogeneity, high rates of heritability,
and global burden [2]. In fact, genomic sequencing efforts in
some of the epilepsies have directly led to new insights in
disease mechanism and possible directions for targeted
therapies.
Epilepsy is one of the most common neurological disorders, with a lifetime cumulative incidence of nearly 4 %
[3]. It is extremely heterogeneous at the genetic, molecular, and clinical level. In clinical settings, epilepsies are
classified into two groups: generalized epilepsies, in
which seizures occur in bilaterally distributed networks,
and focal epilepsies, in which seizures originate within
one cerebral hemisphere [4]. There are, however, some
epilepsy-related syndromes in which the seizures remain
unclassifiable.
Large-scale twin and family studies have repeatedly demonstrated that the epilepsies are highly genetic. Estimates of
heritability fall between 25 and 70 % [5–7], and the risk of
epilepsy among first-degree relatives of individuals is increased approximately threefold [8]. Due to complex inheritance patterns, genetic discovery in familial epilepsies has
been slow. However, there has been remarkable progress in
identifying genes in rare epilepsies, with new epileptic encephalopathy genes being identified nearly every month via
NGS-based approaches [9]. We now face the challenge of
developing efficient models that allow us to predict the biological significance of these genetic variants [10]. In this review, we highlight key discoveries in the rare epilepsies to
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illustrate the process of identifying genetic risk markers, the
elucidation of disease mechanism through functional evaluation of causal mutations, and the development of targeted
treatment options.

(non-recurrent) copy number variants (CNVs) play an important role in both the complex and rare epilepsies [22–25].

De Novo Mutations in the Epileptic Encephalopathies

Genetic Architecture and Gene Discovery
The etiologies of the epilepsies, ranging from genetic to acquired, can be considered as a spectrum [9, 11]. The rare
epilepsies, such as the epileptic encephalopathies, are at one
end of the spectrum, as these syndromes are typically caused
by single-gene mutations of large effect. Next are the complex
epilepsies, which are characterized by extreme locus and allelic heterogeneity and may have some environmental contributions. At the other end of the spectrum are acquired epilepsies,
such as trauma, hypoxia, and stroke. Even acquired cases,
though, have some level of genetic contributions [12–14].
The genetic contributions to acquired epilepsies, however,
are clearly of a more a subtle character than those for nonacquired epilepsy and likely represent a much less tractable
type of epilepsy for targeted therapeutics.
Complex Epilepsies
The complex (and most common) epilepsies, such as genetic
generalized epilepsy (GGE) and non-lesional focal epilepsies,
do not currently show any clear evidence that they are caused
largely by single mutations of large effect. Rather, there is
increasing evidence that these syndromes are either polygenic
(influenced by variation in many genes) or oligogenic (influenced by a few genes) [4, 11, 15]. Genome-wide association
studies (GWASs) have been applied to the complex epilepsies
in an effort to identify common single-nucleotide polymorphisms (SNPs) that confer risk of disease. Although they have
been successful in a number of common disorders, most
GWASs have had only limited success in the epilepsies
[16–18]. This lack of positive signals can likely be attributed
to small sample sizes and insufficient power, especially when
compared to GWAS in other neuropsychiatric disorders, such
as schizophrenia [19].
A recent meta-analysis conducted by the International
League Against Epilepsy (ILAE) Consortium on Complex
Epilepsies identified several genetic markers associated with
genetic generalized epilepsy (GGE) and focal epilepsy [20],
but there is still a lack of a clear picture of the role of common
polymorphisms in the complex epilepsies, and it remains unclear whether common or rare variants are causing the given
signal [21]. It is also becoming increasingly evident that de
novo mutagenesis plays an important role in the epilepsies,
and GWASs are blind to such variation. Finally, although not a
focus of this review, it is important to note that there is substantial evidence that suggest that both recurrent and private

The epileptic encephalopathies (EEs) are a group of rare heterogeneous and severe childhood neurologic disorders characterized by epileptic activity accompanied by cognitive, sensory, and motor impairment [26]. While we have only seen
modest success in unraveling the genetics of the complex
epilepsies, the genetic etiologies of the EE have been uncovered with extraordinary success [9, 27–29, 30••, 31]. These
disorders are perhaps the best example of epilepsies that are
strongly influenced by single mutations of large effect.
De novo mutations—mutations seen in a child but neither
of the parents—have been gaining recognition as an important
mechanism in neuropsychiatric disorders [27, 30••, 32, 33].
Due to DNA replication errors in germ cells and early stages
of embryonic development, individuals harbor roughly 100
genomic de novo mutations per individual per generation;
on average, one of these mutations occur in the exonic region
[34]. Trio-based whole-exome sequencing (WES) studies, in
which the exomes of the two healthy parents and affected
proband are sequenced and compared, allow us to efficiently
detect exonic de novo mutations. However, the majority of
putative de novo mutations arise from genotyping errors.
Thus, when identifying candidate sites, it is important to examine the sequencing depth and quality at that position, factor
in the frequency of the variable site, and validate the site via a
different technology (e.g., Sanger sequencing) [35].
Researchers typically use large cohorts of trios to identify
whether there is a statistically significant excess of de novo
mutations in individual genes or sets of genes (e.g., pathways).
Importantly, the analysis must account for gene size and mutability and the number of sequenced cases (for a more detailed explanation, see [10] and [35]). In order to prioritize the
identified variants, investigators often further analyze the data
at the variant and gene level based on external information.
For example, it is now well established that certain genes—
especially those involved in neurodevelopmental disorders—
are far less tolerant to protein-disrupting mutations than others
[36, 37]. Thus, for a given mutation, we can couple information about the gene’s intolerance to functional variation with
the estimated likelihood that a given mutation will damage the
structure and function of the protein (generated via algorithms
such as SIFT [38] or PolyPhen2 [39]). Two consortia, Epi4K
and EuroEPINOMICS, used this kind of analysis to conduct
the largest trio-based sequencing studies in the epilepsies to
date [27, 30••]. By evaluating 356 probands with EE, they
identified three new epilepsy genes: DNM1, GABRB3, and
ALG13. There was also a significant excess of mutations in
previously known epilepsy genes, including STXBP1,
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SCN1A, and CDKL5, and increased sample sizes will almost
certainly implicate additional genes [35].
Although the study identified many singleton de novo mutations, protein-protein interaction networks showed that these
genes were functionally related to each other and other known
epilepsy genes. In fact, 75 % of the identified causal de novo
mutations occurred in synaptic transmission genes. Thus, despite the extreme locus heterogeneity of the EE, rare mutations
across many genes likely converge on a few key pathways.
Although these findings are limited to the rare epilepsies, it is
quite possible that these genes and pathways are common to
the complex epilepsies as well (e.g., SCN1A, a sodium channel gene that has been implicated in both Dravet syndrome
and generalized epilepsy with febrile seizures plus).

Functional Analysis of Epilepsy Genes
Gene discovery is only one element in understanding the underlying pathophysiology of the epilepsies. WES has made
variant discovery incredibly efficient for the epilepsies in
which there are single mutations of large effect. However,
with this increasing bounty of genetic information, researchers
must now prioritize functional studies that place these findings
in a biological context to understand the overall pathophysiology of the epilepsies. Oftentimes, the first step in functional
validation of variants involves common molecular assays that
examine messenger RNA (mRNA) expression, protein localization, and DNA-protein or protein-protein interactions.
These assays are important for understanding the most fundamental pathogenicity of the mutations, but they do not always
provide a clear link between the genetic entity and cellular
phenotype. Thus, in order to create targeted therapies, we must
develop and improve cellular and animal disease models that
recapitulate the causal mechanism underlying the disease, the
phenotypic features seen in humans, and treatment responses
seen clinically [40]. We review some of the most common
in vivo and in vitro epilepsy models below.
Zebrafish
Zebrafish (Danio rerio) are simple vertebrates that provide an
excellent and affordable model system for the analysis of brain
development and function [41–43]. These fish develop rapidly
and generate large clutch sizes (between 50 and 200 embryos
per female almost every week), making them particularly attractive models [44]. Seizure-like neurophysiological responses can be evoked in both adult and larval zebrafish via
genetic and pharmacological manipulations [45].
For a long time, injection of morpholinos (oligonucleotides
that bind and block translation of endogenous mRNA)
remained a popular method for knocking down genes in this
organism. However, variable knockdown, off-target effects,

