
UCLA
UCLA Electronic Theses and Dissertations

Title
Identification of transcriptional changes associated with syndromic forms of autism

Permalink
https://escholarship.org/uc/item/7134s59n

Author
Tian, Yuan

Publication Date
2014
 
Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/7134s59n
https://escholarship.org
http://www.cdlib.org/


UNIVERSITY OF CALIFORNIA 

Los Angeles 

 

 

 

Identification of transcriptional changes associated with  

syndromic forms of autism 

 

 

A dissertation submitted in partial satisfaction of the  

requirements for the degree Doctor of Philosophy  

in Bioinformatics 

 

by 

 

Yuan Tian 

 

 

 

 

 

2014 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

© Copyright by 

Yuan Tian 

2014 



	   ii	  

ABSTRACT OF THE DISSERTATION 

Identification of transcriptional changes associated with  

syndromic forms of autism 

 

by 

 

Yuan Tian 

Doctor of Philosophy in Bioinformatics 

University of California, Los Angeles, 2014 

Professor Daniel H. Geschwind, Chair 

 

Autism spectrum disorders (ASDs) are highly heritable neuropsychiatric conditions. 

However, the genetic etiology is greatly heterogeneous. No single genetic cause responsible 

for the majority of ASD cases has been identified so far. Given the genetic heterogeneity, the 

process through which diverse genetic factors lead to shared phenotypes in ASD remains 

unclear, and it is critical to understanding the ASD pathophysiology. As previous studies have 

implied the convergence of pathways in ASD at the transcriptomic level, in this dissertation, 

we conducted genome-wide expression analysis by using cell lines derived from various 

syndromic ASD conditions in an attempt to identify potentially common expression 

alterations in all or a subset of those ASD conditions, and to elucidate the convergent 

pathway(s) involved in ASD pathogenesis.  
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We analyzed expression profiles of patient-specific neurons derived from induced 

pluripotent stem cells (iPSCs) from patients with three different monogenic ASD mutations: 

22q13.3 deletion, 22q11.2 deletion, and Timothy syndrome (TS). By comparing the ASD 

mutations with controls, respectively, our analysis revealed substantial gene expression 

changes in each of these mutations. Some of the identified expression changes could be 

generalized to neurons and postmortem brains from idiopathic autistic patients.  

In addition to the iPSC sample cohort, we also analyzed expression profiles of 

lymphoblast cell line (LCLs) from 5 different syndromic forms of ASD. Significant 

overlapping expression features were identified among these ASD forms, and a set of them 

recapitulated the expression features we identified using iPSC-derived neurons. To our 

knowledge, this is the first time that significant shared transcriptional features have been 

identified in ASD between brain-related cell types and peripherally derived cell lines, 

providing strong support for the usefulness of LCLs in exploring ASD pathogenesis. In 

addition to the similarities, our analysis also highlighted the diversity in gene expression 

across different ASD mutations, which may explain how each ASD forms are modulated 

given their phenotypic heterogeneity. Overall, our findings highlight the specificity and 

convergence of ASD at the transcriptional level, suggesting promising directions for future 

research. 
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CHAPTER 1: 

Introduction 
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1.1 Introduction to ASDs 

Autism spectrum disorders (ASDs) are a group of neuropsychiatric disorders that 

include autism, pervasive developmental disorder not otherwise specified (PDD-NOS), 

and Asperger’s syndrome [1]. They are characterized by deficits in social interaction, 

language impairment, restrictive interests, and repetitive behaviors [2]. Classic autism is 

the most severe end of ASDs, with patients showing the above deficits before the age of 

three. ASDs are highly prevalent in society; it is estimated that one out of 68 children has 

an ASD, which is a 30% increase from one in 88 in 2012 [3-5]. Therefore, ASDs have 

become a serious public health concern.   

ASDs are believed to result from the combined effects of multiple genetic 

changes interacting with environmental factors. They are highly heritable, given the 

higher concordance rate of 50–90% among monozygotic twins compared with 0–30% 

among dizygotic twins and 3–26% among siblings [6-8]. Additionally, it has been 

recently found that concordance of ASDs among full siblings is twofold greater than that 

among half siblings [9], which provides further support for the genetic contribution to 

ASD pathogenesis. 

1.2 Heterogeneity of ASD genetic etiology 

Even though ASDs are highly heritable, they show extraordinary etiological 

heterogeneity. Various genomic approaches have been utilized to identify the genetic risk 

factors for ASDs. Given the high prevalence of ASDs, it is first naturally assumed that 

common variants play a central role in ASD pathogenesis. Accordingly, three robust 
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genome-wide association studies (GWAS) with relatively large discovery cohorts have 

been conducted so far, and multiple genes, such as MACROD2, CDH9, CDH10, 

SEMA5A, MET, EN2, and CNTNAP2, are thought to be associated with ASD risk [10-

13]. However, none of them can be consistently replicated in unbiased genome-wide 

studies relying on commonly accepted statistical thresholds, indicating the small effect 

size for any single common variant and still underpowered cohorts [14]. 

The effects of rare variants on ASDs are evaluated by comparing their frequencies 

in ASD patients and controls. With various high-throughput genomic approaches, 

scientists revealed the substantial role of the rare and de novo mutations in ASD genetic 

liability. These mutations mainly include chromosomal copy number variations (CNVs) 

and single nucleotide variants (SNVs). For example, several large-scale CNV studies 

have shown consistent evidence for over-representation of the rare de novo CNVs in 

simplex probands compared with patients from multiplex families and unaffected 

controls [15, 16]. Furthermore, several regions are also repeatedly implicated over studies 

in increasing ASD risk; some of these regions include the 16p11.2 deletion, 16p11.2 

duplication, 7q11.23 duplication, 15q13.2-3 deletion, 15q11.2-q13 duplication, 7q11.23 

duplication, and 17q12 deletion [15-20]. With regard to the SNVs, two recent exome 

sequencing studies reported a significant increase in de novo protein-disrupting SNVs in 

ASD individuals versus unaffected siblings [21, 22]. Taken together, these findings 

emphasize the importance of rare genetic variation in ASD pathology.  

Those genetic studies also revealed that a substantial amount of genetic 

heterogeneity is associated with ASDs. Recent genomic studies have resulted in a rapidly 
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accumulating pool of ASD-associated genes and genomic loci, and the number of ASD-

implicated genes is between several hundred and a thousand [13, 23]. However, the 

tremendous number of genetic loci only accounts for roughly 20% of ASD cases, and no 

individual genetic cause that accounts for more than 1% of ASD cases has been identified 

to date [23, 24]. In fact, the majority of ASD cases are idiopathic. Meanwhile, the 

identified genetic factors also represent a diverse range of molecular mechanisms, such as 

cell adhesion, RNA processing, synaptic vesicle release, and neurotransmission [25]. 

Therefore, whether ASDs are caused by common molecular pathways and how the 

diverse genetic factors underly shared phenotypes among ASDs are currently not fully 

understood, and this information is key to understanding ASD pathophysiology [26]. 

Given the high etiological heterogeneity, ASD cases with well-defined genetic 

causes provide a powerful window into the associated pathophysiology. These cases 

usually occur within a defined genetic syndrome, and they are named as syndromic forms 

of ASDs. They include ASDs caused by single gene mutations, such as mutations in 

FMR1 (fragile X mental retardation syndrome) [27], CACNA1C (Timothy syndrome 

(TS)) [28], and CNTNAP2 (cortical dysplasia-focal epilepsy syndrome) [29]. Moreover, 

they also include ASDs that resulted from CNVs identified by early cytogenetic tests, 

such as maternally inherited duplication of 15q11-15q13, 22q11.2 duplication syndrome 

(a.k.a. DiGeorge syndrome), and 16p11.2 deletion syndrome [30]. Since syndromic 

ASDs consist of relatively homogeneous populations, identifying the shared molecular 

features among these conditions is one of the most important ways for understanding 

general ASD pathogenesis.  
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1.3 Previous ASD gene expression studies and evidence for the existence of 

converging molecular mechanisms in ASDs 

Because core phenotype features are shared among all ASD cases, it is naturally 

assumed that the diverse ASD-associated genetic variants may disrupt the function of a 

core group of genes/pathways whose perturbation causes ASDs [31]. However, genetic 

factors identified by linkage, GWAS, and CNV studies provide very little coherent 

evidence regarding the cellular mechanism of ASD pathogenesis, because each individual 

genetic variant rarely occurs in ASD cases. Recent exome sequencing studies show some 

evidence for pathway enrichment of the genetic mutations [32, 33], but this is still largely 

unexplored.  

In such circumstances, genome-wide assessment of gene expression alterations in 

ASD cases compared with non-ASD controls emerge as an important way to address the 

functional disruptions associated with ASDs. By utilizing peripheral lymphoblast cell 

lines (LCLs) of 439 individuals from 244 Simons simplex families, Luo et al. revealed 

that pathogenic CNVs have a functional impact on ASDs via transcriptome alterations at 

a genome-wide level [34]. They also demonstrated the utility of gene expression analysis 

in prioritizing individual genes from genetic mutations to explain ASD liability [34], 

which strongly supports the use of transcriptome analysis in ASD research. Additionally, 

from a technical standpoint, the rapid development of methods for genome-wide 

transcriptional profiling, such as cDNA microarrays and next-generation RNA 

sequencing, advances the progress of ASD expression studies.  
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A major achievement of recent ASD transcriptome studies is that they have 

identified convergence of molecular pathways in ASD pathogenesis at the transcriptomic 

level. For example, Voineagu et al. published an expression study using postmortem 

ASD brains, providing strong evidence for consistent transcriptomic abnormalities in 

ASD cases [35]. This includes attenuated regional expression patterns that differentiate 

frontal and temporal lobes as well as two groups of co-expressed genes that are 

dysregulated in ASD brains, indicating synapse dysfunction and altered immune 

response, respectively. Furthermore, Parikshak et al. has shown that ASD susceptibility 

genes curated from multiple sources coalesce on coexpression networks representing key 

biological processes in prenatal neurodevelopment, including early transcriptional 

regulation and synaptic development [36]. Moreover, our lab has also previously shown 

that common expression changes could even be identified in peripheral LCLs from two 

monogenic forms of ASD (15q11-q13 duplication and fragile X syndrome) [37]. The 

differentially expressed genes identified in this study were able to be used to classify the 

ASD cases into two ASD forms based on their genetic etiologies [37]. CYFIP1, a novel 

autism susceptibility gene, was identified in addition to JAKMIP1 as molecular links 

between these two ASD forms [37]. 

While these expression studies present important evidence for convergent 

functional alterations in ASDs, there are limitations to using LCLs and postmortem brain 

tissue in ASD expression studies. First, expression in LCLs is considered an indirect 

reflection of brain dysfunction. As the peripheral tissue, expression features identified in 

LCLs are more likely to reflect consequential effects of the disease instead of the ones 

that are causal. Therefore, expression analysis using LCLs are usually lack of mechanic 
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insights. Second, several confounding factors cannot be ignored in expression studies 

using postmortem brains, including RNA quality, tissue integrity, postmortem interval, 

and each individual’s antipsychotic drug treatment and metabolic state. Furthermore, the 

brain tissues are usually obtained from adults, while ASD is a neurodevelopmental 

disorder. Thus, the expression features identified in ASD postmortem brains may not 

reflect the causal changes in the disease pathogenesis. Lastly, postmortem brains are very 

difficult to obtain, which limit sample size and the statistic power to identify ASD-related 

changes. 

1.4 iPSC-derived neurons are used as a research model for neuropsychiatric disease 

Induced pluripotent stem cells (iPSCs) are adult pluripotent stem cells that are 

induced from dermal fibroblasts by introducing reprogramming factors, and they can be 

further differentiated into neural progenitors and neurons [38]. iPSC-derived neurons 

from human patients with genetic neurological disorders have recently been 

recommended as a good model for neuropsychiatric disease studies [38-43]. One of the 

major advantages of using iPSC-derived neurons in psychiatric disease is that they can 

capture the genetic diversity of the patient and thus allow investigation of how specific 

combinations of sequence variants cause disease [38]. Additionally, iPSC-derived 

neurons provide opportunities to directly study gene expression patterns in pure neurons 

while avoiding the confounding factors associated with studying postmortem brains. 

Furthermore, because they are relatively easy to manipulate using molecular 

technologies, the iPSC-derived neuronal cell lines can be used to study the functions of 

candidate genes/pathways in vitro. 
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So far, substantial progress has been made by studies addressing multiple 

psychological disorder using patients’ iPSC-derived neurons, including frontotemporal 

dementia, schizophrenia, Huntington’s disease, and ASD-associated TS and Rett 

syndrome [38-43]. For example, with multiple lines of iPSC-derived neurons from a TS 

patient carrying a CACNA1C G406R mutation, Pasca et al. identified Ca2+ signaling 

defects that lead to dopamine dysregulation in TS, which was reversed by treatment with 

roscovitine, a cyclin-dependent kinase inhibitor and atypical L-type-channel blocker [41]. 

Furthermore, increased expression of oxidative stress response genes and alpha-synuclein 

proteins was observed in iPSC-derived dopaminergic neurons from Parkinson patients 

with a mutation in the LRRK2 gene [44]. Additionally, iPSC-derived Rett syndrome 

neurons were found to have specific cellular disease phenotypes, including small cell 

bodies and reduced numbers of synapses [40]. In addition to the disorder being caused by 

single gene mutation, Brennand et al. also reported human iPSC neuronal phenotypes and 

gene expression changes that were associated with schizophrenia, a complex genetic 

psychiatric disorder [43]. Given the advantages of iPSC-derived neurons, as discussed 

above, with the exciting progress in their use to study neuropsychiatric diseases, there is 

promise that a similar approach can be used in ASD studies. 

1.5 Project overview 

In my dissertation, I performed genome-wide transcriptional analysis of neurons 

and neural progenitors, which were derived from iPSCs from three genetically defined 

forms of ASD: 22q13.3 deletion, 22q11.2 deletion, and TS. The aim of my work is to 

identify the common expression changes shared among ASD cases with different genetic 
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etiologies compared with the non-autistic controls and to use the overlapped expression 

changes to infer potential common molecular pathway underlying ASD pathogenesis. In 

addition to the iPSC sample cohort, I also included a cohort of LCLs from five different 

ASD sub-groups. I compared the expression alterations in ASD LCLs with the abnormal 

expression patterns in ASD iPSC-derived cells so as to identify the most robust 

expression changes in ASD. To accomplish this, standard gene differential expression 

analysis and gene co-expression network analysis were applied to detect the 

transcriptomic disorganizations in ASD at the level of differential expression. 

Furthermore, I explored the possible underlying molecular mechanisms that are 

responsible for the ASD-associated expression changes by (a) predicting potential 

binding patterns of expression regulators, including transcription factors and non-coding 

RNAs, and (b) investigating the relationships between the ASD-associated genetic 

variations and identified ASD expression changes. 
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CHAPTER 2: 

Alterations in the basal and depolarization induced 

transcriptional networks in iPSC-derived neurons from 

Timothy syndrome 

  



	   15 

2.1 Abstract 

Background 

Common genetic variation and rare mutations in genes encoding calcium channel 

subunits have pleiotropic effects on risk for multiple neuropsychiatric disorders, 

including autism spectrum disorder (ASD) and schizophrenia. To gain further 

mechanistic insights by extending previous gene expression data, we constructed co-

expression networks in Timothy syndrome (TS), a monogenic condition with high 

penetrance for ASD, caused by mutations in the L-type calcium channel, Cav1.2. 