and the transience of morpholinos can hinder this approach
[40, 46]. The CRISPR/Cas9 system provides an easier and
more efficient method for creating knockout and knock-in
zebrafish [47]. Because drugs placed in bathing medium can
permeate zebrafish membranes, these fish provide a remarkable moderate- to high-throughput anti-epileptic drugscreening platform [40, 48•]. A number of epilepsy genes
have been modeled in zebrafish, including LGI1 [49], CHD2
[50], SCN1A [48•], and STX1B [51].
Although simple vertebrates such as zebrafish can provide
import insights into epilepsy, their absence of a complex nervous system limits their application in modeling comorbid
features of this disease, including depression, intellectual disability, movement disorders, and others. Additionally, their
smaller size prevents simultaneous recording of behavior
and EEG [40]. When these features are of interest, mouse
models may provide a better alternative.
Mice
The common house mouse (Mus musculus) is the most commonly used animal model in epilepsy studies. Although
zebrafish provide a more rapid genetic screening platform,
mice and humans are 95 % identical at the genomic level,
share many similar biochemical pathways, and suffer from
many of the same diseases [52]. In addition, these small mice
breed rapidly with a short gestation period, respond well to
training and testing for many in vivo assays, and remain docile
in captivity [53].
Until recently, researchers relied on tedious protocols, such
as TALENs and zinc finger nucleases, to create transgenic
mice. However, as with zebrafish, we can now efficiently
and affordably edit mouse genomes via CRISPR/Cas9. Platt
et al. recently reported that they created a knock-in mouse that
endogenously expresses Cas9—an RNA-guided endonuclease that is essential in the CRISPR/Cas9 genome-editing system [54] (see [55] for a more detailed explanation of the
CRISPR/Cas9 system). This method allows for both ubiquitous and tissue-specific genome editing via adeno-associatedvirus-, lentivirus-, or particle-mediated delivery of guide
RNA. Primary neurons from these mice can also be used for
ex vivo genome editing, which provides an attractive approach for various molecular and neuronal assays, including
multi-electrode array studies (see below). Overall, CRISPR/
Cas9 genome editing is affordable enough that we can model
a single mutation in a mouse for less than $5000; we can thus
envision a medical paradigm in which we create a mouse
model for each known epilepsy-causing mutation.
Mouse models not only help validate human mutations but
also help predict new disease genes. DNM1 is one of the best
and most recent examples of an epilepsy gene first discovered
in mice. In 2010, Boumil et al. reported that mice with a novel
spontaneous mutation in Dnm1, a synaptic vesicle
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endocytosis gene, experienced recurrent seizures, ataxia, and
neu rosenso ry defe cts [56]. Five ye ars later, the
EuroEPINOMICS and the Epi4K consortia identified five patients with mutations in DNM1, deeming it a significant statistically significant epilepsy gene [30••]. One of these mutations occurred in the middle domain—the same domain as the
mouse Dnm1Ftfl mutation. Functional studies revealed that
this human mutation and the mouse mutation had nearly the
exact same molecular and cellular phenotypes: a significant
inhibition of endocytosis, disruptions to protein dimerization,
and significantly large vesicles [56, 57]. The story of DNM1
exemplifies the power of combining findings from NGSbased studies, cellular and molecular assays, and mouse
models to elucidate possible disease mechanisms.
Patch-Clamp Studies
The patch-clamp method is an electrophysiological technique
used for recording small currents flowing through a cell’s
plasma membrane in isolated or cultured cells and brain slice
preparations [58]. In vivo patch clamping has also been applied in a number of species, including zebrafish [59, 60] and
mice [61, 62]. Patch-clamp studies have provided an incredible amount of information about the biophysical consequences of epilepsy-causing mutations in genes encoding
channel proteins. However, there are a few disadvantages to
this technique.
Although automated high-throughput patch-clamp systems
are improving, manual patch-clamping is still considered the
gold standard in neurophysiology. Unfortunately, manual
patch-clamping suffers from very low-throughout and requires high expertise [63]. Additionally, patch-clamping at
the single-cell level cannot generate data about neuronal network dynamics [64]. Nonetheless, patch-clamping continues
to provide an extremely good model system for studying the
electrophysiological properties of the channelopathies—i.e.,
the epilepsies caused by mutations in channel proteins.
Although ion channel dysfunction was considered the predominant mechanism of the epilepsies for a long time, recent
evidence strongly suggests that synaptic dysregulation may
play an even larger role in the underlying pathophysiology,
at least in the encephalopathies [30••]. Due to the extreme
heterogeneity in the molecular architecture of these syndromes, we must develop a more generalized and highthroughput model that can be applied to mutations found in
any kind of protein.

devices contain arrays of tightly packed electrodes on a grid
that can manipulate and monitor network-level neural activity
of brain slices and cultured cells. Succinctly, the electrodes in
each well record extracellular field potentials that reflect spike
activity of nearby neurons. MEA platforms, unlike patchclamps, are non-invasive, meaning that excitable cells can be
recorded for weeks and months without inflicting any damage
to the neurons’ cell membranes [65]. This system equips researchers to monitor the whole course of neuronal network
development—from initially spontaneous bursting to synchronous bursting patterns—in vitro [66].
Although they are frequently used for neurotoxicity studies, MEAs are becoming an increasingly popular platform for
genetic disease modeling [67–69]. If a mouse model exists for
the mutation of interest, then researchers can culture dissociated neurons on the MEA plate; in the case of loss-of-function
mutations, the gene can be knocked down via siRNA transduction at an early stage of the culture. Thus far, MEAs have
been used to successfully elucidate network-level phenotypes
in mouse models of epilepsy-causing mutations in SYN1 [69]
and CHRNB2 [70].
As stem cell technologies continue to improve, MEA studies in the epilepsies will expand beyond mouse cortical cultures. By using efficient genome editing tools, such as
CRISPR/Cas9, and induced human pluripotent stem cells
(iPSCs), we can both model and screen putative epilepsycausing mutations at an unprecedented scale [71]. We additionally envision a framework in which cells are taken from
individuals with epilepsy, reprogrammed into iPSCs, and differentiated into neurons to provide a personalized human cellular model for each patient. Currently, these approaches are
limited by our inability to differentiate iPSCs into fully functional mature neurons, but recent studies indicate that we are
close to overcoming this barrier [72].
Finally, because different drugs can be applied to cell media in each well, the MEA system provides an excellent opportunity for high-throughput drug discovery. Although the
MEAs are a high-throughput system with information on
network-level phenotypes, they still cannot provide robust
insights into comorbid developmental features. Thus, the best
approach to modeling the epilepsies will likely require a combination of in vitro and in vivo models. Below, we highlight
some key therapy options, many of which have resulted from
these model systems.

Developing Targeted Therapies
Multi-electrode Arrays
Multi-electrode arrays (MEAs) currently provide the most
promising universal cellular model for studying the epilepsies
because they allow for monitoring phenotypes at the neuronal
network level and are not limited to ion channels. These

Current antiepileptic drugs are ineffective in one third of patients, largely due to insufficient knowledge of the basic pathophysiological processes in treatment-resistant patients [73,
74]. However, by understanding the underlying genetic and
molecular etiology of each individual patient’s epilepsy, we
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can provide more individualized and molecular approaches to
disease management. In fact, recent genetic and functional
neurobiology studies have already led to some remarkable
targeted therapies.
Ketogenic Diet
The ketogenic diet is a high-fat, moderate-protein, lowcarbohydrate diet that causes metabolic changes usually associated with starvation [75]. Specifically, the liver metabolizes
fat stores into ketone bodies that the cell can use to generate
energy. A randomized controlled trial of children and adolescents with uncontrolled seizures validated the anticonvulsant
efficacy of this diet. Both generalized and focal epilepsies
were included, and the number of seizures decreased by more
than 50 % in nearly half of the individuals after adhering to the
diet for 1 year [76].
Heterozygous mutations in the gene SLC2A1, which encodes a protein (GLUT1) that transports glucose across the
blood brain barrier, can result in GLUT1 deficiency syndromes. The most severe and common GLUT1 deficiency
phenotype comprises of infantile-onset epileptic encephalopathy, developmental delay, and an associated movement disorder. Many patients with GLUT1 disorders respond extremely well to the ketogenic diet; thus, an early clinical diagnosis
remains crucial for these patients [77–79]. The diet is also
effective in many other epilepsy syndromes, including
Dravet syndrome and some acquired epilepsies [80].
Although it was not first identified in a model system, it is
possible to place mouse models on a ketogenic diet to test the
possible efficacy of the treatment in patients.

markedly large potassium currents that can be mitigated by
quinidine—an FDA-approved drug for cardiac arrhythmias
[85•]. Soon after this finding was published, Bearden and
colleagues reported that administration of quinidine to a child
with EIMFS led to an improved psychomotor development
and a marked reduction in seizure frequency [86]. They note,
however, that an earlier diagnosis and initiation of quinidine
may have led to an even better clinical outcome, thus
highlighting the importance of genetic testing and personalized care in clinical management of the epilepsies.
Other patch-clamp studies have revealed that the PKC activators PMA and bryostatin-1 can inhibit the increased potassium currents that are caused by one of the EIMFS-causing
mutations (P924L) [87]. Further studies are needed to fully
demonstrate the clinical efficacy of all of these treatments, but
these findings are encouraging examples of targeted therapies
for epilepsies that are currently difficult to manage [9].
Memantine
Mutations in GRIN2A, which encodes an NMDA receptor
subunit, cause idiopathic focal epilepsy with rolandic spikes
and early-onset epileptic encephalopathy [88–90]. Voltageclamp assays revealed that one particular epileptic
encephalopathy-causing mutation in GRIN2A (L812M) increases the intrinsic activity of the channel, thereby causing
neuronal hyperexcitability [91•, 92]. Screening of FDAapproved NMDA receptor antagonists led to the discovery
that memantine could inhibit the effects of this mutation
in vitro; the proband harboring the L812M mutation was treated with the drug and experienced a significant reduction in
seizure frequency [91•].

Clemizole
A recent study used a zebrafish line carrying a mutation in the
scn1Lab gene, which is 78 % homologous to the human
SCN1A gene that is associated with Dravet syndrome, to
screen a re-purposed drug library of 300 compounds [48•].
Clemizole, a US Food and Drug Administration–approved
histamine antagonist, inhibited convulsive behaviors and
electrographic seizures in the zebrafish. This drug is now a
strong candidate for further preclinical evaluation [81].
Further, this study validated the use of zebrafish for drug
screening and illustrated the utility of drug re-purposing as a
cost-effective and rapid approach for drug discovery [82].
Quinidine, Bryostatin, and PMA
Gain-of-function mutations in KCNT1, a sodium-activated
potassium channel, are associated with both migrating partial
seizures of infancy (MPSI) [83] and autosomal-dominant nocturnal frontal lobe epilepsy (ADNFLE) [84]. In vitro oocyte
patch-clamp assays illustrate that these mutations result in

Conclusions
These selected highlights of genetic findings, functional analyses, and targeted therapies illustrate the exciting progress of
precision medicine in the epilepsies. It is important to note that
many of these advancements have occurred due to large-scale
international collaborations [93]. This collaborative framework allows for increased throughput and cohort sizes, which
makes gene discovery and drug screening immensely easier
and more efficient.
Recent genetic and therapeutic discoveries have important
clinical implications. First, the number of epilepsies with a
genetic basis is larger than previously thought, meaning that
we can largely leave the term Bidiopathic^ behind [9, 94].
Second, due to the extreme locus and allelic heterogeneity of
the epilepsies, it is not unforeseeable that WES will replace
gene panels in clinical genetic testing. As these genetic screening techniques continue to transition into the clinic, it is critical
that clinicians and geneticists carefully analyze putative
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variants and do not overinterpret results [9]. In the absence of
cohort sizes large enough for burden analyses, mutations require functional analysis to determine causality. Additionally,
clinicians who decide to offer genetic testing for their patients
must be familiar with guidelines for genetic counseling, both
pre- and post-genetic testing [95].
Clearly, this framework of using genetics-driven functional
assays to discover targeted therapies will translate into improved care for epilepsy patients. However, we must continue
to develop more efficient methods for screening mutations and
anti-epileptic drugs in order to keep up with the rapid progress
we are making in gene discovery.
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INTRODUCTION
Epilepsy is one of the most common neurological disorders, affecting roughly one in 26 people at some point in their
lifetime (England, Liverman, Schultz, & Strawbridge, 2012). The International League Against Epilepsy (ILAE) deﬁnes an
epileptic seizure as “a transient occurrence of signs and/or symptoms due to abnormal excessive or synchronous neuronal
activity in the brain” (Fisher et al., 2005). Conceptually, epilepsy is characterized as an enduring predisposition of the brain
to generate epileptic seizures, with a broad range of potential sensorimotor, cognitive, psychological, and social consequences. For use in clinical settings, the ILAE deﬁnes epilepsy as a disease of the brain that is deﬁned by any of the three
following conditions: (1) at least two unprovoked (or reﬂex) seizures occurring more than 24 h apart; (2) one unprovoked
(or reﬂex) seizure and a probability of further seizures similar to the general recurrence risk after two unprovoked seizures
(at least 60%) occurring over the next 10 years; and (3) diagnosis of an epilepsy syndrome (Fisher et al., 2014).
The epilepsies are highly heterogeneous, encompassing a wide spectrum of clinical subtypes that are deﬁned by seizure
type, EEG, and brain imaging criteria (Berg et al., 2010; Speed et al., 2014). Despite this heterogeneity, the epilepsies are
broadly classiﬁed into two main groups for clinical use: focal epilepsies, in which seizures originate within one cerebral
hemisphere, and generalized epilepsies, in which seizures occur in bilaterally distributed networks. However, there is a
smaller proportion of epilepsy-related syndromes in which the seizures are unclassiﬁable. Although they have diverse and
heterogeneous etiologies, many forms of epilepsy are considered to be highly genetic and heritable conditions. One of the
most comprehensive twin studies indicated a higher frequency of concordance in monozygotic twins (44.4%) than
dizygotic twins (9.7%) in both focal and generalized epilepsies (Berkovic, Howell, Hay, & Hopper, 1998). Furthermore,
the risk of epilepsy among ﬁrst-degree relatives of individuals with epilepsy is 4.7%, a 3.3-fold risk increase compared
with population incidence (Peljto et al., 2014).

PROGRESS IN EPILEPSY GENETICS
Linkage Analysis
Some of the ﬁrst genetic epilepsy studies relied on large pedigrees, linkage analyses, and positional cloning to implicate
pathogenic gene mutations in epilepsies that show Mendelian inheritance patterns. Linkage analysis is based on the
identiﬁcation of polymorphic genetic markers that are distributed throughout the genome, such as single-nucleotide
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polymorphisms (SNPs) and microsatellites, in all individuals of the family. The co-inheritance of the markers and affection
status is then used to localize the genomic region within which the disease-causing mutations must reside. After mapping a
candidate chromosomal region using such linkage analyses, targeted sequencing is then used to identify the
disease-causing gene.
By employing these methods to study a family with autosomal dominant nocturnal frontal lobe epilepsy (ADNFLE),
Steinlein et al. reported the ﬁrst epilepsy gene, CHRNA4, in 1995. Since then, a variety of linkage analysis-based studies
have been performed, resulting in the discovery of over 20 epilepsy genes (Ottman et al., 2010).

Genome-Wide Association Studies
The next efforts in epilepsy gene discovery were primarily based on genome-wide association studies (GWAS), which use
high-throughput microarray-based technologies to genotype hundreds of thousands of SNPs across the genome. GWAS
attempt to identify polymorphisms that are signiﬁcantly associated with a speciﬁc trait. If a genetic association increases
susceptibility to a given disease such as epilepsy, the associated genetic variant will be seen more often than expected by
chance in diseased individuals. The idea of GWAS was exciting in the ﬁeld of epilepsy genetics because, unlike linkage
analyses, they can be conducted in caseecontrol populations without relying on the acquisition of multiplex families.
Unfortunately, the vast majority of epilepsy GWAS that have been completed to date have revealed either no evidence or,
in a few cases, modest evidence for candidate genes or genetic risk factors, likely owing to small sample sizes and
insufﬁcient power.
However, the ILAE Consortium on Complex Epilepsies combined genome-wide association data from
population-based data sets and 12 cohorts of individuals with common epilepsies (2014). Meta-analyses were conducted
for three phenotypic groups: genetic generalized epilepsy (GGE), focal epilepsy, and all epilepsy (consisting of all patients
with a conﬁrmed diagnosis of epilepsy, including GGE, focal epilepsy, and unclassiﬁed epilepsy). Loci at 2q24.3 and
4p15.1, harboring SCN1A and PCDH7, respectively, were implicated in the all-epilepsy analysis with genome-wide
signiﬁcance. SCN1A encodes a sodium channel that is strongly linked to other epilepsy syndromes (see section Sodium
Channels). In the GGE cohort, there was a single signal at 2p16.1, implicating either VRK2 or FANCL. No SNP achieved
genome-wide signiﬁcance for focal epilepsy.
Various hypotheses address the lack of strong signal from epilepsy GWAS. One hypothesis is that epilepsy is a highly
heterogeneous disease and the successful application of GWAS requires large, well-phenotyped cohorts that are phenotypically homogeneous (Poduri & Lowenstein, 2011). Other hypotheses are covered in section Complex Epilepsies.
Furthermore, epilepsy GWAS remain small compared with studies conducted for other neuropsychiatric disorders, such as
schizophrenia. Obtaining larger cohorts will likely lead to the identiﬁcation of more signals.