Methods 

To identify patient-specific alterations in transcriptome organization, we 

conducted a genome-wide weighted co-expression network analysis (WGCNA) on neural 

progenitors and neurons from multiple lines of induced pluripotent stem cells (iPSC) 

derived from normal and TS (G406R in CACNA1C) individuals. We employed 

transcription factor binding site enrichment analysis to assess whether TS associated co-

expression changes reflect calcium-dependent co-regulation.  

Results 

We identified reproducible developmental and activity-dependent gene co-

expression modules conserved in patient and control cell lines. By comparing cell lines 

from case and control subjects, we also identified co-expression modules reflecting 

distinct aspects of TS, including intellectual disability and ASD-related phenotypes. 
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Moreover, by integrating co-expression with transcription factor binding analysis, we 

showed the TS-associated transcriptional changes were predicted to be co-regulated by 

calcium-dependent transcriptional regulators, including NFAT, MEF2, CREB, and 

FOXO, thus providing a mechanism by which altered Ca2+ signaling in TS patients leads 

to the observed molecular dysregulation. 

Conclusions 

We applied WGCNA to construct co-expression networks related to neural 

development and depolarization in iPSC-derived neural cells from TS and control 

individuals for the first time. These analyses illustrate how a systems biology approach 

based on gene network approach can yield insights into the molecular mechanisms of 

neural development and function, and provide clues as to the functional impact of the 

downstream effects of Ca2+ signaling dysregulation on transcription. 

2.2 Background 

The L-type calcium channel, Cav1.2, plays a central role in regulating an activity-

dependent signaling network that is essential for neuronal function [1-6]. A particularly 

salient example of a perturbation in Cav1.2 function is Timothy syndrome (TS), a rare 

genetic disorder caused by dominant mutations in the gene CACNA1C, which encodes 

the α subunit of the voltage-gated calcium channel Cav1.2. TS mutations in this subunit 

result in a conformational change of Cav1.2, leading to delayed channel inactivation and 

elevation of intracellular calcium upon depolarization [7-9]. TS patients typically exhibit 

a spectrum of severe nervous system abnormalities, including autism spectrum disorder 



	   17 

(ASD) in up to 80% of the patients [8-10]. Given the increasing appreciation for rare 

monogenic contributions to ASD [11-13], TS provides a powerful avenue for 

understanding both basic neurobiological processes and ASD pathophysiology.  

Given the pleiotropic manifestation of CACNA1C mutations in TS and the recent 

implication of common variation in CACNA1C across multiple neuropsychiatric 

disorders [14], we reasoned that characterization of the Cav1.2-dependent signaling 

network in TS would help elucidate its molecular basis and prioritize genes for 

therapeutic development. Although it has been known that calcium influx through Cav1.2 

triggers massive transcriptional changes by acting through several transcription factors, 

including calcium response factor (CaRF) [15, 16], myocyte enhancer factor-2 (MEF2) 

[17, 18], nuclear factor of activated T-cells (NFAT) [19, 20], and cAMP response 

element-binding proteins (CREB) [21-24], little is known about their downstream targets 

in human neurons and how these processes are altered in disease states such as TS. Here, 

we reasoned that identifying alterations in mRNA transcript levels in TS patient-derived 

cortical progenitors and developing neurons would help clarify, not only how calcium 

regulates gene expression in TS, but more broadly inform our understanding of the 

molecular mechanism of ASD. 

Previously, we reported that the TS mutation was associated with abnormalities in 

cortical neurogenesis, activity-dependent dendrite retraction and an excess production of 

catecholamines [25, 26]. Here, to provide a higher order view of the transcriptional 

changes caused by the TS mutation in CACNA1C, we constructed genome-wide 

transcriptome networks in control and TS neural progenitors and differentiated neurons at 
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rest and following depolarization. Using Weighted Gene Co-expression Network 

Analysis (WGCNA) [27, 28], we identified gene co-expression modules associated with 

neural development, as well as depolarization shared across both patient and control 

lines. By comparing TS versus control networks, we identified distinct TS related 

modules enriched in intellectual disability (ID) genes and ASD susceptibility genes. By 

further integrating the co-expression network with transcription factor binding analysis, 

we identified candidate regulators for disease-associated modules, including NFAT [19, 

20], MEF2 [17, 18], CREB [21-24], and forkhead box proteins O (FOXO) [29-32]. Our 

results provide a functional genomic framework for a calcium-dependent signaling 

network by highlighting the downstream transcriptional targets of Cav1.2 dysregulation, 

and yields insights into molecular mechanisms relevant to both TS and ASD.   

2.3 Network construction and module detection 

To elucidate the transcriptional changes relevant to TS mutation at key stages, we 

constructed a co-expression network based on the expression profiles of cortical neural 

progenitor cells (N=12) and differentiated cortical neurons, both at rest (N=15) and after 

KCl-induced depolarization (N=9) (Figure 2.1A). As previously shown, iPSC lines were 

validated and the stages of neural differentiation in vitro were carefully characterized 

using a variety of immunocytochemical and molecular assays, including multiplexed 

single cell RT-PCR [25]. Using a signed network analysis [27], we identified a total of 18 

gene co-expression modules which were comprised of genes sharing highly similar 

expression patterns across samples. As shown in Figure 2.1B, genes that clustered into 



	   19 

modules based upon co-expression also shared functional annotations, indicating that 

they participate in common biological processes. 

We next assessed the reproducibility and generalizability of the network structure. 

We used module preservation analysis [33] to compare the identified modules with 

independent expression profiles from in vivo human brain development and in vitro 

neuronal differentiation of human primary neural progenitors (Methods). Remarkably, 

the co-expression structure of 10 modules can be reproducibly identified in either of two 

independent expression datasets, differentiating primary human neural progenitor cells 

(phNPCs) in vitro [34] (Figure 2.S1) or in vivo cortical development from post-

conception week (PCW) 4 to 6 months after birth (Table 2.1; Figure 2.S1) [34, 35]. 

Given the biological (different cells and tissues) and methodological differences 

(different RNA preparation and microarrays) between these studies, the correspondence 

with previous in vivo and in vitro expression data provides important validation of the 

transcriptional networks we identified in iPSC-derived neural cells. 
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Figure 2.1: WGCNA identifies co-expression modules associated with neuronal 
differentiation and depolarization. (A) Flowchart illustrating the experimental procedures and 
expression analysis. (B) Hierarchical clustering of genes based on gene co-expression pattern 
across progenitors, neurons at rest and after depolarization. Identified co-expression modules 
were represented by color classifiers, noted across the top of the dendrogram. The 
“differentiation”, “depolarization”, and the “TSmutation” color bars represent the correlation 
values between gene expression and three biological traits: differentiation, depolarization, and 
CACNA1C G406R mutation status, respectively. Red signifies up-regulation, while blue signifies 
down-regulation. Only the genes with trait correlation larger than 0.5 or smaller than -0.5 are 
marked in the plot. (C-I) Module eigengene patterns and enrichment scores of the top 5 enriched 
GO categories for module (D) turquoise, (D) blue, (E) brown, (F) tan, (G) yellow, (H) 
midnightblue, and (I) green. Samples are ordered by control progenitors (CP), patient progenitors 
(TP), control resting neurons (CN), patient resting neurons (TP), control depolarized neurons 
(CN+), and patient depolarized neurons, as illustrated by the key at the bottom. (L) Module-level 
enrichment for previously identified differentiation- and depolarization-associated gene sets 
curated from: 1) Kang et al. developing postmortem human brain [34, 35]; 2) Stein et al. phNPC 
expression study (phNPC_wk1vswk8_up/down) [34]; 3) McKee et al. [36] and 4) Kim et al. [37] 
KCl-induced depolarization expression studies. “brain_s1vss8_up/down” represent the genes that 
are either up- or down-regulated between stage 1 vs. stage 8, while 
“phNPC_wk1vswk8_up/down” are the group of the genes up- or down-regulated between week1 
vs. week8 differentiation, as defined in the paper [34, 35]. Cells are colored to reflect enrichment 
significance with ceiling of 10-4. Enrichment odds ratios are shown in the table if the p<0.05 
(*FDR<0.05). 
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2.4 Network analysis identifies differentiation and activity-dependent expression 
changes  

We first sought to investigate if the identified co-expression networks recapitulate 

molecular processes related to neuronal differentiation and neuronal depolarization in 

general. We used the module eigengene (first principal component of the expression 

pattern of the corresponding module [27, 38]) to summarize gene expression trajectories 

across samples, and evaluated the relationship of the 18 module eigengenes with 

differentiation and depolarization status. We found 10 modules strongly correlated with 

neuronal differentiation and 9 modules significantly associated with KCl-induced 

neuronal depolarization (FDR<0.05), observed in both case and control cell lines (Table 

2.1; Figure 2.S2). Representative examples with module eigengene trajectories and 

enriched Gene Ontology (GO) terms are shown in Figure 2.1.  

Importantly, as highlighted above, we found that many of differentiation and 

depolarization associated modules were present in independent in vivo and in vitro 

expression datasets (Table 2.1), providing independent validation for these in vitro iPSC-

derived networks. For instance, as compared to in vivo human fetal brain transcriptional 

networks, the modules corresponding to iPSC-derived cortical neurons faithfully 

recapitulated biological processes driving in vivo cortical development, including 

neurogenesis and differentiation (blue and yellow modules), axonogenesis and dendrite 

growth (turquoise), as well as synaptogenesis (turquoise and greenyellow modules) 

(Figure 2.1; Table 2.1; Figure 2.S3) [34, 35]. Additionally, the genes within 

depolarization-associated modules (brown, tan, greenyellow, and midnightblue modules) 

demonstrated significant overlap with previously defined depolarization-associated gene 
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sets defined in mouse cortical neurons [37] and human neuroblastoma cells (IMR-32) [36] 

before and after KCl treatment (Figure 2.1L). In particular, the two modules down-

regulated upon depolarization (brown and tan) were enriched for GO categories related to 

mitochondria, suggesting altered energy consumption upon prolonged neuron 

depolarization, in agreement with McKee et al. in human neuroblastoma IMR-32 cells 

[36]. Together these findings demonstrate the power of WGCNA in identifying 

generalizable, functionally important gene modules.  

Table 2.1: Summary of co-expression modules associated with neuronal differentiation and 
depolarization, and TS mutation. 

 
The top 5 connected genes ranked by kME and the top 3 enriched GO terms are listed for each 
module. Modules are labeled if they were preserved in independent in vivo and in vitro expression 
datasets [34, 35] according to module preservation analysis [33](Methods). 

 

Interestingly, a subset of modules was enriched for genes affected by both 

differentiation and depolarization (Figure 2.1L), which could provide a molecular basis 

for modulation of neuronal differentiation by depolarization [39-41]. For instance, the 

brown module, whose module eigengene showed dramatic down-regulation in 

Differentiation Depolarization TS/mutation/ in/vivo in/phNPC
Greenyellow !) !) Mammary)gland)epithelium)development,)midbrain−hindbrain)boundary)

development,)hemopoietic)stem)cell)proliferation
LMX1A,'RSPO3,'WLS,'TM4SF1,'ATF3'

Turquoise !) !) preserved preserved Synapse)part,)synaptic)transmission,)neuron)projection SNAP25,'C12orf68,'MYT1,'MAP6,'EEF1A2

Black !) ") ") Nervous)system)development,)nucleobase)catabolic)process,)hydrolase)
activity)

RPS6KA2,'ATP9A,'KIAA1549L,'FAM229B,'AKT1

Tan !) ") preserved Mitochondrial)membrane)part,)ribonucleoside)triphosphate)metabolic)
process,)unfolded)protein)binding

KIAA0368,'ZNF706,'SRI,'C9orf169,'OPA1

Cyan !) preserved Skeletal)muscle)thin)filament)assembly,)plateletCderived)growth)factor)
binding,)actinCmediated)cell)contraction

CAV1,'SPP1,'ME1,'SPP1,'VSX1

Grey60 !) De'novo')posttranslational)protein)folding,)mitochondrion,)mitochondrial)part TBCE,'EBNA1BP2,'CCT4,'ASPH,'AK2

Midnightblue ") !) Cell)morphogenesis)involved)in)differentiation,)C21Csteroid)hormone)
metabolic)process,)positive)regulation)of)fat)cell)differentiation

TPD52L1,'GJA1,'BMP2,'IL17RD,'KRT15

Yellow ") !) preserved Nuclear)body,)positive)regulation)of)cell)growth,)Golgi)vesicle)transport MRPS6,'PCID2,'PPP6C,'GBA2,'SETD4

Brown ") ") preserved preserved Intracellular)organelle)lumen,)oxidationCreduction)process,)NADH)
dehydrogenase)complex

DOCK1,'COMMD4,'STRADB,'SLC16A9,'ORC3

Blue ") preserved preserved Cell)cycle)phase,)cell)division,)nuclear)division NIF3L1,'LIN28A,'TEX10,'AMMECR1,'NCAPG

Green !) preserved Vesicle)coating,)positive)regulation)of)ICkappaB)kinase/NFCkappaB)cascade,)
autophagy

NUP98,'DNAJA1,'DHX37,'ETNK1,'CGGBP1

Red ") !) preserved preserved Nucleobase)metabolic)process,)nuclease)activity,)proteasome)core)complex USP13,'PSMG1,'RTN4IP1,'PTCD2,'PSMG1

Lightgreen !) tRNA)processing,)positive)regulation)of)lipid)metabolic)process,)response)to)
virus

CRYBB2,'SNHG5,'EXOC1,'IFITM2,'VAV3

Magenta !) type)1/2)fibroblast)growth)factor)receptor)binding;)neuron)recognition;)
growth)factor)activity

CTSF,'ZNF626,'ZNF521,'PLEKHA5,'COL4A6

Purple !) preserved preserved ncRNA)processing;)nuclear)body,)ribonucleoprotein)complex)biogenesis RRS1,'RRP15,'PUS1,'NOLC1,'ABCE1

Lightcyan ") Lytic)vacuole,)integral)to)organelle)membrane TRAPPC2,'ZNF177,'HLALA,'ZNF559,RPS26P47

Salmon ")
Actin)filament)bundle)assembly,)regulation)of)establishment)of)protein)
localization)in)plasma)membrane,)regulation)of)type)I)interferonCmediated)
signaling)pathway

NDUFB11,'MSN,'UPRT,'GPKOW,'TSR2

Module/Color Trait/association/(FDR<0.05) Preservation/ Top/enriched/GOs Top/5/connected/genes/by/kME
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depolarized neurons, also followed a significant decrease with neuronal differentiation 

(Figure 2.1E). On the other hand, the module eigengenes of the yellow, tan, black, and 

midnightblue modules, showed opposite directions upon differentiation as compared with 

depolarization (Figure 2.1 F-H; Figure 2.3A). These observations were consistent with 

the notion that neuronal plasticity can recapitulate processes involved in neuronal 

development [42-44].  