Next-Generation Sequencing
Rapid advances in next-generation sequencing (NGS), also known as massively parallel sequencing, have revolutionized
the cost and speed with which human genomes can be sequenced. Unlike GWAS, NGS allows examination of nearly all of
the genetic variants (rare or otherwise) in a given genome. High-throughput sequencing approaches generate millions of
short sequence reads in parallel that are then aligned to the human reference genome. Computer algorithms are used to
detect variants, including single-nucleotide variants (SNVs), insertions and deletions (indels), and structural variants.
Currently, one of the most popular NGS methods is whole-exome sequencing (WES), which is used to sequence only
the coding portion of the genome. Before sequencing, a capture kit is used to isolate exonic and ﬂanking intronic base
pairs. Current exome-sequencing kits target only about 2% of the human genome, making it cheaper and faster than wholegenome sequencing (WGS). WES is clearly a pragmatic approach, both because most currently known disease-causing
mutations occur in coding regions of the genome and because we are far better at interpreting variants in the exome
than variants in the genome as a whole. The limitation of WES is that it largely focuses on protein coding exons, and
therefore has limited ability to detect regulatory mutations that inﬂuence risk.
Perhaps the biggest challenge in interpreting NGS data is properly prioritizing the variants. First, one must consider
broad factors such as the mode of inheritance, the frequency of the disorder, and the predicted deleterious nature of the
variant. For example, if the disease is recessive, the study should focus on homozygous variants; if the disorder is rare, the
causal variants should either be very rare or absent in control populations. Of course, in many cases the underlying genetic
model is not known at the outset.
Furthermore, depending on the hypothesis, either a variant-based analysis or burden tests (described subsequently) can
be used to interpret genetic variation. When studying rare variation, it is difﬁcult to detect association using variant-based
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analyses (such as GWAS) because there are generally insufﬁcient copies of the rare alleles to be tested as a single variant at
a time. The better alternative is to aggregate statistical information across mutations within a functional unit, such as a gene
or pathway. The most straightforward way to conduct this type of analysis is by using a burden test, in which the number of
rare alleles in cases is tested against the number of alleles in control subjects. The choice of threshold for inclusion of these
variants can be challenging. Thus, there are various burden methods that differ in the way they factor in allele frequencies
of individual variants and whether they take weighted combinations of variants based on external information, such as
functional class, frequency, and conservation. These tests assume that all variants act in the same direction with respect to
disease risk. This assumption can be limiting in the case in which some variants increase risk whereas others decrease risk.
However, methods such as the C-alpha test (Neale et al., 2011), the sequence kernel association test (Wu et al., 2011), and
the estimated regression coefﬁcient test (Lin & Tang, 2011) relax this assumption.
Various computational models help prioritize both variants and genes for these analyses. To prioritize individual
variants, algorithms such as SIFT (Sim et al., 2012), PolyPhen2 (Adzhubei et al., 2010), and others are used to predict the
functional effect of amino acid changes. These methods can estimate the likelihood that a given mutation will damage the
structure and function of a human protein. Although these models are useful, variants must be placed in an evolutionary
context to determine whether they are pathogenic for a speciﬁc condition. By using population genetics, we can generate
quantitative assessments of how well genes tolerate functional genetic variation on a genome-wide scale. Two such models
are the Residual Variant Intolerance Score (RVIS) (Petrovski, Wang, Heinzen, Allen, & Goldstein, 2013) and constraint
scores (Samocha et al., 2014). Both of these tools illustrate that disease genes tend to harbor fewer than expected functional
mutations in a population.

GENETIC ARCHITECTURE OF THE EPILEPSIES
Although the initial success in identifying epilepsy genes came from pedigree analyses in which there was evidence of
segregation of a major autosomal dominant gene, these families are not representative of most human subjects
with inherited epilepsies. As with most common diseases, most epilepsies show complex inheritance patterns. It is clear
that the epilepsies as a whole are characterized by extreme locus and allelic heterogeneity, which means that both
mutations in genes at different chromosomal loci and different mutations at the same locus can cause the disease.
Furthermore, the epilepsies presumably also involve a degree of inheritance that is either oligogenic (inﬂuenced by a
few genes) or polygenic (inﬂuenced by many genes). Although it is hard to identify causal oligogenic and polygenic
traits, we can study epilepsies with single genes of major effect to determine critical pathways and principles regarding
causation of disease. In fact, advances in these epilepsies have been accompanied by an exponential increase in our
understanding of the contribution of copy number variants, susceptibility alleles, and de novo mutations to epilepsy
pathogenesis.
Overall, three overlapping categories describe the genetic architecture of the epilepsies (Thomas & Berkovic, 2014).
At one end of the spectrum are the epilepsies in which a single gene mutation (inherited or de novo) with a large effect
size accounts for the phenotypic features. This continuum evolves into the complex epilepsies, which are putatively
polygenic or oligogenic and show extreme locus and allelic heterogeneity. At the other end of the spectrum are epilepsies with a major acquired cause, such as trauma and stroke. Even acquired cases, however, such as those caused by
trauma, infections, and strokes, are known to have genetic contributions (Christensen et al., 2009; Dichgans, 2007;
Kariuki et al., 2013).

Copy Number Variation in the Epilepsies
Large-scale variations in the human genome are common, even among healthy individuals. By convention, a deletion or
duplication larger than 1000 base pairs (1 kilobase) is called a copy number variation (CNV), but CNVs can reach up to
several million base pairs (megabases [Mb]). There are around 1500 regions of variable copy number spread across
360 Mb (about 12%) of the human genome (Redon et al., 2006). CNVs can be conceptualized into two groups: recurrent
and private. Recurrent CNVs occur at genomic “hot spots” that are sensitive to CNV by unequal crossing over during
meiosis (Mefford & Eichler, 2009). Private (nonrecurrent) CNVs are rare and are primarily caused by de novo mutations in
gametes or at a very early stage of embryonic development (Mulley & Mefford, 2011). In contrast to recurrent CNVs,
private CNVs can occur anywhere across the genome and can affect many genes. When these mutations are large, they are
usually directly clinically relevant.
Evidence suggests that CNVs can have a role in many different neuropsychiatric disorders. Most notably, large deletions and duplications have been associated with mental retardation, schizophrenia, and autism. Interestingly, some of
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these same recurrent deletions (at 15q13.3 and 16p13.11) have been associated with GGE, one of the most common forms
of epilepsy (Heinzen et al., 2010; Helbig et al., 2009). Helbig et al. found that recurrent microdeletions at 15q13.3 occurred
in 12 of 1223 patients with GGE (0.98%) but none of 3699 control subjects. There was a 1.5-Mb “critical region” that was
contained by the deletions across all 12 patients containing seven genes, including a plausible epilepsy candidate gene,
CHRNA7, that encodes a subunit of the nicotinic acetylcholine receptor. In addition to the two CNVs at 15q13.3 and
16p13.11, an additional recurrent CNV at 15q11.2 has been associated with common epilepsies (de Kovel et al., 2010).
Collectively, these three CNVs account for an estimated 2.9% of patients with GGE (Mefford et al., 2010).
Private CNVs can also be attributed to epilepsy, but because these variations are rare, individual nonrecurrent CNVs
will not account for large proportions of patients with epilepsy. Nonetheless, these CNVs may include known epilepsy
genes. For example, in a study of roughly 500 patients with GGE and focal epilepsy, two patients harbored microdeletions
involving AUTS2 (also associated with autism) and one had a microdeletion involving CNTNAP2 (previously associated
with autism, cortical dysplasia-focal epilepsy syndrome, and PitteHopkins-like syndrome 1) (Mefford et al., 2010). Other
investigations found that roughly 4% of patients with epileptic encephalopathies, a collection of very rare and severe
epileptic syndromes characterized by treatment-refractory seizures and developmental delay, harbor rare and clearly
pathogenic CNVs (Mefford et al., 2011).
CNVs clearly have an important role in epilepsy susceptibility. Microarray analysis is part of routine clinical use,
largely replacing karyotyping as a genetic diagnosis tool (Thomas & Berkovic, 2014). Unlike SNVs and indels, predicting
mechanism of pathogenicity of CNVs is often an inexact science, which makes it harder to gain precise insight into the
underlying pathophysiology. As a result, it is more challenging to devise possible targeted therapies for CNVs.