2.5 Gene co-expression modules dissect pathways related to different aspects of TS 

symptoms 

Next, we asked if we could identify modules associated with TS mutation status, 

which would provide insight into dysregulation of molecular networks in TS and disease 

pathophysiology. By comparing the module eigengene patterns across patient and control 

cells, we identified 7 modules that were significantly associated with the TS mutation 

(FDR<0.05). Remarkably, the top two most disease correlated modules (lightgreen and 

lightcyan; R-square>0.8; Figure 2.2A-B) included dysregulated genes previously 

implicated in neurodevelopmental diseases, such as YWHAE (Miller-Dieker Syndrome) 

[45], ERC1 (12p13.31 deletion associated developmental delay) [46], and VAV3 

(schizophrenia) [47] (Figure 2.2B). 

A further critical question is to what extent these TS-associated modules can 

inform us about the molecular mechanism of TS-related abnormalities. Here, we 

investigated every module by GO/KEGG enrichment analysis and performed over-

representation analysis with respect to curated disease associated genes (Methods). We 

observed striking enrichment of known ID susceptibility genes [48-51] in two down-
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regulated modules, lightcyan and salmon (Figure 2.2C). Specifically, in the lightcyan 

module, seven ID genes were identified: LAMP2, GK, IDS, CUL4B, AFF2, PDHA1, and 

SLC16A2 (Fisher’s exact test: enrichment odds-ratio (OR)=3.8; p=0.004). More 

importantly, these seven ID candidate genes form a sub-cluster within the lightcyan 

module (Figure 2.2D), suggesting their tight functional dependence. Moreover, this 

module was enriched for GO categories involved in organelle membrane, and the KEGG 

pathway of ubiquitin mediated proteolysis, which agrees with previous reports of the 

causal relationship between impaired proteasomal activity and cognitive disorders, 

including ID [52]. The salmon module, which contained genes down-regulated in cells 

carrying the TS mutation, was even more enriched for ID susceptibility genes, containing 

18 genes known to cause ID (OR=3.3, p=3e-05). Together the identification of these two 

down-regulated modules provides an unbiased starting point based on gene expression 

for exploring the molecular connections between the TS mutation and the molecular 

mechanisms of ID [9].  

In contrast to the salmon and lightcyan modules enriched for ID genes, the black 

down-regulated module was enriched for ASD genes curated from the SFARI gene 

database [53] (Figure 2.2C). Six known ASD candidate susceptibility genes were 

identified in the black module (OR=2.5, p=0.04), and three of them, ASTN2, ARNT2, and 

RPS6KA2, were hubs. More importantly, the top connected genes in the black module 

(kME>0.7) significantly overlapped with a previously defined co-expression module, 

called M12, identified via unbiased transcriptome analysis in postmortem ASD brains 

(OR=2.4, p=0.02) [54], but not preserved in control tissues. M12, which contains genes 

involved in synaptic development and function, was down-regulated in cerebral cortex 
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from ASD subjects, in parallel with the observed decrease of the black module genes in 

TS observed here. Consistent with M12 annotation, the black module also was enriched 

for postsynaptic density (PSD) associated genes [55] (OR=1.9, p=0.001) that are critical 

regulators of synaptic signaling and plasticity. These observations suggest convergent 

synaptic dysfunction in this monogenic form of ASD caused by TS studied here and 

idiopathic ASD more broadly. The non-overlapping relationship of known ID and ASD 

susceptibility genes to specific modules was also consistent with recent work 

demonstrating differing in vivo expression patterns of genes causing these two clinically 

distinct conditions [56]. 

We next evaluated the up-regulated modules in TS neurons. As shown in Figure 

2.2C, the lightgreen and magenta modules show significant overlap with M16, a module 

of genes up-regulated in ASD post mortem brain [54]. The biological functions enriched 

in this module include immune response, which is consistent with immune dysfunction 

observed in TS [9, 10, 57]. In particular, 18 genes in the ASD postmortem M16 module 

were identified in the magenta module, and 4 were identified in the lightgreen module. 

Remarkably, IFITM2 and IFITM3, two interferon response genes that have been shown 

to be the hub genes in M16 [54], were also identified as hubs in this lightgreen module, 

showing parallel dysregulation in ASD and TS patients. In the lightgreen module, we also 

identified INPP5E, a gene involved in phosphatidylinositol signaling system and known 

to mobilize intracellular calcium. Mutation of this gene leads to Joubert syndrome, which 

is a rare monogenic condition with high penetrance for ASD [58-61]. In summary, both 

down and up-regulated modules in TS show changes parallel with those observed in post 
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mortem brain of idiopathic ASD, consistent with the existence of convergent molecular 

pathways in multiple forms of ASD [62].  
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Figure 2.2: Gene co-expression modules associated with the TS mutation. (A) Heatmap 
showing expression pattern of the module genes and a barplot showing the module eigengene 
pattern across samples for the lightcyan and lightgreen modules. (B) Log2 transformed fold 
changes of the top 20 connected genes in the lightcyan and lightgreen modules in cases as 
compared to controls at the three experimental stages. (C) Module-level enrichment for 
previously identified ASD and ID associated genes. Enrichment odds ratios are shown in the table 
if the p<0.1 (*p<0.05, **FDR<0.05). (D-H) Visualization of the co-expression network among 
the top connected genes (kME>0.6 or top 200 depending on which one is smaller) based on 
multidimensional scaling of their pairwise co-expression correlations in the (D) lightcyan, (E) 
salmon, (F) lightgreen, (G) magenta, and (H) black module. Genes with multiple probes are 
labeled separately. Pie chart: ID susceptibility genes (red); ASD susceptibility genes from the 
SFARI database (yellow) [53]; genes in the Voineagu et al. M12 module (purple) [54]; genes in 
the Voineagu et al. M16 module (green) [54]. Only the top 1000 connections are shown in each 
module. 
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2.6 Network analysis reveals differentiation defects in TS 

We previously showed that the cell lines derived from TS patients had 

abnormalities in differentiation at the cellular level [25]. Here, we sought to investigate if 

we can use the unbiased transcriptomic approach to find the molecular mechanisms 

driving this differentiation deficit. By comparing the module eigengene expression 

patterns during neuronal differentiation across TS and control cells, we observed that the 

black module was up-regulated upon differentiation in controls, but not in patient cells 

(Figure 2.3 A-B). Comparison of expression fold changes of the top 15 connected genes 

in the black module during the progenitor to neuron transition are shown in Figure 2.3C, 

demonstrating the dramatic attenuation in differentiation related expression changes in 

patient versus control neurons. This parallels with the overlap of black module genes with 

M12, which as described above, is down regulated in post mortem ASD brain versus 

control [25].  

To further characterize the differentiation abnormalities in the TS patient cells, we 

used a factor design to identify genes showing altered expression trajectories during 

differentiation in TS and control cells (Methods). We identified 1155 genes with a 

significant interaction effect between developmental stage and disease status (p<0.05). 

By carefully evaluating their expression patterns in patient and controls samples 

(Methods), we further classified these genes into four categories: 1) genes down-

regulated upon differentiation in control but not in TS cells (128 genes); 2) genes up-

regulated upon differentiation in control but not in TS cells (163 genes); 3) genes down-

regulated upon differentiation in TS cells but not in control (141 genes); and 4) genes up-
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regulated upon differentiation in TS cells but not in control (156 genes). The 15 genes 

with largest difference between cases and controls in each group are displayed in Figure 

2.3D. As expected, the black module significantly overlapped with control-specific up-

regulated genes (hypergeometric test; p = 2.39e-6), again consistent with a defect in 

synaptic differentiation in TS.   

We also found, not unexpectedly, that these four groups of genes with distinct 

disease and differentiation trajectories manifest distinct functional ontologies. For 

instance, genes that were down-regulated in control neurons, but not in TS neurons, were 

enriched for functional categories related to cell cycle control, DNA replication, and cell 

proliferation (Figure 2.3D). This suggests a defect in the cell cycle of TS neural 

progenitors that could contribute to the corticogenesis defects we have previously 

demonstrated [25]. On the other hand, genes, such as CTNNA2, SNCA, and SYT7, exhibit 

control-specific up-regulation pointing to pathways related to synaptic function, 

axonogenesis, and nervous system development (Figure 2.3D). Similarly, the genes 

exclusively down-regulated upon differentiation in TS patient cells were enriched for the 

GO categories of neuron recognition, PDZ domain binding, and homophilic cell adhesion, 

all involved in synaptic development, including CADM1, FEZF2, and OPCML (Figure 

2.3D). In addition, the GO terms enriched among TS-specific up-regulated genes were 

related to cation homeostasis control, and calcium ion binding activities, such as AGTR1, 

ANXA7, and ITSN1 (Figure 2.3D), which were consistent with the biophysical 

dysfunction of the ion channels carrying the TS mutation. Taken together, our findings 

suggest a global effect of the CACNA1C G406R mutation on neuronal differentiation and 

point to specific pathways and genes that warrant further experimental study. 
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Figure 2.3: Differentiation defects in TS cortical neural progenitors.  (A) Heatmap showing 
gene expression patterns in the black module and a barplot showing the corresponding module 
eigengene trajectory.  (B) Boxplot comparing the module eigengene patterns between case cells 
vs. control cells at three experimental stages. (C) Barplot showing the log2 fold changes of the top 
20 connected genes in the black module upon differentiation. Blue: log2 fold changes in control 
samples; pink: log2 fold changes in patient samples. (D) Differentiation-dependent gene 
expression changes in the patient progenitors. The differentiation-associated genes are 
categorized into four groups: 1) genes down-regulated upon differentiation in controls but not in 
patients (top left); 2) genes that are up-regulated upon differentiation in controls but not in 
patients (top right); 3) genes down-regulated upon differentiation in patient cells but not in 
controls (bottom left); and 4) genes up-regulated upon differentiation in patient cells but not in 
controls (bottom right). The log2 fold changes of the top 15 genes that show largest difference 
between cases and controls are shown in each group. The top enriched GO categories and KEGG 
pathways for each gene groups are shown in the corresponding tables with p-value attached. 
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2.7 TS associated co-expressed genes are co-regulated by calcium-dependent 

transcription factors 

It is known that calcium influx regulates activity-dependent gene expression 

through a hierarchical transcription network acting through multiple signaling cascades [3, 

63]. While simple lists of up- and down-regulated genes may not provide power to 

identify regulatory mechanisms, we hypothesized that these tight co-expression modules 

would reflect calcium-dependent co-regulation. To test this, we performed transcription 

factor binding site (TFBS) motif enrichment analysis on the seven TS associated modules 

to investigate whether those modules were enriched for any calcium-dependent 

transcriptional regulators (Methods).  

For each module, we identified a set of transcription factor binding sites enriched 

within a 1kb window upstream of the transcription start site, providing strong evidence 

for the co-regulation hypothesis. Moreover, this TFBS analysis identified four important 

calcium-regulated transcription factor families in the TS related modules: NFAT [19, 20], 

MEF2 [17, 18], CREB [21-24], and FOXO [29-32]. Among them, FOXO proteins, which 

regulate neuronal polarization and positioning [64] and synaptic function and memory 

consolidation [30], have binding targets enriched in six out of seven TS-associated 

modules (lightcyan, salmon, magenta, black, purple, and red) (Figure 2.4). A total of 

1249 predicted targets were identified in these six modules, and 229 of them were 

validated through chromatin immunoprecipitation (ChIP) experiments [65-67], providing 

a significant validation of the bio-informatic predictions  (hypergeometric test; p=7.73E-

12; Methods).  
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The other TF enrichments were limited to smaller subsets of modules. Perhaps 

most remarkable is the enrichment of NFAT targets in two modules up-regulated in TS, 

magenta and lightgreen (also ASD M16 associated, which is up-regulated in idiopathic 

ASD [54]; Figure 2.4). Four of the five members in this protein family, NFATc1, 

NFATc2, NFATc3, and NFATc4, are known to be regulated via calcium signaling [19, 

20, 68, 69].  Forty-two genes (68%) in the lightgreen module and 262 genes (82%) in the 

magenta module were predicted to contain at least one NFAT binding site in their 

promoter regions. No ChIP data is available from developing neurons, but even in 

lymphoblasts [65, 67], we were able to observe direct binding to 25 neuronal targets 

(hypergeometric test; p=2.02E-2). Taken together, these results suggest that the two up-

regulated modules (lightgreen and magenta), which also represent the convergence of TS 

and ASD at the level of gene expression, are likely to be mediated via the calcium/NFAT 

signaling pathway. 

MEF2, a well-studied calcium or neuronal activity dependent transcription factor 

family number [3, 17, 18], was enriched in the promoter regions within genes contained 

in four TS associated modules: black (down-regulated in TS and with activity, ASD M12 

associated), magenta (up-regulated in TS, ASD M16 associated), purple, and red (Figure 

2.4). Of the four different MEF2 family members, MEF2A, MEF2B, MEF2C, and 

MEF2D, three (MEF2A/C/D) had their binding sites enriched in all four modules. 

Specifically, 309 genes (76.5%) in the black module, 246 genes (77%) in the magenta 

module, 214 genes (75%) in the purple module, and 354 genes (77%) in the red module 

contain at least one MEF2 binding site. Using experimental ChIP-seq and ChIP-chip data 

[65-67], we were able to validate a total of 358 predicted MEF2 binding targets 
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(hypergeometric test; p=6.58E-20) (Methods). Remarkably, MEF2A and MEF2C were 

previously reported to have binding sites enriched in idiopathic ASD associated co-

expression modules, consistent with the notion of involvement of activity-dependent 

dysregulation in idiopathic ASD pathogenesis [3, 56]. 

Targets of two CREB proteins, CREB1 and CREB2, were also enriched in the 

black (downregulated in TS and with activity, ASD M12 associated), and magenta (up-

regulated in TS, ASD M16 associated) modules (Figure 2.4). CREB transcription factors 

bind to the cAMP-responsive element (CRE), and are regulated by calcium influx [1, 21-

23, 70]. One hundred and sixty one (40%) genes in the black module and 134 genes (42%) 

in the magenta module were predicted to have at least one CREB binding site, 164 of 

which could be validated through available ChIP experiments [65-67] (hypergeometric 

test; p=4.15E-63) (Methods). Moreover, we observed overlap of the predicted targets 

between the CREB-transcriptional machinery and the MEF2 proteins (Figure 2.S4), 

although their binding motifs are quite different. One hundred and forty eight genes have 

at least one predicted binding site for both MEF2 and CREB proteins in the black module 

and 123 (39%) in the magenta module, respectively, strongly implicating a synergistic 

interaction between the two pathways upon calcium influx. 