De Novo Mutations in the Epilepsies
De novo mutations are new mutations that are seen in a child but in neither of the parents, arising either during meiosis of
the parents’ gametes or during a very early stage of embryonic development. The human mutation rate is between
7.6 ! 10"9 and 2.2 ! 10"8, equating to roughly 40 de novo mutations per individual per generation (Lynch, 2010).
Overall, each individual is expected to have roughly one exonic de novo mutation. These mutations can be identiﬁed
through trio-based sequencing, in which the healthy biological parents and affected children are sequenced.
De novo mutations contribute to the pathogenesis of many neurological disorders, including intellectual disability, autism
spectrum disorder, and epilepsy (Neale et al., 2012; O’Roak et al., 2011; Vissers et al., 2010). Studies have clearly implicated
de novo mutations in the severe epileptic encephalopathies, which are prime examples of epilepsies that are strongly
inﬂuenced by single mutations. The genetic etiologies of these devastating disorders have been unraveled at an unprecedented rate, owing in large part to trio-based WES, and have opened the ﬂoodgates to examining new disease mechanisms.
In one large study conducted by the Epilepsy Phenome/Genome Project and the Epi4K Consortium, trio-based WES
was performed on 264 probands and their unaffected biological parents to identify de novo mutations in two main types of
epileptic encephalopathies, infantile spasms, and LennoxeGastaut syndrome (Epi4K Consortium, 2013). Using RVIS (see
section Next-Generation Sequencing), the consortium conﬁrmed that patients with epileptic encephalopathies show a clear
statistical excess of de novo mutations in genes that are intolerant to genomic changes. This project identiﬁed seven
recurrently mutated genes in 10% of patients; among these genes, ﬁve were previously linked to the encephalopathies and
two were identiﬁed as novel epileptic encephalopathy genes with clear statistical evidence of association. In addition, the
group provided suggestive evidence for the role of several other genes.
Another study of a cohort of 356 probands, including the 264 trios analyzed in the previously-described study, representing a collaboration between the Epi4K and EuroEpinomics consortia, revealed that de novo mutations causing
epileptic encephalopathy are enriched in synaptic transmission genes (Euro Epinomics- R. E. S. Consortium, Epilepsy
Phenome/Genome Project, & Epi4K Consortium, 2014). In fact, 75% of the 429 de novo mutations occurred in genes
involved in this pathway, which emphasizes an important role of synaptic dysfunction in the epilepsies. Furthermore, in
both of these large trio-based studies, the identiﬁed mutations are also enriched in speciﬁc gene sets that are regulated by
the Fragile X protein (FMRP). Interestingly, this same association has been reported for autism spectrum disorders
(Iossifov et al., 2012).
The challenge of implementing WES studies in clinical practice is that mutations in a great number of genes can cause a
similar phenotype. For example, in the Epi4K study, only 29 of 264 patients had mutations in the same gene as at least one
other patient (nine genes total). Whereas many of the identiﬁed de novo mutations in a clinical setting are likely
disease-causing, each mutation must be considered case by case. If a predicted deleterious coding mutation occurs in a
previously established gene, that mutation is generally considered causal (although this will obviously not always be so).
For genes that are not established as epilepsy-causing genes, a gene-based approach can be used. Essentially, if de novo
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mutations in phenotypically similar patients occur in the same gene more often than expected by chance (based on
site-speciﬁc mutation rates), this gene is signiﬁcantly associated with the phenotype (Epi4K Consortium, 2013). As an
increasing number of patients are sequenced, de novo mutations will surely continue to be implicated in the epilepsies and
other disorders associated with seizures. It is also hypothesized that de novo mutations may provide an alternate explanation for the absence of a family history in certain patients with GGE (Scheffer, 2011).

Complex Epilepsies
As opposed to the epileptic encephalopathies, which are often inﬂuenced by single mutations of major effect, the more
common epilepsies, such as the GGEs and nonlesional focal epilepsies, do not show obvious evidence of single mutations
of major effect. Although the genetic models relevant here remain largely unknown, it is likely that discovery is currently
difﬁcult because these epilepsies have a broad range of different underlying genetic architectures. Whatever the real architecture, it is clear that the epilepsies as a whole are characterized by extreme locus and allelic heterogeneity, and
presumably also involve a degree of either oligogenic or polygenic inheritance (Crompton et al., 2010; Helbig, Scheffer,
Mulley, & Berkovic, 2008). As a result, determining the genetic basis of complex epilepsies remains challenging.
Because epilepsy GWAS have had only limited success to date, associations with common SNPs appear to account
for only a small fraction of epilepsy heritability. One hypothesis, often termed the “common disease-rare variant
hypothesis,” proposes that the true disease-causing variants exist at lower frequencies in the population (Petrovski &
Kwan, 2013). Rare variants cannot be detected on the SNP platforms that are used in GWAS; rather, they must be
identiﬁed by high-throughput sequencing of whole genomes and exomes. Thus, multiple rare causal variants of large
effect may drive the diluted signals observed when assaying common variants; and even with a successful GWAS, it
remains unclear whether common or rare variants are causing the given signal (Dickson, Wang, Krantz, Hakonarson, &
Goldstein, 2010).
An exome-sequencingebased caseecontrol study of 118 patients with GGE and 242 control subjects was conducted to
elucidate the role of low-frequency variants with intermediate effects (sometimes referred to as “Goldilocks alleles”) in the
common epilepsies (Heinzen et al., 2012). This study concluded that overall, Goldilocks alleles do not have a major role in
GGE. This study and the other GGE research projects conducted to date highlight the extreme genetic heterogeneity of
epilepsy disorders. Thus, the variants of most interest may still be rare even in very large cohorts of cases. As a result,
gene-based analyses and more phenotypically homogeneous cohorts are needed to reveal true risk factors for the common
epilepsies.

Interpreting the Genetic Architecture
Further genetic studies will provide us with increased insight into this architecture. However, gene discovery is only one
element (and in many ways the easier element) in understanding the overall pathophysiology of the epilepsies. The biggest
challenge lies in understanding the nature and biological effects of genes and pathogenic variants involved in order to
highlight the precise pathways that result in epileptogenesis. Clearly, the more genes and mutations we discover, the easier
it is to delineate these key pathways. In fact, many of the genes available to date can already be organized to a degree into
broad categories, which are described next. However, the list of genes described in the text that follows is not meant to be
exhaustive. Rather, we have chosen a subset of strongly implicated epilepsy genes that represent common groups and
pathways underlying epileptogenesis.

VOLTAGE-GATED CHANNELOPATHIES
Voltage-gated ion channels are integral membrane proteins that are essential for normal neurologic function. Epilepsycausing mutations have been associated with a variety of channel protein coding genes; however, in this section, we have
focused on only the most strongly implicated genes for which some level of functional analysis has been performed.

Sodium Channels
Voltage-gated sodium channels initiate and propagate action potentials and thus have an important role in neuronal
excitability. Nine genes encode the pore-forming a subunit whereas, four genes encode the auxiliary b units involved in
channel localization and interaction with cell adhesion molecules, the extracellular matrix, and the intracellular
cytoskeleton (Catterall, Goldin, & Waxman, 2005). Mutations in both of these subunits have been implicated in epilepsy.
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SCN1A
SCN1A encodes the a1 subunit of the sodium channel that is distributed in the axon initial segment and nodes of Ranvier
and forms a fast-inactivating, voltage-dependent Naþ channel (Duﬂocq, Le Bras, Bullier, Couraud, & Davenne, 2008). To
date, over 650 mutations in SCN1A have been described in different epilepsy syndromes, including generalized epilepsy
with febrile seizure plus (GEFSþ), Dravet syndrome, and LennoxeGastaut syndrome.
Missense mutations at various sites in SCN1A are associated with GEFSþ, and most individuals have mild, self-limited
phenotypes (Reid, Berkovic, & Petrou, 2009). However, only a small portion of GEFSþ cases results from mutations in
SCN1A. Interestingly, Dravet syndrome, infantile spasms, and LennoxeGastaut syndrome, all usually very severe epileptic
syndromes, can also be caused by de novo missense and nonsense mutations (Claes et al., 2001; Epi4K Consortium, 2013).
In addition, deletions of whole exons, multiple exons, and the whole gene have been linked to Dravet syndrome (Madia
et al., 2006; Mulley & Mefford, 2011). In most epileptic encephalopathies no single gene accounts for most cases;
however, approximately 80% of cases of Dravet syndrome can be attributed to SCN1A mutations.
More than half of SCN1A mutations in epilepsy are truncating, leading to complete loss of function of the protein.
However, there is considerable controversy and multiple hypotheses about how these mutations cause seizures. One
hypothesis, termed the “interneuron hypothesis,” states that because SCN1A is predominantly found in neurons expressing
gamma-aminobutyric acid (GABA), the principal inhibitory neurotransmitter in the nervous system, these mutations result
in decreased inhibition and overall hyperexcitability (Oliva, Berkovic, & Petrou, 2012). Work involving humanpatientederived induced pluripotent stem cell neurons, however, illustrates that these mutations may increase intrinsic
hyperexcitability of both GABAergic and glutamatergic neurons (Liu et al., 2013). Interestingly, several studies have
shown that SCN1A haploinsufﬁciency results in a compensatory increase in sodium current, presumably through altering
the expression of other voltage-gated sodium channels (Chopra & Isom, 2014).