Taken together, our results not only demonstrate significant co-regulation among 

the co-expressed genes, but also provide specific regulatory links for associating distinct 

co-expression modules. More importantly, these findings provide a path for bridging the 

observed downstream transcriptional alterations back to the mutation in the L-type 

calcium channel Cav1.2 via their regulation by calcium dependent transcription factors.  
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Figure 2.4: Timothy syndrome-associated modules are regulated by known calcium-
dependent transcription factors. The TS-associated modules are enriched for targets regulated 
by known calcium-dependent transcription factors, MEF2, NFAT, CREB, and FOXO, which are 
listed in the middle of the figure. Dashed lines indicate significant enrichment of the designated 
transcription factor binding targets (p<0.05) in the corresponding modules (blue lines indicate 
p<0.01). The top 20 connected genes in each module are plotted according to the 
multidimensional scaling of their pairwise co-expression correlations, so that co-expressed genes 
are clustered to each other. Genes are connected if their pairwise correlations are higher than 0.7. 
Pie chart: ChIP-seq verified FOXO targets (blue); ChIP-seq verified NFAT targets (red); ChIP-
seq verified CREB targets (green); ChIP-seq verified MEF2 targets (yellow). Genes with multiple 
probes are labeled separately. 
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2.8 Discussion 

TS is a rare and complex disorder characterized by a broad spectrum of 

phenotypic abnormalities. There are few TS patients available for study and the data used 

here represents the only gene expression dataset available in this disorder. Here, we 

studied multiple cell lines from independent differentiation experiments with four control 

iPSC clones from two normal subjects, four TS iPSC clones from one TS patient carrying 

a dominantly acting mutation, and one human embryonic stem cell line (H9; additional 

control) to mitigate the concerns about the effect of induction of pluripotency, or other 

confounding factors that could bias the results. Through analysis of data from iPSC-

derived cortical neural progenitors and neurons, we identified distinct gene expression 

modules that are associated with human neuronal differentiation and neuronal 

depolarization across all conditions. We further demonstrate that the networks identified 

in control and TS iPSC-derived neural progenitors and neurons can be validated in 

independent in vitro and in vivo datasets. Moreover, we identified several co-expression 

modules that were correlated with TS mutation status, highlighting potential molecular 

pathways that may contribute to distinct phenotypic aspects of TS. Remarkably, by 

integrating the transcriptional networks defined by our co-expression analysis with TFBS 

enrichment analysis, we showed that the TS-associated expression changes are co-

regulated by a set of calcium-dependent transcriptional factors. Furthermore, many of the 

specific genes and processes identified here in this monogenic condition overlap with 

those identified in idiopathic ASD. Consequently, the module hub genes and the 

identified transcription factors provide an important source of new candidate genes for 
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therapeutic targeting. These intriguing results indicate that study of additional TS patient 

lines, when available, will be valuable.  

As with other single gene disorders, how a mutation in a single gene yields such 

pleotropic CNS phenotypes provides a significant challenge [71]. Here, our bio-

informatic analysis links specific molecular pathways perturbed in TS neurons to 

different aspects of TS, including ID, alterations in immune response, and behavioral 

phenotypes overlapping with ASD [8-10]. The identification of modules highly enriched 

for genes that either cause or increase risk for ID and ASD, provides new avenues to 

investigate the pathways that may mediate divergence between these disorders [56]. In 

particular, the enrichment for genes that were dysregulated in idiopathic ASD brain (M12 

and M16) [54] demonstrates the existence of previously suggested convergent molecular 

pathways in idiopathic ASD in this monogenic highly penetrant form of ASD [54, 56, 72]. 

In parallel with recent findings, our analysis also indicates distinct modules associated 

with ASD (black, lightgreen, and magenta) and ID (lightcyan, salmon), consistent with 

divergent molecular mechanisms for ASD and ID [56]. Our analysis also prioritizes 

important gene sets (module hub genes) and pathways for further analyses. These genes 

can be helpful to understand how diverse genetic syndromes converge on ASD and how 

they are modulated. For example, two interferon response genes, IFITM2 and IFITM3, 

that are dysregulated in ASD brains [54] and the lightgreen module in TS, as well as 

RPS6KA2 and AKT1 in the black module, highlight potential convergent molecular links 

between TS and ASD that warrant future experimental investigation. 
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Network analysis allowed us to determine disease-associated alterations at the 

level of transcriptional co-regulation. TFBS enrichment analysis prioritized several 

candidate transcription factors as putative regulators of disease-associated modules, most 

of which could be confirmed by experimental data. These findings provide direct 

evidence for our hypothesis that module gene co-regulation reflects transcription factor 

binding. More importantly, our analysis identified four known calcium-dependent gene 

transcription factor families that regulate key genes within these modules: FOXO [29-31], 

NFAT [19, 69], MEF2 [17, 18], and CREB [21-23]. Moreover, by showing the overlap of 

the TF targets within modules, our analysis also implicates coordination among those 

calcium-dependent transcriptional regulation pathways. In particular, we predict a 

synergistic effect between MEF2 and CREB proteins in TS cells, consistent with the 

observation that phosphorylation of both MEF2 and CREB proteins leads to recruitment 

of CREB-binding protein (CBP) to activate downstream transcription [73]. Lastly, since 

several modules regulated by these calcium-dependent pathways are also associated with 

ASD, these data support previous suggestions that dysregulation of activity-dependent 

signaling plays a more general role in ASD pathogenesis [3].  

Also, of note, our analysis also highlights the potential role for RSK (ribosomal 

S6 kinase) proteins as putative regulators of genes in the black module. RSK proteins 

have been implicated in disorders of cognition and behavior, and mutations in RSK2 lead 

to Coffin-Lowry syndrome, an X-linked dominant genetic disorder that causes severe 

mental problems [74]. RPS6KA2 (also known as ribosomal s6 kinase 3, RSK3), 

RPS6KA4, and AKT1, all kinases that are known to regulate CREB [70, 75-78], were 

identified in the black module, where RPS6KA2 and AKT1 were hub genes.  
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Additionally, several known RSK and AKT substrates were found in the black module, 

including GSK3A, BEX1, CTNND2, and PAK1, which were centrally located in the 

protein-protein interaction network of the black module (Figure 2.S5). These 

observations lead us to speculate that RSK3/AKT1/CREB have key regulatory roles in 

the black module, and that down-regulation of the black module in TS samples is due to 

down-regulation of RSK/AKT pathways, a hypothesis that can be directly tested through 

experimental investigation.  

Neuronal development signaling and plasticity depends on electrical activity [3, 

42-44]. For instance, KCl–mediated depolarization of neurons changes the chromatin 

accessibility of several differentiation-associated genes, such as NCAM and TH, and can 

subsequently alter the differentiation path of neurons [39, 41]. However, neuronal 

depolarization has rarely been investigated at the genome-wide scale in human derived 

neural progenitors and neurons. Here, we identified five modules (brown, tan, yellow, 

midnightblue, and black) that were highly correlated with both differentiation and 

depolarization, providing a molecular network connecting these processes. An illustrative 

example is the black module, which is associated with the TS mutation, and was up-

regulated upon differentiation and down-regulated upon depolarization. Importantly, as 

implicated by the black module trajectory, TS derived neural progenitors exhibited 

significant differentiation deficits, strongly implicating the involvement of Cav1.2 in 

neural development. This is supported by changes in several genes involved in cation 

homeostasis control, including AGTF1, ANXA7, CD55, HMOX1, SFXN4, SLC11A2, 

SLC39A14, and SLC4A11, which were exclusively up-regulated in TS progenitors upon 
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differentiation, consistent with large-scale changes in the molecular networks associated 

with differentiation in TS. 

2.9 Conclusions 

Our results define a transcriptional network outlining a shared molecular basis for 

cortical neural differentiation and neuronal depolarization, but also implicate 

dysregulation of these common molecular pathways in TS pathogenesis. We show that 

several of these molecular pathways dysregulated by this specific Cav1.2 mutation are 

shared with idiopathic ASD based on comparison with data from in vivo brain gene 

expression. By defining the core molecular changes downstream of the Ca 1.2 mutation 

and its transcriptional regulators, this work illustrates how an integrative approach can be 

applied to functionally characterize transcriptional co-regulation under physiological and 

disease states, and to generate hypotheses to drive further mechanistic experimental 

investigation. 

2.10 Methods 

Expression dataset 

Expression data were obtained from Pasca et al. (2011) [25] (GSE25542). As 

previously described, cortical neural progenitors and neurons were generated from 

independent differentiation of four control iPSC lines from two normal subjects, four TS 

iPSC lines from one TS patient, and one human embryonic stem cell line (H9). To obtain 

activity-dependent gene co-expression networks, neurons were treated with 67mM KCl 

or vehicle, and harvested after 9hrs. Total RNA was extracted using the RNeasy Mini kit 
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(QIAGEN). cDNA labeling and hybridization on Illumina HumanRef-8 v3 Expression 

BeadChips (Illumina) were performed according to the manufacturer's protocol.  

Microarray data was analyzed with custom R scripts calling Bioconductor 

(http://www.bioconductor.org/) packages [25]. Outlier arrays were detected based on low 

inter-sample correlations. Raw expression data was log2 transformed, and quantile 

normalized. Probes were considered robustly expressed if the detection P value was 

<0.05 for at least half of the samples in the data set. Consequently, a total of 13255 

expressed genes from12 neural progenitor cell lines, 15 neuronal cell lines at rest, and 9 

KCl-depolarized neurons from cases and controls were used for network analysis. 

Weighted Gene Coexpression Network Analysis (WGCNA) 

We conducted signed co-expression network analysis using the R WGCNA 

package [27] as previously described [54, 56, 72]. WGCNA is based on topological 

overlap measurements derived from pairwise correlation-based adjacency values to 

estimate the neighborhood similarity among genes, followed by hierarchical clustering to 

identify gene co-expression modules. Instead of focusing on individual genes, WGCNA 

is highly effective for characterizing the features of co-expressed gene modules [79],  

each of which is represented by a color classifier. Here, the correlation values were raised 

by a power of 12 to satisfy scale-free criteria [27]. The minimum module size was set to 

40 genes and the height for merging modules was set to 0.25, which required at least 25% 

dissimilarity among modules in expression. We identified a total of 18 modules, each 

summarized by its eigengene (ME, defined as the first principal component of the 

standardized expression values [38]). The significance of module eigengene-phenotype 
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association (cell type, mutation status, resting vs. depolarization, etc.)  was evaluated by a 

linear regression model using the R lm function. Associations with FDR (Benjamini–

Hochberg (BH) correction [80]) less than 0.05 was considered as significant. Genes were 

prioritized based on their correlation with the module eigengene (kME) [38]. The top 

connected genes (either kME>0.6 or the top 200, depending on which was smaller to 

facilitate visualization) were used to generate the module network plots via the R igraph 

package [81].  

Module preservation analysis 

Module preservation analysis was performed to investigate if density and 

connectivity based network measures were preserved across datasets and conditions [33]. 

A Zsummary statistic was computed to aggregate various preservation measures, and a 

threshold of 2 based on 200 permutations was used to determine significantly preserved 

modules.  

We first assessed the preservation of modules identified in combined case and 

control samples in two independent datasets: 1) expression profiles of differentiating 

primary human neural progenitor cells in vitro over 12 weeks (phNPCs) (GSE57595) 

[34], and 2) expression data from developing human cortex (postconception week 4 

through 6 months after birth) from Kang et al. (GSE25219) [34, 35] 

Differential expression  

Differentiation-induced expression changes were assessed for cases and controls 

separately using the linear models from the R limma package [82]. The neural 
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progenitors and neurons were paired if they were differentiated from the same iPSC clone 

and plated for differentiation in one experiment. The interaction effect was further 

evaluated using factorial designs implemented in limma. To be identified as showing 

dynamic expression changes upon differentiation in TS versus controls two criteria 

needed to be satisfied: 1) significant differential expression upon differentiation in either 

controls or TS, but not both; 2) a significant interaction effect between cell type (neural 

progenitor and neurons) and TS mutation status. The significance threshold was set at p 

<0.05 unless otherwise specified. 

Functional enrichment analysis 

Functional enrichment analysis was assessed using GO-Elite Pathway Analysis 

[83]. Two enrichment analyses were performed on the genes of interest by assessing: 1) 

enriched Gene Ontology (GO) categories, and 2) enriched KEGG pathways. GO-Elite 

performs permutations to obtain over-representation Z scores and enrichment p-values for 

each GO term. In our analysis, we performed 10000 permutations to evaluate enrichment 

significance. The background was set to the total list of genes expressed in this dataset. 

GO categories with a permuted p<0.05 were reported. 

Gene set overrepresentation analysis  

A one-sided Fisher exact test was performed to assess overrepresentation of 

module genes in other gene sets using the R function Fisher.test. Depolarization-

associated gene lists were curated from two publications (McKee et al. (2007) [36] and 

Kim et al. (2010) [37]). The ASD susceptibility genes were curated from the SFARI gene 
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database [53]. Genes categorized as Syndromic (S) and those with associated scores 

ranging from 1-4 were used in our analysis. The ASD-associated co-expression modules 

M12 and M16 were obtained from Voineagu et al. (2011) [54]. The ID-associated genes 

were curated from four reviews [48-51] resulting in 401 genes as reported in Parikshak et 

al. (2013) [56]. 

Transcription factor binding site (TFBS) enrichment analysis 

TFBS enrichment analysis was conducted by scanning the promoter sequence of 

the genes in the analyzed modules for enrichment of known transcription factor binding 

motifs using the Clover algorithm [84]. For every gene, we considered 1000 bp upstream 

of its transcription start site as the candidate promoter region. The putative binding motifs 

were obtained from TRANSFAC [85, 86] in the format of position weight matrix. To 

comprehensively evaluate the statistical significance of the enrichment results, we 

utilized three different background datasets: 1000bp sequences upstream of all human 

genes, human CpG islands and the sequences of human chromosome 20. We calculated 

the enrichment p values from the null distribution generated by repeatedly drawing 1000 

random sequences of the same length from the background sequences. Significant events 

were defined at p<0.05 across all three backgrounds.  

To confirm the validity of the predicted motif enrichment, we determined if 

existing chromatin immunoprecipitation (ChIP) data for transcription factors supported 

the predicted binding sites. The ChIP datasets were obtained from ENCODE 

(http://genome.ucsc.edu/ENCODE/dataMatrix/encodeChipMatrixHuman.html) [65, 67] 

and ChIP Enrichment Analysis resource (ChEA: 
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http://amp.pharm.mssm.edu/lib/chea.jsp) [66]. We reported the number of predicted 

binding targets that could be verified by corresponding transcription factor ChIP data 

from any tissues or cell lines where available. Statistical significance was evaluated by 

assessing the cumulative hypergeometric probability using phyper function in R. The 

population size was defined as the total number of genes expressed in this dataset.  

2.11 Supplementary figures  

 

 

Figure 2.S1: Module-based preservation in independent expression data sets from human 
brain development and neuron differentiation in vitro. A Zsummary statistic was computed to 
aggregate various preservation measures, and a threshold of 2 based on 200 permutations was 
used to determine significantly preserved modules. (A) Module preservation analysis of our 
identified modules show significant preservation of 7 modules in expression data profiling in vivo 
cortical development from 4 PCW to 6 month after birth [34, 35]. (B) Module preservation in an 
independent in vitro expression dataset, which profiled differentiating primary human neural 
progenitor cells (phNPCs) over 12 weeks and identified 8 significantly preserved modules [34]. 
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Figure 2.S2: Module eigengene correlation with neuron differentiation and depolarization, 
as well as the TS mutation status. In each cell, the R-square value for association with module 
eigengene is shown on the top, and the association FDR (Benjamini–Hochberg (BH) correction 
[80]) is shown at the bottom.  The cells are colored by signed adjusted R-square values with red 
and blue representing positive and negative correlation, respectively.  
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Figure 2.S3: Module-level enrichment for in vivo defined modules during fetal brain 
development [34, 35]. (A) Enrichment odds ratios (top) and BH corrected FDR [80] (bottom) are 
shown if the FDR p value is less than 0.05. Only the modules preserved in either differentiating 
phNPC in vitro or in vivo cortical brain were evaluated. (B) Functional annotation of the brain 
modules that were significantly overlapped with the modules defined in iPSC-derived neurons as 
in Stein et al. (2014) [34]. 
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Figure 2.S4: Overlap of MEF2 and CREB predicted targets. (A, B) Sequence logo plot for 
transcription factor (A) MEF2A and (B) CREB binding motifs curated from the TRANSFAC 
database [85, 86]. (C, D) Overlap of the predicted binding targets of CREB and MEF2 in the (C) 
black module and (D) magenta module. 
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Figure 2.S5: A protein-protein interaction network comprises the top connected genes in the 
black module (kME>0.7) [87]. Analysis was performed with Disease Association Protein-
Protein Link Evaluator (DAPPLE), which complies the protein-protein interactions from 
“inWeb” database, and builds both direct and indirect networks among the proteins encoded by 
seed genes. The seed genes are colored by the probability that the seed protein would be as 
connected to other seed proteins (directly or indirectly) by chance versus what is observed. Genes 
with the lowest p-values are highlighted in red as shown in the color bar. The grey nodes are the 
common inter-actors with the seed proteins. 
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CHAPTER 3:  

RNA sequencing in iPSC-derived neurons identifies 

gene expression changes associated with 22q11.2 

deletion syndrome 
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3.1 Background 

In Chapter 2, we identified gene expression changes due to a single gene mutation, 

CACNA1C G406R at multiple time points of neuron differentiation and depolarization. 

We showed that those expression changes were useful to identify the molecular 

mechanisms underlying different aspects of Timothy syndrome (TS) symptoms. Here, we 

evaluate transcriptional alterations due to a chromosomal copy number variation (CNV) 

that disrupt a group of genes. Presumably, CNV alters copy number and must affect the 

expression of dose-sensitive genes within the CNV region, which may further lead to 

genome-wide transcriptional alterations. Therefore, in addition to the questions addressed 

using ASD conditions caused by single gene mutation, we also want to investigate how 

CNVs affect gene expression both inside (cis) and outside (trans) of the CNV region. 

More critically, we want to know if we can utilize expression analysis to prioritize 

pathogenic genes in the CNVs and understand disease mechanism. 

In this chapter, we performed an unbiased analysis of gene expression on induced 

pluripotent stem cell (iPSC)-derived neurons from patients with 22q11.2 deletion 

syndrome. This deletion syndrome (which is also known as DiGeorge syndrome and 

velocardiofacial syndrome) occurs in about 1/4000 live births [1] and affects many parts 

of the body by causing heart abnormalities, altered immune system, and most importantly 

mental illnesses. It confers a 30–40% risk for ASDs in children [2, 3] and is one of the 

most common CNVs found in ASDs [4]. Meanwhile, this deletion is also the most 

frequent known recurrent genetic cause of schizophrenia [5-7]. Up to one-third of the 

deletion carriers develop schizophrenia or schizoaffective disorder, accounting for 1–2% 
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of schizophrenia cases in the general population [5-7]. These observations indicate an 

etiologic link between ASDs and schizophrenia, and the 22q11.2 deletion provides a 

unique opportunity to study the molecular connection between these two 

neurodevelopmental disorders while mitigating the challenges raised by the genetic 

heterogeneity of these two complex neuropsychiatric disorders. 

Most people with 22q11.2 deletion syndrome are missing a sequence of about 3 

million DNA base pairs on one copy of chromosome 22 in each cell, which includes 

about 40–60 genes. It is currently not fully understood whether the features of 22q11.2 

deletion syndrome are caused by a substantial effect of a single dosage-sensitive gene in 

the deletion region or cumulative effect from underexpression of a number of dose-

sensitive genes. Over the past several years, researchers have attempted to prioritize 

pathogenic genes using variety of research approaches, and several candidate genes 

within the deletion region have been identified. For example, with adequate mouse 

models, three research groups showed evidence that loss of a particular gene in the 

deletion region, TBX1, is probably responsible for many of the syndrome’s characteristic 

symptoms (such as heart defects, a cleft palate, distinctive facial features, hearing loss, 

and low calcium levels) [8-11]. Additionally, the loss of another gene, COMT, which 

functions in dopamine transmission regulation, has also been shown to potentially explain 

the increased risk of mental illness, given that the COMT variants are associated with the 

presence of psychosis and lower the intelligence quotient (IQ) in some 22q11.2 deletion 

carriers [12, 13]. Furthermore, other genes in the region, such as DGCR8, ZDHHC8, 

CRKL, and SNAP29, are suspected to have neuronal specific functions, including dendrite 

growth, neuron migration, and synaptic transmission [14]. However, these studies were 
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either performed using mouse models and non-neuronal human tissues or evaluated by 

single gene mutation experiments. How the full deletion affects neurodevelopment in 

human neurons remains widely unexplored.  

As shown in Chapter 2, iPSC technology now offers an opportunity to evaluate 

the functional impact of genetic defects on neural activities in a dish while retaining the 

patient’s genetic background [15-17]. Accordingly, we herein performed genome-wide 

expression analysis of iPSC-derived neural progenitor cells (NPCs) and neurons from 

patients carrying the 22q11.2 deletion and normal controls via RNA sequencing. By 

comparing the expression pattern between cases and controls, we showed that the 

deletion has a substantial effect on transcription of genes both inside and outside of the 

CNV interval along with neuronal differentiation processes.  

3.2 Overview of expression profiles of iPSC-derived neurons via RNA sequencing 

To evaluate the effects of 22q11.2 deletion on gene transcription, we performed 

deep RNA sequencing on cell lines derived from 6 cases with 22q11.2 microdeletion, 6 

controls, and 1 embryonic stem cell (ESC) line H9. To identify dysregulated molecular 

pathways at key developmental epochs, we analyzed the expression profiles at four 

distinct stages: original fibroblasts from skin biopsies, iPSCs, iPSC-differentiated NPCs 

and neurons. The RNAs were sequenced on Illumina HiSeq2000, generating 50 million 

high quality sequencing fragments per sample on average. Using the TopHat2 aligner 

[18], we found that 91% of the reads were uniquely mapped. Among the uniquely 

mapped reads, 80% covered exon and UTR regions, 5% mapped to intronic regions, and 

the remaining 15% were aligned to the mitochondrial genome and intergenic regions, 
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providing the potential to identify novel transcript and regulatory elements (Figure 3.S1). 

After filtering for high quality expression data, we retained 14 fibroblasts, 20 iPSCs, 22 

NPCs, and 18 neurons for further analysis (see Methods for a detailed description). There 

was no significant difference in sex, RNA integrity numbers (RIN), or mapping statistics 

between case and control samples at any stage analyzed. 

First, it is critical to address the variability between different iPSC lines generated 

from the same patient. We found very high correlations (r > 0.958) between gene 

expression profiles taken from multiple iPSC lines from the same individual, indicating 

minimal transcriptional heterogeneity between experimental replicates. As expected, the 

cell lines derived from the same subject had higher correlations compared with the cell 

line derived from different subjects (Figure 3.S2A). Furthermore, at the transcriptome 

level, patient fibroblasts, iPSCs, and iPSC-derived NPCs and neurons clearly and 

reproducibly grouped together based on the top two principal components (Figure 3.S2B). 

Further, there was no overall difference between iPSCs and ESCs nor their differentiated 

NPCs and neurons, indicating that iPSC reprogramming was not associated with 

transcriptional variability at a genome-wide level (Figure 3.S2B). 

3.3 Genome-wide transcriptional alterations in patients with 22q11.2 deletion  

3.3.1 22q11.2 deletion has a substantial effect on transcription of genes in the CNV 

interval 

We next examined gene expression patterns within the deletion region to 

determine the cis-effect of the deletion on gene transcription. Fifty-one protein-coding 
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genes were identified in the region, of which 31 were fairly uniformly expressed across 

all cell types: fibroblasts (N = 34), iPSCs (N = 33), NPCs (N = 39), and neurons (N = 40) 

(Methods). Five genes were expressed in NPCs and neurons but not in the fibroblasts 

PRODH, CLDN5, RTN4R, RIMBP3, and SLC7A4, suggesting their neuron-specific 

functions. The analysis showed that 87% of expressed genes in the CNV interval in NPCs 

and 83% in neurons were significantly down-regulated in the 22q11 deletion samples 

compared with controls (p < 0.005), revealing that the deletion has a substantial effect on 

transcription (cis-regulation) (Figure 3.1). This could be a proof of principal showing that 

this deletion is pathogenic and can cause downstream molecular changes. Further, as 

shown by the “outlier” analysis in Figure 3.1B, the expression alterations in patient cells 

were highly consistent across individuals. In addition, three-quarters of the genes within 

the deletion behaved similarly across cell types. Among the 31 genes with universal 

expression in all four cell types, 24 were consistently down-regulated at all stages, while 

the rest showed cell-type specific expression changes. For example, COMT was 

dramatically down-regulated in patient fibroblasts (log2 fold change = -1.00, p = 5.84E-

05), but it was not significantly differentially expressed in any patient-derived NPC or 

neuron (Figure 3.1b). Meanwhile, PRODH was down-regulated in patient neurons (log2 

fold change = -1.60, p = 3.49E-4) but was not expressed in fibroblasts. This result is 

consistent with previous findings that up-regulation of COMT expression occurred in 

PRODH-knockout mouse [19]. 

  



	   64	  

 

 

Figure 3.1: Gene expression alterations within the deletion region and the closely 
surrounding regions (1 Mb upstream and downstream). (A) Plot of the log2-transformed fold 
changes in patients compared with controls. The genes highlighted in red are those expressed in 
neurons and NPCs but not in fibroblasts. (B) The percentage of patient cell lines (neurons and 
NPCs, respectively) with expression alterations larger than two standard deviations from the 
mean. DS: deletions. 
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3.3.2 Transcriptional changes outside of the deletion interval 

 

Figure 3.2: Genome-wide gene expression alterations in NPCs and neurons derived from 
22q11.2 deletion carriers. (A) Heat map of DE genes identified in NPCs (left) and neurons 
(right). Each column represents independent differentiation of an iPSC line. Scaled expression 
values are color-coded with up-regulation shown in red and down-regulation shown in green. The 
dendrogram depicts hierarchical clustering based on the DE genes. The horizontal bar on the top 
shows the CNV status: red indicates the 22q11.2 deletion patients and black represents the 
controls. (d) Barplot showing the log2 fold changes of the top 20 down-regulated (blue) and top 
20 up-regulated (red) genes in the patient neurons. Genes highlighted in red are ASD and 
schizophrenia susceptibility genes.  

 

To determine the genome-wide effects of the 22q11.2 deletion, we further 

conducted genome-wide differential expression (DE) analysis and focused on the 
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expression changes outside of the deletion region. In all four cell types, we observed 

substantial transcriptomic changes in the patient cells compared with controls (Figure 

3.S3A). In particular, we found 188 DE genes in neurons and 154 DE genes in NPCs 

(thresholds p < 0.005), which clearly distinguished 22q11.2 deletion cases from controls 

by hierarchical clustering (Figure 3.2A). Remarkably, 22 DE genes in patient neurons 

that were outside of deletion interval and nine in NPCs have been previously implicated 

in either idiopathic ASDs or schizophrenia (Figure 3.S4), some of which were among the 

most dysregulated (Figure 3.2B). Furthermore, gene ontology (GO) enrichment analysis 

(Methods) showed that the 151 up-regulated genes in patient neurons (DE thresholds p < 

0.01) were enriched for GO categories related to synaptic transmission and ion transport, 

whereas the down-regulated genes (N = 184) showed enrichment for GO categories 

implicated in endoplasmic reticulum and muscle function. 

As compared with the deletion interval itself, those outside the deletion were far 

more cell-type specific (Figure 3.S3B). Only nine genes outside of the deletion region 

were consistently DE in patient samples at all four stages: AC217773.1, FLYWCH1, 

CAB39L, APOL2, POMZP3, ZP3, C1GALT1C1, HSPA12A, and CHST7 (DE thresholds p 

< 0.05). 

3.4 Alterations of gene co-expression structures in iPSC-derived neurons from 

22q11.2 microdeletion carriers  

It was previously demonstrated that the transcriptome has a reproducible co-

expression structure that drives expression changes under many different circumstances, 

including disease pathogenesis [20-23]. Accordingly, we applied Weighted Gene Co-



	   67	  

expression Network Analysis (WGCNA) [24] to provide a higher order view of such 

transcriptome changes in the 22q11.2 patients. In neurons, WGCNA identified a total of 

55 gene co-expression modules referred by color label identifiers; each reflected 

clustering of genes with common up- or down-regulation of expression across the 

samples (Figure 3.S5). Every module can be summarized by the first principal component, 

called the module eigengene (ME) [25]. By comparing the ME expression pattern 

between case and control neurons, we identified four modules significantly associated 

with 22q11.2 deletion status and not with any potential confounding factors: the white, 

midnightblue, violet, and royalblue modules (Figure 3.3 and Figure 3.S5).  

The white module included 31 genes in the deletion region and altogether 

represented the most down-regulated genes in the patient neurons. GO categories that 

were enriched in this module indicated that pathways related to cilium function, cell 

adhesion, and neurogenesis were severely impacted in patients with the 22q11.2 deletion 

(Figure 3.S5BE). Furthermore, the ME for the midnightblue module was also down-

regulated in patient compared with control neurons (Figure 3.S5DG). Remarkably, this 

module had significant over-representation of a previously defined ASD-associated co-

expression module, M16 [23] (odds ratio = 5.5, p = 4E-12), which revealed dysfunction 

of immune response in ASD brains, indicating the parallel dysregulation of immune 

response between 22q11.2 deletion syndrome and ASD.  

In contrast, the MEs for the violet and royalblue modules were up-regulated in 

patient neurons. Both modules were significantly enriched for genes in the GO categories 

involved in synaptic transmission and ion transport (Figure 3.3AB and Figure 3.S5CF). 
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Specifically, the violet module contained genes involved in neurotransmitter transporter 

activity (SLC18A3, SLC6A3, and SLC6A6) as well as genes particularly involved in 

calcium ion-dependent exocytosis (CACNA1A, CACNA1H, DOC2A, and ZP3). Among 

them, SLC6A6 was highly correlated with the ME and therefore defined as a hub of the 

module. Given that hub genes are usually the key steps in the related pathway(s), SLC6A6 

may have a central role in the violet module.  