SCN2A
SCN2A encodes the a2 subunit in sodium channels and is found predominantly at terminals, unmyelinated axons, and at
very high levels in the axon initial segment (Gong, Rhodes, Bekele-Arcuri, & Trimmer, 1999; Hu et al., 2009;
Westenbroek, Merrick, & Catterall, 1989; Whitaker et al., 2000). It is crucial for action potential initiation, propagation,
and repetitive ﬁring. Missense mutations in SCN2A are often implicated in benign familial neonatal infantile seizures
(BFNIS), GEFSþ, and epileptic encephalopathy (Berkovic et al., 2004; Hackenberg et al., 2014; Herlenius et al., 2007;
Matalon, Goldberg, Medne, & Marsh, 2014). Unlike epileptic encephalopathy, the prognosis of BFNIS is excellent in
terms of normal development and most patients show age-dependent seizure remission. Research suggests that this
remission may correlate with developmental reorganization of the axon initial segment, in which SCN2A is replaced by
SCN8A, thereby diminishing the inﬂuence of the mutated channel (Liao et al., 2010). However, further functional studies
are required to explain the mechanism of pathogenicity for this broad range of phenotypes.

SCN1B
SCN1B encodes the b1 multifunctional ancillary subunit that is involved in modulating channel gating and regulating the
level of channel expression (Isom, 2002). Four mutations that associate with GEFSþ have been identiﬁed in the extracellular domain of SCN1B (Audenaert et al., 2003; Scheffer et al., 2007; Wallace et al., 1998). In one study, the mutation
C121W occurred in ﬁve patients who also presented with temporal lobe epilepsy (Scheffer et al., 2007). Finally, a single
SCN1B mutation has also been reported in Dravet syndrome (Ogiwara et al., 2012).
Heterologous expression assays illustrate that reported SCN1B mutations are loss of function and appear to interfere
with modulation of channel gating (Wallace et al., 1998). In addition, SCN1B expression decreases activity of the a
subunit, which means that a mutation interfering with this mechanism will increase the activity of the subunit to which it is
bound (Aman et al., 2009; Ferrera & Moran, 2006; Qu et al., 2001). If the activity of SCN2A were increased, this would
lead to increased excitability of the system; however, if the activity of the SCN1A unit were increased, one would expect
increased inhibition. Therefore, a clear mechanism of pathogenicity has not yet been established for SCN1B mutations.

Potassium Channels
Voltage-gated potassium channels are extremely diverse, with over 70 domains. They have a wide variety of functional
roles in the neuron, including the modulation of neuronal ﬁring patterns, deﬁning resting membrane potential, and the
modulation of neurotransmitter release (Reid et al., 2009).
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KCNQ2 and KCNQ3
KCNQ2 encodes KV7.2 and KCNQ3 encodes KV7.3; both of these channels contribute to the M current, which activates
when an excitatory stimulus depolarizes the neuron toward spike threshold, repolarizes the membrane back toward resting
potential, and suppresses ﬁring (Rogawski, 2000; Wang et al., 1998).
Benign familial neonatal epilepsy (BFNE) is an autosomal dominant epilepsy that has a favorable outcome for
seizure remission and cognitive function (Thomas & Berkovic, 2014). A vast majority of BFNE cases are associated
with KCNQ2 mutations, but a few are associated with KCNQ3 (Biervert et al., 1998; Hirose et al., 2000; Singh et al.,
1998). De novo mutations in KCNQ2 have also been linked to an epileptic encephalopathy that resembles Ohtahara
syndrome (Saitsu et al., 2012).
Because M channels stabilize the membrane potential and thereby limit action potential ﬁring, a loss of this ability would
likely increase neuronal excitability. However, the role of loss-of-function mutations in conferring network level hyperexcitability remains unclear, as this phenotype would depend on the distribution of the channels in excitatory versus inhibitory
neurons. A transgenic mouse harboring a dominant-negative KCNQ2 mutation (G279S) found in humans developed
spontaneous seizures (Peters, Hu, Pongs, Storm, & Isbrandt, 2005). Electrophysiological recordings from the mouse
demonstrated increased excitability, reduced spike-frequency adaptation, and attenuated medium afterhyperpolarization.

KCNA1
KCNA1 encodes the KV1.1 channel that is widely expressed throughout the nervous system and localizes to axonal
membrane and presynaptic nerve terminals, where it aids in repolarizing and shaping action potentials. Mutations in this
gene can cause Episodic Ataxia Type 1 (EA1), which is associated with sudden attacks of ataxia and with a variety of other
nervous system abnormalities including an increased incidence of epilepsy (Browne et al., 1994). Functional analyses of
proteins harboring EA1 mutations suggest impaired channel assembly, trafﬁcking, and kinetics (Reid et al., 2009).

KCNT1
KCNT1 encodes a sodium-activated potassium channel that is widely expressed in the brain, particularly the frontal cortex.
It is associated with both ADNFLE and a severe epileptic encephalopathy called epilepsy in infancy with migrating focal
seizures (Barcia et al., 2012; Heron et al., 2012). Patch-clamp studies in which Xenopus laevis oocytes were transfected
with mutant KCNT1 constructs containing two of the de novo mutations showed currents that resembled wild type in terms
of voltage dependence and kinetic behavior, but had much higher amplitude, which indicates that these mutations are gain
of function (Barcia et al., 2012). Evidence suggests that this phenotype can be reversed by quinidine (see section
Quinidine, Phorbol-12-Myristate-13-Acetate, and Bryostatin).

Calcium Channels
Voltage-gated Ca2þ channels mediate calcium entry into neurons in response to membrane depolarization. Calcium inﬂux
controls a number of essential neuronal responses, including calcium-dependent enzymes, gene expression, neurotransmitter release from the presynaptic terminal, and regulation of neuronal excitability. There are six calcium channel types:
L-, N-, P-, Q-, R-, and T-type, each classiﬁed by its respective electrophysiological properties.

CACNA1H
Whereas mutations have been implicated in several voltage-gated calcium channel genes, including CACNA1A and
CACNA1B, the most compelling evidence for calcium channel involvement in epilepsy is for CACNA1H. This gene codes
for the CaV3.2 subunit of the low-threshold T-type Ca2þ channel, which opens during depolarization. Low-voltage Ca2þ
channels are predominantly located in neuronal dendrites, where they affect neuronal excitability (Perez-Reyes, 2003).
Over 30 mutations in CACNA1H are associated with GGE cases and there is some evidence for association with childhood
absence epilepsy (Chen et al., 2003; Heron et al., 2004). However, it is unclear whether these variants are sufﬁcient to
cause epilepsy on their own. Functional studies have indicated that several of these mutations confer gain of function
through a variety of mechanisms. Biophysical analyses have also shown that many mutations affect channel properties,
including rates of activation and inactivation, and current density (Vitko et al., 2005). Because most of the functional
changes are small, and some mutations confer no obvious biophysical changes, it is predicted that these mutations may be
only one risk factor for these presumably polygenic disorders.
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LIGAND-GATED CHANNELOPATHIES
Nicotinic Acetylcholine Receptors
CHRNA4, CHRNB2, and CHRNA2
Nicotinic acetylcholine receptors (nAChRs) are ion channels (permeable to Naþ, Kþ and Ca2þ) that are modulated by
acetylcholine, thus converting neurotransmitter binding into depolarization. There are a total of 17 subunits (a1e10, b1e4,
g, d, and ε), and epilepsy mutations have been identiﬁed in the alpha and beta subunits. nAChRs localize to the synapses of
pyramidal neurons and interneurons where they modulate neurotransmitter release, including glutamate and GABA.
Several mutations in CHRNA4, CHRNB2, and CHRNA2 have been identiﬁed in ADNFLE. CHRNA4 and CHRNB2
code for the a4 and b2 subunits, which combine to form the most abundant nAChR in the brain (Gotti et al., 2007).
CHRNA2 encodes the a2 subunit that is expressed in GABAergic interneurons (Son & Winzer-Serhan, 2006). One
common effect of the mutations identiﬁed in all three subunits is an increased sensitivity to acetylcholine (Bertrand,
2002). A potential consequence of this heightened sensitivity is an increase in presynaptic Ca2þ inﬂux that would increase
neurotransmitter release (Reid, Bekkers, & Clements, 1998). In addition, it has been proposed that nAChR impairment
may be most pronounced at excitatory synapses, thus leading to increased excitatory transmission (Rodrigues-Pinguet
et al., 2003).