 

Figure 3.3: The royalblue module is up-regulated in patient neurons. (A) Heat map of genes 
belonging to the royalblue module (top) with corresponding ME values (y-axis) across samples 
(x-axis) (bottom). (B) Relevant GO categories enriched in the royalblue module. (C) 
Visualization of the royalblue module gene co-expression identified by WGCNA. The top 200 
connections among the top 100 connected genes are shown. Genes with the highest number of 
connections are shown in larger font. (D) PPI connections among the genes in the royalblue 
module. The seed genes are colored by the probability that the seed protein would by chance be 
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as connected to other seed proteins (directly or indirectly), as observed. Genes with the lowest p-
values are highlighted in red. The grey nodes are the common interactors with the seed proteins. 

Although the GO annotation of the royalblue module was similar to the violet 

module, it was distinct since its ME showed low correlation with the violet module. 

Moreover, the GO terms of the royalblue module further included axolemma, regulation 

of synaptogenesis, and response to calcium ions (Figure 3.3B). Several KEGG pathways 

were also enriched in this module, including glutamatergic synapse (KEGG-hsa04724) 

and the calcium signaling pathway (KEGG-hsa04020). Remarkably, the royalblue 

module was significantly overrepresented for genes found in the other ASD-associated 

module, M12, identified by Voineagu et al. [23] (odds ratio = 2.8, p = 6E-4), which 

implicated dysfunction of vesicle transport, synaptic function, and neuronal projection in 

ASD postmortem brains. This finding indicates parallel dysregulation of synaptic 

function in both ASD and 22q11.2 deletion syndrome. In addition to the association with 

ASDs, the royalblue module also had significant overlap with schizophrenia candidate 

genes [26] (odds ratio = 2.8, p = 5E-4). One of the hub genes, SLC1A2, a glutamate 

transporter, has been thought to cause schizophrenia and other mental illnesses if over-

activated [27]. Taken together, these findings may suggest a critical role of the royalblue 

module in ASD and schizophrenia pathogenesis in patients carrying 22q11.2 deletion. 

Further investigation of this module might provide insights regarding the molecular 

relationship between ASD and schizophrenia. 

Our earlier studies revealed that co-expression can reflect interactions at the 

protein level [22, 28]. Accordingly, we next investigated whether those co-expressed 

genes were enriched for any protein-protein interactions (PPI) using Disease Association 

Protein-Protein Link Evaluator (DAPPLE) [29]. Among the four 22q11.2 deletion-
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associated modules, two (midnightblue and royalblue) showed significantly increased PPI 

connectivity compared with what would be observed by chance, confirming functional 

dependence of the identified co-expressed genes. In particular, tight PPI connections have 

been observed in the royalblue module. As shown in Figure 3.3D, several genes were 

identified with significant PPI connections that were specific to the royalblue module 

compared with any other randomly selected gene sets, including: DOCK4, KCNN1, 

RTN1, YWHAG, CALM1, DDX5, ACTG1, HIST2H4A, L1CAM, and FAM69A (PPI 

enrichment, p < 0.001). The hubness of KCNN1, which forms a voltage-independent 

potassium channel, further emphasized the ion channel functional relevance in the 

royalblue module.  

3.5 The royalblue module indicates dysregulation of microRNA expression in 

22q11.2 deletion carriers 

One of the genes disrupted by the 22q11.2 deletion, DGCR8, encodes a double-

stranded RNA binding protein, which plays an important role in microRNA biogenesis 

[30-32]. Previous studies have also shown genome-wide dysregulation of miRNAs in a 

22q11.2-deletion mouse model [33]. As miRNA functions in transcriptional and post-

transcriptional regulation of gene expression, we thus speculate that some of the 

identified transcriptional changes in the patient cells carrying the 22q11.2 deletion should 

result from miRNA dysregulation. Moreover, since co-expression usually indicates co-

regulation, we further hypothesized that the dysregulated co-expression modules in these 

patient-specific neurons might reflect, at least in part, the co-regulation of some miRNAs 

because of DGCR8 deficiency. Accordingly, we evaluated if the dysregulated genes are 
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enriched for any miRNA binding targets via gene-set enrichment function of GO-Elite 

Pathway Analysis [34] (Methods).  

In each of the 22q11.2 deletion-associated modules, the GO-Elite analysis 

identified a set of miRNAs whose binding targets were overrepresented in the module 

compared with randomly selected gene sets. In particular, two were identified in the 

white module, 11 in the midnightblue module, and one in the violet module, respectively. 

Remarkably, the royalblue module shows a striking enrichment for binding targets of 137 

miRNAs, which was seldom observed in any of our previous co-expression studies 

(Figure 3.4). More importantly, 18 out of the 137 identified miRNAs in the royalblue 

module have previously been shown to be significantly down-regulated in a 22q11.2 

mouse model [33]; one of the miRNAs, hsa-mir-185, is within the 22q11.2 deletion. 

Taken together, these findings lead to a hypothesis for a key regulatory role of the 

miRNAs in the transcriptomic changes identified in patient neurons. 

It is known that DGCR8 functions as a molecular anchor in the microprocessor 

complex that binds to a set of pri-miRNA and directs DROSHA for cleavage to generate 

mature miRNAs. Given the up-regulation of the royalblue module in the patient neurons 

parallels with the assumed down-regulation of miRNAs due to DGCR8 deficiency, we 

further speculate that the dysregulation of the royalblue module with its indication of 

miRNA dysregulation originated from DGCR8 haplo-insufficiency. Therefore, we next 

evaluate if the predicted miRNAs in the royalblue module directly bound to DGCR8. A 

DGCR8 high-throughput sequencing of RNA isolated by crosslinking 

immunoprecipitation (HITS-CLIP) study has reported 254 miRNAs that are known to 
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bind to DGCR8 protein [35], and we found that 77 of them (30%, hypergeometric 

overlap p = 4.02E-6) were identified with targets enriched in the royalblue module 

(Figure 3.4), providing substantial evidence that relate predicted miRNA dysregulation to 

underexpression of DGCR8. 

 

 

Figure 3.4: The royalblue module is significantly enriched for miRNA targets. The genes in 
the middle are the top 100 connected genes in this royalblue module. The nodes in the outer circle 
are 30 miRNAs whose targets are most enriched in this module with green dashed lines pointing 
to their predicted targets. Pie chart: miRNAs that have been proven to be down-regulated in a 
22q11.2 deletion mouse model (green); miRNAs that are known to bind to DGCR8 via DGCR8 
HITS-CLIP binding experiment (red). 
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Figure 3.5: The royalblue and violet modules are both enriched for hsa-miR-218 targets. 
The top 50 connected genes in each module are plotted according to the multidimensional scaling 
of their pairwise co-expression correlations so that co-expressed genes are clustered to each other. 
Grey lines are plotted among the genes if the pairwise correlation is greater than 0.7. The blue 
dashed lines point to the predicted target genes of has-miR-218. Pie chart: ASD susceptibility 
genes obtained from SFARI (red); DE genes with p < 0.005 (yellow); genes belong to GO 
categories related to ion transport (light green); schizophrenia (SZ) susceptibility genes gathered 
from the SZGene database (green).  

 

Hsa-miR-218 is among the most enriched miRNAs in the royalblue module, with 

38 predicted targets found (17% of the genes in the royalblue module), including the 

potassium channel gene, KCHNH2. Interestingly, its targets are also overrepresented in 

another 22q11.2 deletion-associated module, violet, where 16 predicted targets (15%) 

were identified. The top 50 connected genes in each module are shown in Figure 3.5 with 
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predicted targets of hsa-miR-218 highlighted by arrows. The co-regulation relationship 

between the royalblue and violet modules is consistent with their similar functional 

annotations with synaptic transmission and ion transport. More importantly, predicted 

targets of hsa-miR-218 in general (N = 254 as predicted by miRDB [36, 37]) are highly 

enriched for GO terms related to synapses and axons, indicating a typical functional role 

of hsa-miR-218 in regular synaptic development.  

3.6 Discussion and future directions 

By analyzing the expression profiles of cell lines derived from 22q11.2 deletion 

syndrome patients, we showed that this deletion has a substantial effect on transcription 

of genes both inside and outside of the CNV interval at several differentiation stages, 

including neural progenitors and neurons. While the cis-regulation effects were highly 

preserved across cell types, the trans-effects of the deletion on transcription were far 

more cell-type specific, emphasizing the importance of using neuron-relevant tissues and 

cell lines for mental disease research. Furthermore, by utilizing WGCNA, we also 

identified alterations in gene co-expression organizations by showing four gene co-

expression modules that were associated with 22q11.2 deletion status. In particular, the 

royalblue module, which revealed a defect in synaptic transmission and ion transport in 

the patient neurons, might also indicate a molecular link between schizophrenia and ASD 

pathogenesis in patients carrying the 22q11.2 deletion.  

By integrating the co-expression modules with miRNA binding analysis, we 

further suggest that miRNAs play a critical role in mitigating the impact of deletion on 

transcription. Particularly, our analysis indicates that the loss of hsa-mir-185 and DGCR8, 
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two genes disrupted by the deletion, is responsible for the dysregulation of the royalblue 

module in patient neurons. This inference is supported by several previous 22q11.2 

deletion studies using mouse models. For example, Xu et al. found that miR-185 

deficiency alone represents the most substantial transcriptional disturbance in the brains 

of Df(16)A+/− mice (the 22q11DS mouse model) [38]. Additionally, reduction of miR-

185 levels results in dendritic and spine development similar to those observed in 

Df(16)A+/− mice [38]. Furthermore, the same group has also shown that DGCR8 

haploinsufficiency can reduce the expression of miRNA by 20–70% [33], which 

collectively may have a huge effect on mRNA expression and stability. They pointed out 

that DGCR8 deficiency might be primary contribution to the phenotypic deficits in the 

22q11.2 deletion mouse model [33], which is consistent with our observations here.  

However, based on current information, a few questions remain to be answered. 

Firstly, are the predicted miRNAs truly dysregulated in the patient neurons? If so, to what 

extent are these miRNAs affected by DGCR8 deficiency? Second, since the royalblue 

module is also enriched for the targets of hsa-mir-185, how can we distinguish the effects 

between loss of hsa-mir-185 and loss of DGCR8 on regulation of the royalblue module? 

Lastly, are there any modified effects from other genes in the deletion on these inferred 

miRNA-centered transcriptome changes? 

To answer these questions, we designed the following experiments to conduct in the 

future: 

1) We will first comprehensively characterize the miRNA expression alterations in 

iPSC-derived neurons from the same patients carrying the 22q11.2 deletion versus 
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the cell lines derived from controls via small RNA sequencing. We will evaluate 

whether or not the predicted miRNA regulators of the royalblue module are 

actually dysregulated in the patient cells.  

2) To distinguish the impact of DGCR8 deficiency from other co-occurring gene 

disruptions by 22q11.2 deletion, we will knock down DGCR8 expression in 

normal human neuronal cell lines [20, 39, 40] and profile both mRNA and 

miRNA expression of these cells at multiple differentiation stages. By comparing 

the changes identified in patient-specific neurons carrying the 22q11.2 deletion, 

we can thus determine the DGCR8-dependent and -independent transcriptome 

changes.  

3) Based on the results of above experiments, we will further pick a set of miRNAs 

for experimental validation. We will individually overexpress those selected 

miRNAs in normal human neuronal cell lines from fetal progenitors to identify 

their targets and evaluate the overlap with what we identified in the current 

22q11.2 deletion neurons. More importantly, we can evaluate their functional 

impact in vivo using a 22q11.2 deletion mouse model.  

3.7 Methods 

RNA sequencing and expression analysis 

We isolated total RNA from fibroblasts, iPSCs, NPCs, and neurons using the 

RNeasy Mini kit and the RNase-Free DNase set (QIAGEN). 800 ng total RNA was used 

for sequencing library preparation using the Illumina TruSeq RNA Sample Preparation 

kit. The samples were sequenced on an Illumina HiSeq 2000 in two batches: 1) cell lines 
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from 3 patients and 3 controls sequenced with 100 bp single-end reads; 2) cell lines from 

additional 3 patients and 3 controls sequenced with 50 bp paired-end reads. To avoid 

batch effect from sequencing, we treated both batches as 50 bp single-end data by 1) 

trimming the 100 bp read to 50 bp for samples in batch 1 and 2) picking only the first 

read end for sample analysis in the second batch.  

Reads were first aligned to the human reference genome from the 1000 Genomes Project 

(i.e., human_g1k_v37) using TopHat2 aligner [18]. Next, these reads were summarized to 

Gencode gene annotation v11 [41] gene-level read counts using htseq-count (see details 

and information at http://www-huber.embl.de/users/anders/HTSeq/doc/count.html) [42]. 

Sample outliers were first detected based on the mean inter-sample correlation and 

hierarchical clustering and subsequently removed from the follow-up analysis. In 

addition, the gene-level read count values were median normalized and log2-transformed. 

Batch effects were adjusted using the ComBat package in R [43]. Genes were considered 

expressed if they had one or more reads mapped in every million reads in at least 50% of 

the samples. In conclusion, 12172 protein-coding genes in fibroblasts, 14123 in iPSCs, 

14003 in NPCs, and 14025 in neurons were identified as expressed and retained for 

further analysis. 

DE analysis and outlier analyses 

DE analysis was assessed using the Limma package in R [44], and the 

significance threshold was p < 0.005 unless otherwise specified. The Limma package 

uses linear models to robustly assess DE genes. In our model, sex and RIN variables were 
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included with CNV status to regress out their impacts on transcription. Histograms of p-

values were plotted to show if there was a significant DE signals genome-wide. 

For genes within the 22q11.2 deletion interval, we further performed “outlier” 

analysis to investigate the cis-regulation effect of the deletion on transcription. Here, we 

defined outliers as genes that were ±2 standard deviations from the mean expression in all 

control samples. Different from the general differential expression analysis, the “outlier” 

analysis was to verify whether one gene was dysregulated in one particular patient cell 

line as compared to controls. Although statistically stringent, it can reflect the variability 

of cis-regulation effect across patient cell lines.  

WGCNA 

Signed co-expression network was built on 18 neuronal samples using the 

WGCNA package in R [45]. In the analysis, 14025 protein-coding genes were identified 

as expressed at the neuronal stage and used as input. Briefly, the pairwise correlations 

were first computed using the biweight midcorrelation. Subsequently, a signed weighted 

network was built by raising the correlations to a power of 15 and was then transformed 

to produce a robust measure—topological overlap. Topological overlap values were 

subsequently used for hierarchical clustering, and co-expression modules were defined as 

the branches of the resulting tree using the hybrid dynamic tree cut method. Each module 

was summarized by ME, which was defined as the first component of the standardized 

expression patterns [25]. Modules with high eigengene correlation (i.e., r > 0.75) were 

merged. Finally, by evaluating the correlation between ME and 22q11.2 deletion status, 

four modules were identified as significantly associated with 22q11.2 deletion syndrome 



	   79	  

(correlation p < 0.05). Network plots for the co-expression modules were generated using 

igraph in R.  

PPI enrichment 

The PPI enrichment among the co-expressed genes was assessed using DAPPLE 

[29]. DAPPLE compiles the PPIs from the “inWeb” database and builds both direct and 

indirect networks among the proteins encoded by seed genes. To assess the statistical 

significance of the enrichment, DAPPLE performs a within-degree node-label 

permutation method, which can control potential biological and methodological bias in 

the PPI data. In our analysis, we performed 10000 permutations with a common 

interactor binding degree cut off of 2.  

Pathway analysis 

Functional enrichment was assessed using GO-Elite Pathway Analysis [34]. Three 

enrichment analyses were performed on the genes of interest by justifying: 1) which GO 

categories were enriched, 2) which KEGG pathways were enriched, and 3) whether any 

putative miRNA regulatory targets were enriched. GO-Elite uses a Z-score, which is an 

approximation of the hypergeometric test, to assess term enrichment. For DE genes and 

co-expression modules, the background was set to all of the expressed genes that were 

identified. The statistical-significance threshold level for all GO enrichment analyses was 

set to p < 0.05. 

Gene set over-representation  
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The one-sided Fisher exact test was performed to assess enrichment of gene sets 

using the R function “fisher.test”. The ASD susceptibility genes were curated from the 

Simons Foundation Autism Research Initiative (SFARI) gene database [46]. Genes 

categorized as syndromic (S) and those with associated scores ranging from 1–4 were 

used in our analysis. The ASD-associated co-expression modules M12 and M16 were 

obtained from Voineagu et al. (2011) [23]. The schizophrenia candidate genes were 

obtained from the SZGene database (http://www.szgene.org/), which gathers data from 

schizophrenia genetic association studies [26]. 

3.8 Supplementary figures 

 

Figure 3.S1: Classification of uniquely aligned reads across Gencode gene annotation v11. 
(A) Average read distribution across samples. (B) Read distribution by each RNA sample.  
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Figure 3.S2: iPSC reprogramming is not associated with transcriptional variability at a 
genome‐wide level. (A) Clustering of samples based on inter-sample Spearman correlation using 
log2-transformed RNAseq read counts. Samples were clustered by cell-type differences, as shown 
on the top. Red: fibroblasts; green: iPSC; blue: neurons; cyan: NPCs. (B) Sample separation 
based on the top two principal components of the genome-wide expression profiles. The cells 
shown were derived from the six 22q11 DS patients and six normal controls. The star represents 
the ESC line, H9, and its differentiated neurons and neural progenitors.  
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Figure 3.S3: iPSC-derived cells from 22q11 DS patients show genome-wide gene expression 
changes in all four cell types assayed. (A) Distribution of the DE p-values comparing cases 
versus controls within the four different cell types. (B) Overlap of DE genes identified in different 
cell types with CNV genes that were included (left) and excluded (right). 
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Figure 3.S4: Log2 fold changes of the DE genes in patient neurons (A) and NPCs (B) that 
have been implicated in either idiopathic ASDs or schizophrenia.  
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Figure 3.S5: Alterations of gene co-expression structures in iPSC-derived neurons from 
22q11.2 deletion carriers. (A) Hierarchical clustering of genes based on gene co-expression 
pattern across neurons derived from controls and patient carrying the 22q11.2 deletion. Identified 
co-expression modules were represented by color classifiers, which is noted across the top of the 
dendrogram. The “22q11 DS” bar represents the correlation between gene expression and 
22q11.2 deletion status. Only |correlations| > 0.5 are shown. Red signifies up-regulation, while 
blue signifies down-regulation. The bars in the panels of “CNV genes” and “ASD genes” indicate 
the location of the genes in the 22q11.2 deletion region and the ASD susceptibility genes, 
respectively. (B,C,D) ME patterns of the (B) white, (C) violet, and (D) midnightblue modules. 
(E,F,G) The top 5 enriched GO categories for each corresponding module. 
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CHAPTER 4:  

RNA sequencing in iPSC-derived neurons identified 

shared gene expression features among several different 

syndromic forms of autism and idiopathic ASD cases 
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4.1 Background 

A variety of genetic syndromes that result in autism spectrum disorders (ASD) 

show incomplete penetrance and variable expressivity. For example, in a study of 60 

patients carrying a 22q11.2 deletion, 33.3% participants had no psychiatric diagnosis, 

while those that did expressed a wide range of ASD phenotypes, with ≤ 33% satisfying 

the criteria for all three core domains of ASD abnormalities (social interaction, 

communication, and stereotyped behaviors) [1]. In addition, a recent study of Timothy 

syndrome (TS) showed that 30% of patients met the diagnostic criteria for autism, while 

20% met the criteria for ASD and 10% exclusively had severe delays in language 

development [2, 3]. Thus, it is important to understand how diverse genetic mechanisms 

converge on ASD and how they are differentially modulated.  

Given that we have previously shown apparent convergence of pathways at the 

transcriptomic level in ASD [4-6], we hypothesize that diverse genotypic alterations 

converge at the gene expression level in different syndromic forms of autism. Therefore, 

in this chapter, we compared expression profiles of induced pluripotent stem cell (iPSC)-

derived neurons from three syndromic ASD conditions, namely TS,  and 22q13.3 and 

22q11.2 chromosomal deletion syndromes, to identify shared molecular alterations and 

specific features of these monogenic neurodevelopmental conditions.  

The next question addressed here is to what extent the findings from genetically 

defined ASD conditions can be generalized to idiopathic ASD cases. Although iPSCs 

have been shown to be useful for studying monogenic ASD diseases [7-9], the 

demonstration of disease-specific pathogenesis in idiopathic ASD is a current challenge. 
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Nonetheless, extending iPSC modeling technology beyond monogenic ASD to non-

syndromic forms of autism may uncover generic molecular and cellular pathways in ASD 

pathogenesis, and provide direct insight into the disorder.  

Accordingly, in this chapter, I also performed expression analysis on iPSC-

derived neurons from eight idiopathic ASD patients with macrocephaly and six non-

autistic controls. Overall, differential gene regulation and molecular pathways related to 

brain development and disease were identified. Additionally, comparing expression 

patterns between idiopathic and syndromic autism cases, our analysis provide important 

support for pathway convergence in ASD. 

4.2 RNA sequencing in iPSC-derived neurons identifies gene expression changes 

associated with idiopathic ASD patients  

Genetic heterogeneity of ASD mirrors its phenotypic variability and complicates 

transcriptomic studies on idiopathic ASD cases. We reasoned that selective analysis of 

patients sharing common endophenotypes would reduce transcriptional variability. 

Therefore, we analyzed expression profiles of iPSC-derived neural cells from eight 

idiopathic ASD patients with brain overgrowth in early life (see Methods) and compared 

them with six non-autistic controls. Our collaborators from the University of California, 

San Diego (UCSD) have shown that these patient-derived cells display accelerated 

progenitor proliferation, premature neuronal differentiation, and reduced synaptogenesis 

at the neuronal stage (data unpublished). Thus, the intention was to identify 

transcriptional alterations that could explain the molecular basis of these observations.  
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To identify dysregulated molecular pathways during development, expression 

profiles at three distinct stages (iPSCs, iPSC-derived neural progenitor cells (NPCs) and 

neurons) were analyzed. At the transcriptome level, the samples can be separated into 

three distinct clusters based on cell-type differences of the top two principal components, 

supporting reproducibility of our iPSC reprograming and neural differentiation 

procedures (Figure 4.S1AB). 

 First, standard differential expression (DE) analysis was performed to identify 

individual gene expression pattern changes at the NPC and neuronal stages. Our analysis 

identified 71 genes that are significantly DE in patients as compared to controls at NPC 

stage and 154 genes at neuronal stage, which by hierarchical clustering clearly 

distinguished the ASD cell lines from controls (Figure 4.1AB). Remarkably, up-regulated 

genes in case NPCs were significantly enriched for the Gene Ontology (GO) category of 

“brain development” and included EMX1, FOXG1, RPH3A, and TBR1. This is in 

agreement with the increasing brain size of the ASD patients examined, and the high 

NPC proliferation rate of the cultures (Figure 4.S1CD). Moreover, at the neuronal stage, 

down-regulated genes showed significant enrichment for the GO categories of “cilium” 

and “axoneme”, consistent with the observed synaptic dysregulation in differentiated case 

neurons (Figure 4.S1EF). 
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Figure 4.1: Gene expression changes in neurons and NPCs derived from idiopathic ASD 
patients with macrocephaly. (a) Hierarchical clustering using differentially expressed (DE) 
genes identified in NPCs (left) and neurons (right). Heat maps show color-coded scaled 
expression values, with up-regulation in red and down-regulation in green. Each column 
represents a line from an iPSC clone. Horizontal bars above the heat maps indicate disease status: 
white, cell lines derived from ASD cases; black, cell lines from controls. (b) Log2 transformed 
fold changes of the top 20 down-regulated (blue) and up-regulated (red) genes in patient NPCs 
(left) and neurons (right), compared with controls. Genes highlighted with an asterisk (*) show 
log2 fold changes > 3. (c) Schematic of top connections in the brown module, down-regulated in 
ASD neurons. Genes are connected if pairwise correlations are greater than 0.8. Pie chart: genes 
in GO category “axoneme” (red); ASD CNVs (yellow); and differentially expressed (DE) genes 
(p < 0.005) (green). (d) Schematic of top connections in the tan module, up-regulated in ASD 
neurons. Genes are connected if pairwise correlations are greater than 0.8. Pie chart: genes 
previously identified with ASD-associated missense (red) and protein disrupting (green) rare de 
novo variations (RDNVs), and differentially expressed (DE) genes (p < 0.005) (yellow).	  
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 To examine transcriptomic network organization [10-12], Weighted Gene Co-

Expression Network Analysis (WGCNA) [13-15] was used to provide a higher order 

view of the biological processes altered in patient cells. Given the substantial 

transcriptomic alterations in the patient-derived neurons, we put main focus on 

determining gene co-expression organization at the neuronal stage. Using a signed 

network (each labeled a different color), we identified 17 gene co-expression modules in 

neurons (Figure 4.S1G). Remarkably, we observed striking clustering of the case-

associated and known ASD susceptibility genes (curated from SFARI database) upon the 

identified co-expression dendrogram (Figure 4.S1G), suggesting those ASD-associated 

genes coalesce on coexpression networks. This observation demonstrated a key notion of 

my dissertation of pathway convergence in ASD at the transcriptional level. 

 By comparing expression patterns of the modules between patients and controls 

(see Methods), we identified four modules (brown, tan, purple, and magenta) 

significantly associated with ASD status (FDR < 0.1) (Table 4.1). The first three modules 

have clear functional annotations, and implicate dysfunction in neurite outgrowth, 

extracellular matrix organization, and transcriptional regulation in case neurons. Known 

autism candidate genes are significantly enriched in these autism-correlated modules. In 

particular, genes commonly affected by ASD-associated chromosomal copy-number 

variations (CNVs) (see Methods) were overrepresented in the brown module (OR = 1.5, 

Fisher exact p = 0.02), while the tan module was enriched for genes affected by ASD-

associated protein-disrupting and missense rare de novo variations (RDNVs) (see 

Methods) (OR = 1.6, Fisher exact p = 0.02). Co-expressed genes imply co-regulation, 
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therefore these results provide further evidence for convergent transcriptional regulation 

in ASD [5, 6, 11].   

Table 4.1: Four modules associated with ASD status in iPSC-derived neurons from 
idiopathic ASD patients with macrocephaly. 
 

 

As NPCs from ASD patients exhibit abnormal differentiation phenotypes, an 

additional DE procedure with factorial design was used to determine dynamic expression 

changes during differentiation in patient cells (Methods). We identified 35 genes with 

significant expression differences between cases and controls in the NPC to neuron 

transition (p < 0.005) (Figure 4.2A). These genes are significantly enriched for those 

associated with voltage-gated cation channels (Figure 4.2B), including CACNG5, 

KCNA6, KCNC2, and KCNIP2. During differentiation, these cation channel genes were 

up-regulated in control cells, while in patient cells this increase was attenuated (Figure 

4.2C). These data further implicate voltage-gated cation channel dysregulation in the 

ASD neural differentiation, consistent with decreased excitatory glutamatergic synapses 

observed in ASD cultures, likely affecting synaptic transmission. 
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Figure 4.2: Expression analysis identifies differentiation deficits in neurons derived from 
ASD patients. (a) Barplot showing neuron/NPC ratios of differentially expressed genes in the 
NPC to neuron transition. Black and white bars represent ratios in control and ASD samples, 
respectively. (b) The top five enriched GO categories among genes showing differentiation-
dependent expression changes in ASD patients vs. controls. (c) Dynamic expression patterns of 
genes in the GO category “voltage gated ion channel activity”, and with significant 
differentiation-dependent expression alterations during neuronal differentiation (p < 0.005). 
White, samples from ASD patients; and black, samples from controls. P-values in interaction 
plots show significance of the interaction effect between cell type and disease status. P-values in 
neuronal and NPC plots show significance of differences between cases vs. controls.	  
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4.3 Convergence of gene expression between syndromic autism and idiopathic ASD 

cases 

4.3.1 Overlap of DE genes across conditions 

As there are shared phenotypes with ASD, we hypothesize that different 

syndromic forms of ASD share underlying molecular pathway dysregulation, which are 

likely reflected at the transcriptional level. Accordingly, to determine if there are shared 

expression changes in iPSC-derived neurons from different ASD conditions, we moved 

on to check the overlap of DE genes identified in every ASD condition.   

In this analysis, another ASD condition, 22q13.3 deletion syndrome (also known 

as Phelan-McDermid syndrome) was included. This is a genetic disorder caused by 

deletions at the q terminal end (long arm) of chromosome 22 that confer a > 50% risk of 

developing ASD [16-19]. Five neuronal cell lines derived from two patients carrying 

22q13.3 deletions were examined. Using genome-wide DE analysis, we identified 

significant cis- and trans-effects of the deletion on gene transcription. Of genes expressed 

in the CNV interval, 83% were significantly down-regulated (p < 0.005) in patient 

neurons compared with controls (Figure 4.S2). Moreover, an additional 734 genes outside 

the deletion interval were dysregulated (p < 0.05; with 48 genes p < 0.005). Remarkably, 

102 of the 734 genes (14%) overlapped with DE genes in neurons derived from 22q11.2 

deletion carriers (OR = 2, Fisher exact test FDR = 2E-8), with 55 genes up-regulated and 

47 down-regulated in both conditions (Figure 4.3). This shared altered expression 
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suggests a degree of molecular pathway convergence in 22q11.2 and 22q13.3 deletion 

syndromes. However, no significant overlap with dysregulated genes in TS was observed. 

	  
	  
Figure 4.3: Overlap of DE genes identified in iPSC-derived neurons from TS, and 22q11.2 
and 22q13.3 deletion syndrome patients. Overlap of up-regulated (A) and down-regulated (B) 
genes in the three ASD conditions individually compared with controls. 