Gamma-Aminobutyric Acid Receptors
GABA is the primary inhibitory transmitter in the central nervous system. There are three GABA receptor classes: GABAA
and GABAC receptors are ionotropic and GABAB is metabotropic.

GABRG2 and GABRA1
Mutations in GABRG2, which encodes the g2 subunit of the GABA receptor, have been associated in families with
GEFSþ, childhood absence epilepsy (CAE), Dravet syndrome, and febrile seizures (Baulac et al., 2001; Harkin et al.,
2002; Kananura et al., 2002). Mutations in GABRA1, which encodes the a1 subunit, have been implicated in a family with
juvenile myoclonic epilepsy, patients with epileptic encephalopathy, and in one case of CAE (Cossette et al., 2002; Epi4K
Consortium, 2013; Maljevic et al., 2006). Many of these mutations in the GABAA receptors generally result in decreased
surface expression of the receptor protein, thus resulting in a reduction of GABA-activated chloride currents and altered
gating kinetics (Reid et al., 2009).

N-Methyl-D-Aspartate Receptors
The N-methyl-D-aspartate (NMDA) receptor is an ionotropic glutamate receptor that mediates excitatory neurotransmission
in the mammalian brain. These receptors localize to the postsynaptic terminal and allow for the inﬂux of sodium and
calcium, which are essential for synaptic transmission of neuronal activity. In addition, NMDA receptors have a crucial
role in synaptic plasticity, the molecular mechanism involved in learning and memory.

GRIN2A
Mutations in GRIN2A, which encodes the NMDA receptor subunit NR2A, cause idiopathic focal epilepsy with rolandic
spikes and epileptic encephalopathies including LandaueKleffner syndrome, epilepsy with continuous spike and waves
during slow sleep syndrome, and nonsyndromic epilepsy associated with intellectual disability (Carvill, Regan, et al., 2013;
Lemke et al., 2013; Lesca et al., 2013). All of these encephalopathies fall within the epilepsy aphasia spectrum and are
characterized by a speciﬁc EEG pattern and developmental regression that particularly affects speech. As expected, many
of these mutations are de novo.
Functional analysis and electrophysiological recordings of one de novo mutation (L812M) revealed an enhanced
agonist potency; decreased sensitivity to negative modulators, including magnesium, protons, and zinc, prolonged synaptic
response time, and increased single-channel open probability (Yuan et al., 2014).

GRIN2B
GRIN2B encodes the NMDA receptor subunit NR2B. De novo mutations in this gene are associated with West syndrome
and intellectual disability with focal epilepsy, and may also be associated with infantile spasms and LennoxeGastaut
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syndrome (Epi4K Consortium, 2013; Lemke et al., 2014). Interestingly, the functional consequences of mutations in
GRIN2B seem to be far different from GRIN2A mutations. The mutations caused a signiﬁcant loss of ion channel block by
extracellular Mg2þ and dramatically increased Ca2þ permeability, consistent with gain of function. The mutation observed
in the patient with focal epilepsy, a milder phenotype, caused less of a disturbance to the channel function.

VESICLE TRAFFICKING DYSREGULATION
The channelopathy paradigm has received much attention in the ﬁeld of epilepsy genetics. However, data suggest that
roughly 75% of de novo mutations identiﬁed in a large cohort of patients with epileptic encephalopathies disrupt proteins
involved in synaptic transmission (Euro Epinomics- R. E. S. Consortium et al., 2014). A number of synaptic transmission
genes speciﬁcally involved in vesicle trafﬁcking have been identiﬁed in the epilepsies. In neurons, synaptic vesicles store
various neurotransmitters that are released at the synapse when there is an inﬂux of calcium from voltage-dependent
channels. Vesicles are essential for propagating nerve impulses and are constantly recycled via exocytosis and endocytosis.

STX1B
STX1B encodes syntaxin-1b, a member of the SNARE complex that mediates synaptic vesicle fusion to the presynaptic
membrane. Three mutations, one nonsense and two missense, have been identiﬁed in probands with febrile seizures and
associated epilepsies (Schubert et al., 2014). When STX1B is knocked down in zebraﬁsh, the animals showed seizure-like
behavior and epileptiform discharges that were highly sensitive to increased temperature. However, the mechanism of
pathogenicity of these mutations remains to be elucidated.

STXBP1
De novo mutations in STXBP1, which regulates synaptic vesicle release by binding to syntaxin-1a and the SNARE complex,
have been implicated in some of the most severe epileptic encephalopathies: Ohtahara syndrome and LennoxeGastaut
syndrome (Epi4K Consortium, 2013; Saitsu et al., 2008). Functional studies show that these mutations are largely loss of
function, but further research is required to understand the role of dysfunctional exocytosis in epileptic phenotypes.
However, because of STXBP1’s crucial role in exocytosis, these mutations likely impair synaptic vesicle release.

DNM1
DNM1 encodes dynamin-1, which is a large mechanochemical GTPase that is required for synaptic vesicle endocytosis.
Upon hydrolysis of GTP, DNM1 pinches the forming clathrin-coated vesicle from the plasma membrane at the presynaptic
terminal. De novo mutations in DNM1 have been implicated in LennoxeGastaut syndrome and infantile spasms (Euro
Epinomics- R. E. S. Consortium et al., 2014). Functional studies have shown that epilepsy-causing mutations in this gene
disrupt endocytosis via a dominant negative mechanism (Dhindsa et al., 2015). Further, a mouse model with a mutation in
Dnm1 shows severe seizures and electron microscopy reveals that these mice have fewer, but larger, vesicles than wild type
mice (Boumil et al., 2010, Dhindsa et al., 2015).

SYN1
SYN1 encodes synapsin I, a phosphoprotein that associates with the membranes of synaptic vesicles, regulates synaptic
vesicle trafﬁcking, and affects presynaptic targeting. Mutations in SYN1 are associated with focal epilepsies as well as
autism spectrum disorder (Fassio et al., 2011). In vitro assays illustrate that the human mutations impair the release of
vesicles from the readily releasable pool, thus conferring a complete loss of function.

MISCELLANEOUS GENES
Whereas some epilepsy-causing genes easily cluster into groups, other implicated genes do not group as readily. We
outline genes in which functional studies have been conducted.

SLC2A1
De novo and inherited mutations in SLC2A1, which encodes a glucose (GLUT1) transporter that transports glucose across
the bloodebrain barrier and into glia, can cause GLUT1 deﬁciency syndromes 1 and 2 (GLUT1DS1 and GLUT1DS2)
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(De Vivo et al., 1991; Suls et al., 2008; Weber et al., 2008). GLUT1DS1 is a severe infantile encephalopathy characterized
by microcephaly, intellectual disability, and motor incoordination. GLUT1DS2 is associated with paroxysmal exerciseinduced dyskinesia, and some patients also have early-onset childhood absence epilepsy. These patients typically show
low glucose concentration in the cerebral spinal ﬂuid. Functional studies of some GLUT1 deﬁciency-related mutations in
Xenopus oocytes conﬁrm that these mutant proteins impair glucose transport.

LGI1
LGI1 encodes a protein that is characterized by leucine-rich domains. Although its biological function is unclear, evidence
suggests that it is a secreted neuronal protein that may also regulate voltage-gated potassium channels. Mutations in LGI1
have been identiﬁed in patients with autosomal dominant partial epilepsy with auditory features (Kalachikov et al., 2002).
Interestingly, autoantibodies that target LGI1 have been implicated in autoimmune limbic encephalitis. Findings in a
conditional Lgi1 knockout mouse suggest that LGI1 regulates neuronal excitability. Furthermore, loss of LGI1 primarily
dysregulates glutamatergic neurons (Boillot et al., 2014). Importantly, LGI1 is required from embryogenesis to adulthood
to achieve proper circuit functioning (Boillot et al., 2014).

SYNGAP1
The SYNGAP1 protein is a synaptic Ras GTPase-activating protein that localizes to dendritic cells in neocortical
pyramidal neurons, suppressing NMDA receptoremediated synaptic plasticity and a-amino-3-hydroxy-5-methyl4-isoxazolepropionic acid receptor membrane insertion. Mutations in SYNGAP1 cause epileptic encephalopathy,
intellectual disability, and autism via haploinsufﬁciency (Berryer et al., 2013; Carvill, Heavin, et al., 2013; Hamdan et al.,
2011). Haploinsufﬁciency of Syngap1 in a mouse model accelerated the maturation of glutamatergic synapses in the
hippocampus and altered the excitatory/inhibitory balance in the hippocampus, thereby increasing excitation and seizure
susceptibility (Clement et al., 2012).

DEPDC5
The protein encoded by DEPDC5 is a member of the GATOR1 complex that inhibits mammalian targets of
rapamycinemediated processes, including cell growth and proliferation. Nonsense and missense mutations in DEPDC5
have been identiﬁed in ADNFLE, familial temporal lobe epilepsy, and familial focal epilepsy with variable foci (Dibbens
et al., 2013; Ishida et al., 2013; Scheffer et al., 2014). Evidence suggests that some, but not all, of the epilepsy-causing
mutations signiﬁcantly inhibit GATOR1-dependent inhibition of TORC1 signaling. These results suggest that dysfunctional neuronal signal transduction may cause epilepsy (van Kranenburg, Hoogeveen-Westerveld, & Nellist, 2014).

GNAO1
Heterotrimeric G proteins are composed of a, b, and g subunits and transduce a variety of signals from membrane
receptors to intracellular effectors. De novo mutations in GNAO1, which codes for a G protein a subunit, cause epileptic
encephalopathy (Nakamura et al., 2013). Functional expression studies showed that three of the mutations impaired protein
localization to the plasma membrane, and electrophysiology analysis illustrated that these mutations also decreased
inhibition of calcium currents by norepinephrine.

INTERPRETATION
Together, the number of genes that have been implicated in the epilepsies illustrates a tremendous amount of locus heterogeneity, even in clinically well-deﬁned epilepsy syndromes such as infantile spasms. Despite the extreme locus heterogeneity, proteineprotein interaction networks show that most of these implicated epilepsy genes may be functionally
connected. Thus, rare mutations across many genes may actually converge on a few key pathways, such as those
mentioned previously. Oftentimes, epilepsy genetic studies identify private mutations (ie, mutated in single individuals).
These mutations require functional studies and perhaps further genetic studies to determine whether they truly contribute to
the phenotype.
Although many of the genetic ﬁndings thus far have been in the epilepsies that are strongly inﬂuenced by single
mutations, the underlying pathways may be shared among these rare, strongly genetic epilepsies and the complex
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epilepsies. For example, SCN1A is associated with both GEFSþ and Dravet syndrome. Thus, studying rare, highly genetic
epilepsies provides insights into pathophysiology that might otherwise be unattainable.

MANAGEMENT/THERAPEUTIC IMPLICATIONS
Understanding the fundamental disease mechanisms underlying epilepsy is essential for developing targeted treatments,
especially because a third of all patients with epilepsy do not respond to any of the numerous antiepileptic drugs currently
available, and many patients who do respond experience signiﬁcant side effects from the medications. This is particularly
the case in the vast majority of encephalopathies, which are essentially untreatable with current therapies. Discovering
“epilepsy genes” and mutations allows us to conduct targeted functional studies to understand aberrant networks at genetic,
cellular, and electrophysiological levels, thereby providing a gateway to personalized pharmacological and nonpharmacological treatment options. Although this paradigm of genetically and functionally targeted therapies remains
aspirational for the vast majority of patients with epilepsy, there are already a handful of examples that emphasize the
potential of this approach.

Ketogenic Diet
The ketogenic diet is a high-fat, low-carbohydrate diet that is thought to stimulate the effects of starvation by forcing the
body to use fat as a fuel source. The body metabolizes fat via lipolysis and the fatty acids undergo beta-oxidation into
ketone bodies that can be used as precursors to generate adenosine triphosphate (ATP). In a randomized controlled trial of
145 children with generalized or focal seizures, 38% of patients on the diet had a more than 50% reduction in seizure
frequency, compared with 6% of control subjects on an unmodiﬁed diet (Neal et al., 2008). The efﬁcacy of the ketogenic
diet varies across epilepsy syndromes. However, it results in marked clinical improvement of motor and seizure symptoms
in patients with GLUT1 deﬁciency syndromes (caused by mutations in SLC2A1) (section Miscellaneous Genes)
(Brockmann, 2009). Given the impressive efﬁcacy of the ketogenic diet in GLUT1-related disorders, accurate clinical
diagnosis is extremely important. Furthermore, the diet should be considered early in the treatment of Dravet syndrome and
is surprisingly effective in some acquired epilepsies such as lissencephaly and hypoxic-ischemic encephalopathy
(Thammongkol et al., 2012). Although the mechanisms by which the ketogenic diet ameliorates seizures are not fully
elucidated, work indicates that several factors may be at play, including disruption of glutamatergic synaptic transmission,
inhibition of glycolysis, and activation of ATP-sensitive potassium channels (Lutas & Yellen, 2013).

Quinidine, Phorbol-12-Myristate-13-Acetate, and Bryostatin
In vitro oocyte patch-clamp assays suggest that gain-of-function mutations in KCNT1 associated with ADNFLE and
epilepsy of infancy with migrating focal seizures (EIMFS) (section Potassium Channels) can be reduced, with variable
sensitivities, by the introduction of quinidine, a drug approved for the treatment of cardiac arrhythmias (Milligan et al.,
2014). Shortly after the publication of this ﬁnding, a child with EIMFS was treated with quinidine in a carefully monitored
clinical environment and showed reduced seizure activity and improved psychomotor development (Bearden et al., 2014).
In addition, studies indicate that KCNT1 is modulated after protein kinase C (PKC) activation. In vitro patch-clamping
experiments suggest that increased potassium currents caused by at least one EIMFS-causing mutation (P924L) can be
inhibited by PKC activators phorbol-12-myristate-13-acetate and Bryostatin-1 (Padilla et al., 2014).

Memantine
GRIN2A mutations cause epileptic encephalopathies (section N-Methyl-D-Aspartate Receptors). Functional analysis of one
particular GRIN2A mutation (L812M) illustrated that the mutation conferred increased intrinsic activity in response to
agonists and decreased response to negative modulators, thus inducing neuronal hyperexcitability and possibly excitotoxicity. In vitro studies suggested that memantine, an NMDA receptor blocker, could reverse the effects of this mutation.
The proband was then treated with memantine and experience marked seizure reduction (Pierson et al., 2014).

Retigabine
Retigabine is a commercial antiepileptic drug that opens KCNQ/Kv7 channels. Oocyte-based patch-clamp studies
demonstrated that retigabine has the potential to reverse dominant negative effects of certain KCNQ2 and KCNQ3
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mutations associated with BFNE (section Potassium Channels) by increasing currents through the potassium channel
(Orhan et al., 2014). Retigabine may eventually serve as an individualized treatment option for these patients.

FUTURE STUDIES AND CONCLUSION
Genetic studies have led to great advances in understanding the neurobiology and molecular architecture of the epilepsies,
particularly in epilepsies that are strongly inﬂuenced by single mutations. With decreasing costs of NGS technologies and
our increasing ability to understand genetic variation, causative epilepsy genes will continue to be discovered. In vitro
models allow us to discriminate among pathogenic and nonpathogenic mutations and often give us insight into the
mechanism of pathogenicity associated with a mutation. It is critically important to conduct functional studies to distinguish epilepsy-causing mutations and polymorphisms that may be enriched in a speciﬁc population or ancestry.
The patch-clamping technique is often used to analyze the effect of mutations on currents through ion channels.
Multielectrode arrays (MEAs) are also becoming an increasingly popular electrophysiological technique. Whereas
patch-clamping examines currents at a single cell level, MEAs contain multiple electrodes and can be used to observe
network-level characteristics of neurons. Zebraﬁsh (Danio rerio) have also been emerging as a promising model organism
for studying epilepsy (Hortopan, Dinday, & Baraban, 2010). Seizure-like neurophysiological responses can be evoked in
adult and larval zebraﬁsh via genetic and pharmacological manipulations (Baraban, Dinday, & Hortopan, 2013). Because it
is inexpensive and sensitive to traditional antiepileptic drugs, this organism offers excellent opportunities to validate
molecular biomarkers of epilepsy and identify novel therapeutic options. The mouse (Mus musculus) is an extremely good
model organisms for human epilepsy. For example, Dnm1 was discovered as an epilepsy gene in mice before it was
identiﬁed as a human epilepsy gene. Clearly, mouse models can give us profound insight into epilepsy mechanisms.
Importantly, drugs that ameliorate epilepsy in mice are often effective in humans. When this chapter was written, it only
cost $5000 to model a single mutation using the CRISPR/Cas9 system; thus, it is realistic to envision testing an entire batch
of drugs on the mouse to determine a targeted therapy for the patient.
Interestingly, the same genes associated with epilepsy are being implicated in different neurological disorders. Perhaps
the strongest example of this is the overlapping genes in epileptic encephalopathies, autism spectrum disorder, and
intellectual disability. Intriguingly, the FMRP regulates a signiﬁcant number of these genes. Thus, targeted treatments for a
gene in epilepsy may work for patients who have a different disorder but who have mutations in the same gene or pathway.
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