 

We next evaluated if these DE genes were also dysregulated in idiopathic ASD 

cases. Using a thresholds of p < 0.05 to identify DE genes, there was significant overlap 

of down-regulated genes, including the ASD susceptibility gene GRIN2A, between 

22q11.2 deletion syndrome and idiopathic ASD cases (N = 41, OR = 2.7, Fisher exact test 

FDR = 4E-6) (Figure 4.4). Surprisingly, using a more stringent threshold (p < 0.01) for 

differential expression, a significant proportion of genes down-regulated in 22q13.3 

deletion cases showed increasing expression in idiopathic ASD cases (N = 11, OR = 6.3, 

Fisher exact test FDR = 5E-3). This apparent opposition in expression direction is 

interesting given that microcephaly is reported in a few affected 22q13.3 deletion carriers 
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[19], in contrast to the macrocephaly endophenotype chosen for the idiopathic ASD 

patients. No significant enrichment events were observed for dysregulated genes in TS 

neurons.  

 
Figure 4.4: Overlap of DE genes in idiopathic ASD and syndromic autism cases. For each 
condition (TS and 22q11.2 and 22q13.3 deletion syndromes), three DE gene lists were examined: 
1) up-regulated; 2) down-regulated; and 3) combined up- and down-regulated genes, with a DE 
thresholds of p < 0.05. Cells are colored according to –log10 of enrichment FDR to reflect 
enrichment significance with an upper limit of 4, as shown in the key bar on the right. In each 
cell, upper numbers reflect enrichment odds ratios and lower numbers are the corresponding 
enrichment FDR values. 

 

4.3.2 Preservation of ASD-associated gene co-expression modules across conditions 

In addition to examining the consistency of expression alterations at the 

individual DE gene level, we also investigated the preservation of ASD-associated gene 

co-expression modules across conditions. We reason that co-expression modules 
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associated with idiopathic ASD status would, at least in part, be preserved with 

syndromic autism if they share common molecular pathways.  

First, we employed module preservation analysis [20] to determine if co-

expression relationships among genes in idiopathic ASD modules were preserved in the 

three syndromic ASD conditions. Z summary statistics were used to aggregate various 

preservation measures on module density and connectivity, and represent overall module 

preservation [20]. Typically, a threshold of 2 is used to determine significant preservation 

events [20]. Of the four modules identified in idiopathic ASD neurons from patients with 

macrocephaly, co-expression structure of three were reproducibly identified in neurons 

from TS and 22q11.2 and 22q13.3 deletion syndrome patients (Table 4.1). In particular, 

two up-regulated modules (tan and purple) were preserved across all conditions, while 

the brown module was only preserved in 22q11.2 and 22q13.3 deletion syndrome 

neurons. As co-expression usually implicates co-regulation and functional dependence 

(Chapter 2), the observed preservation suggests that the molecular basis of the pathways 

underlying these modules (e.g., neurite outgrowth, extracellular matrix organization, and 

RNA processing) is shared across conditions.  

Nevertheless, preservation of co-expression structure does not necessarily lead to 

preservation of disease association. Therefore, we next performed overrepresentation 

analysis to determine if the preserved idiopathic ASD modules overlap with any TS and 

22q11.2 deletion associated modules (the 22q13.3 deletion condition was not included 

because of the small sample size of this condition potentially leading to less reliable 

module identification). Several interesting significant overlap events were observed 
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(Figure 4.5). For example, the down-regulated brown module was enriched for genes in 

the white module associated with 22q11.2 deletion syndrome, which contained the most 

down-regulated genes in 22q11.2 deletion case neurons. Interestingly, both modules 

implicate cilium function, and several cilium-related genes (including TTC30A, TTC30A, 

DYNC2H1, and LRRC6) were identified in this overlap, suggesting parallel down-

regulation of cilium genes in these two conditions. In addition, the up-regulated purple 

module showed overrepresentation of genes in two modules (purple and tan) up-regulated 

in TS neurons, and with GO annotations related to RNA processing. Moreover, the up-

regulated tan module surprisingly overlapped with a module down-regulated in 22q11.2 

deletion case neurons (midnightblue), implicating divergent modification of pathways in 

these two conditions.    

 
Figure 4.5: Preserved idiopathic ASD modules overlap with several TS and 22q11.2 deletion 
associated modules. Cells are colored according to –log10 of enrichment FDR to reflect 
enrichment significance with an upper limit of 4, as shown in the key bar on the right. In each 
cell, upper numbers reflect enrichment odds ratios and lower numbers are the corresponding 
enrichment FDR values. 

Over representation relationships (adjusted p−value)

0

1

2

3

4

Idio
pa
thic
Big
Bra
in_
rm
2P
C_
bro
wn

Idio
pa
thic
Big
Bra
in_
rm
2P
C_
tan

Idio
pa
thic
Big
Bra
in_
rm
2P
C_
pu
rpl
e

Idio
pa
thic
Big
Bra
in_
rm
2P
C_
ma
ge
nta

TS_black

TS_salmon

TS_lightcyan

TS_lightgreen

TS_magenta

TS_purple

TS_red

22q11_white

22q11_violet

22q11_royalblue

22q11_midnightblue

0.89
(1)

1.1
(1)

0.36
(1)

1.1
(1)

0.4
(1)

1.8
(0.8)

0.38
(1)

1.5
(1)

0
(1)

0.78
(1)

0.61
(1)

0
(1)

0.46
(1)

0
(1)

0
(1)

0
(1)

1.2
(1)

0.18
(1)

0.14
(1)

1.1
(1)

0.49
(1)

0.43
(1)

4.9
(9e−08)

0
(1)

1.1
(1)

0.68
(1)

2.5
(0.005)

0.57
(1)

2.9
(0.01)

0
(1)

0.28
(1)

3.3
(0.02)

0.24
(1)

0
(1)

0
(1)

0
(1)

0.34
(1)

0.2
(1)

0
(1)

1.6
(0.8)

1.1
(1)

4.8
(9e−08)

0.4
(1)

0.86
(1)

-log10(p) 



	   103	  

 
4.4 Discussion 

Genome-wide expression alterations significantly associated with ASD status 

were identified by analyzing expression profiles of iPSC-derived neurons from eight 

idiopathic ASD patients with macrocephaly and six non-autistic controls. These 

expression alterations implicate dysfunction of molecular pathways related to neuronal 

differentiation and neurite outgrowth, and are corroborated by the observed cellular 

phenotypes in ASD cultures of premature differentiation and reduced synaptogenesis. 

These findings support the notion that selective analysis of ASD cases sharing common 

endophenotypes are a useful approach to reduce variability and assess pathway 

convergence in ASD.  

More importantly, a number of the expression changes identified in idiopathic 

ASD cases were reproduced in syndromic forms of autism. These shared transcriptomic 

features greatly support our hypothesis that common pathways are dysregulated in ASD 

conditions. Three levels of overlap were observed: 1) overlap of DE genes; 2) overlap of 

co-expression gene modules; and 3) consistent functional annotation of identified 

expression changes. Interestingly, overlaps were detected within a subset of ASD 

conditions and not all of them. For example, iPSC-derived neurons derived from 

idiopathic ASDs with macrocephaly share parallel down-regulation of pathways related 

to cilium growth with neurons from 22q11.2 deletion syndrome patients; yet they show 

convergence with TS on up-regulation of co-expression gene modules related to RNA 

processing. Therefore, it is reasonable to assume that ASD is caused by disruption of 
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multiple molecular pathways, thereby providing various convergent points with different 

ASD-associated genetic syndromes.  

In addition to similarities, our analysis also highlighted diversity in gene 

expression across conditions. For example, the up-regulated idiopathic ASD tan module 

overlapped with the down-regulated midnightblue module in 22q11.2 deletion syndrome 

neurons. In addition, down-regulated genes from 22q13.3 deletion syndrome cases shared 

significant overlap with idiopathic ASD up-regulated genes. Further investigation of 

these genes may provide an explanation for phenotypic variation of those ASD 

conditions.  

Moreover, our analysis supports the increased power of a network-based approach 

to identify disease-relevant transcriptional changes compared with standard DE analysis. 

For example, no significant overlap between DE genes in idiopathic ASD and TS neurons 

was observed, but significant intersections were detected at the module level. DE genes 

usually represent the most extreme expression alterations in cases versus controls. 

However, as suggested above, ASD may be caused by cumulative alteration effects in a 

large amount of genes and/or pathways, each with a modest effect. Thus, the top 

expression changes are not likely to be preserved across data sets and conditions.  

WGCNA identified co-expressed gene groups, which by assumption are likely to be co-

regulated and functionally related. It determines disease association at the module 

(pathway) level, and is therefore more robust to evaluate pathway convergence across 

conditions.  

  



	   105	  

4.5 Methods 

Generation of iPSC-derived neurons from idiopathic ASD patients with 

macrocephaly 

Ø Patient ascertainment  

Subjects were recruited through the UCSD Autism Center of Excellence from a pool 

of volunteers formerly included in previous brain imaging studies. Control subjects were 

selected randomly from lists of typically developing individuals who had had an MRI 

scan when they were toddlers. ASD subjects were selected from lists of ASD subjects 

who had been identified and diagnosed with ASD and MRI scanned when they were 

toddlers; from among these potential ASD subjects, we selected those with very large 

total brain volume as compared to typically developing toddlers. Adult subjects or 

parents of minor subjects underwent consent procedures approved by the UCSD Human 

Research Program. Child assent was also obtained where applicable. ASD subjects 

demonstrated a behavioral presentation consistent with Autism as defined by criteria set 

forth in the Diagnostic and Statistical Manual of Mental Disorders, Fourth Edition (DSM-

IV; APA)[21]. Assessment for history and presence of the disorder was achieved via 

standardized behavioral, cognitive, and functional assessments including the appropriate 

Wechsler Intelligence Scale, the Autism Diagnostic Observation Schedule (ADOS), the 

Autism Diagnostic Interview, Revised (ADI-R), and Vineland Adaptive Behavior Scales 

(VABS). Participants in the control group presented as typically developing at young 

ages as well as at the time of the fibroblast biopsy, and they tested within age-equivalent 

ranges on standardized tests of cognition and behavioral functioning, namely the 
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appropriate Wechsler Intelligence test, Vineland Adaptive Behavior Scales, and the 

Scales of Independent Behavior – Revised (SIB-R), a measure to obtain detailed 

information about each subject’s developmental, medical, psychological and behavioral 

history and functional status. Participants in the control group had no history of 

psychological, genetic, or other disorder.  

Ø Cellular reprogramming 

IPSCs were obtained from skin fibroblasts of ASD patients and controls, collected by 

the UC San Diego Autism Center of Excellence. Briefly, fibroblasts were transduced with 

retroviruses containing OCT4, SOX2, KFL4, and MYC to induce overexpression of these 

genes [22]. Two days after transduction, the cells were transferred to a co-culture system 

with murine embryonic fibroblasts (mEFs) maintained with DMEM/F12 (Invitrogen, 

CA), 20% Knockout Serum Replacement (Invitrogen, CA), 1% non-essential amino 

acids, and 100 µM beta-mercaptoethanol and treated with 1 mM valproic acid (Sigma) 

for 5 days. The iPSC colonies were identified after approximately 2 weeks in this culture 

system, transferred to Matrigel (BD Biosciences)-coated plates, and maintained in 

mTeSR media (Stem Cell Technologies). Standard G-banding karyotype analyses were 

performed by Cell Line Genetics (Madison, WI). 

Ø Neural differentiation 

The iPSC colonies were plated on Matrigel (BD Biosciences)-coated plates and 

maintained for 5 days in mTSeR media (Stem Cell Technologies). On the 5th day, the 

media was changed to N2 media [DMEM/F12 media supplemented with 1X N2 
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supplement (Invitrogen) and 1 µM dorsomorphin (Tocris)]. After 2 days, the colonies 

were removed from the plate and cultured in suspension as embryoid bodies (EBs) for 2-

3 weeks using N2 media with dorsomorphin during the entire procedure. The EBs were 

then gently dissociated with accutase (Gibco), plated on Matrigel-coated dishes, and 

maintained in NBF media (DMEM/F12 media supplemented with 0.5X N2, 0.5X B7 

supplements, 20 ng/mL FGF and 1% penicillin/streptomycin). The rosettes that emerged 

after 3 or 4 days were manually selected, gently dissociated with accutase, and plated in 

dishes coated with 10 µg/mL poly-ornithine and 5 µg/mL laminin. This NPC population 

was expanded using NBF media. To differentiate the NPCs into neurons, the cells were 

re-plated in the absence of FGF, with regular media changes every 3 or 4 days. 

RNA sequencing in iPSC-derived cells from idiopathic ASD with macrocephaly 

RNAs were isolated from 88 cell lines (31 iPSCs, 29 NPCs and 28 neurons) 

derived from 8 idiopathic ASD patients with macrocephaly and 6 non-autistic controls 

using the RNeasy Mini kit (QIAGEN). 1000 ng of total RNAs were used for library 

preparation using Illumina TruSeq RNA Sample Preparation Kit. The RNAs were 

sequenced on Illumina HiSeq2000 with 50bp paired-end reads, generating 50 million 

high quality sequencing fragments per sample on average. We first utilized TopHat2 

aligner [23] to align the reads against the Human reference genome from the 1000 

Genomes Project (i.e., human_g1k_v37), and then summarized the read counts to 

Genecode11 union-exon gene models [24] using htseq-count [25] (http://www-

huber.embl.de/users/anders/HTSeq/doc/count.html). 85% of the reads could be uniquely 

mapped, and 74% of those uniquely aligned reads fell into exonic and UTR regions 
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(Figure 4.S6A). Then we processed the expression data for each experimental stage 

separately. At every differentiation stage, outlier samples were defined by low inter-

sample correlations as previously described [26] and subsequently excluded in the 

follow-up expression analysis. 83 samples were retained for further analysis, including 28 

iPSCs, 30 NPCs, and 25 neuronal samples. Gene-based read counts were further median 

normalized and log2-transformed to bring their distribution to normality. Batch effects 

were corrected afterwards using R ComBat package with the non-parametric model 

option. Lastly, we filtered expressed genes requiring the count per million (cpm) values 

larger than one in at least one group of the samples (ASD or controls). Consequently, 

14291 genes in iPSCs, 14413 in NPCs, and 14974 in neurons were identified as 

expressed and retained for further analysis. 

Differential expression analysis  

Differential expression (DE) analysis at static experimental stage was performed 

using the linear mixed effect model from R limma package [27]. Samples derived from 

the same subject were considered as replicates, where their variations were accounted by 

the random effects in the model. RNA qualities may greatly influence the DE analysis. 

Therefore, we included RNA integrity numbers (RIN) as a covariate in our regression 

model. DE genes were detected based on the significance threshold of p-value <0.005, 

unless we specified otherwise. To identify the genes showing differentiation-induced 

expression changes, we first paired progenitors with neurons if they were from the same 

iPSC clone and plated for differentiation in one experiment. Next, we computed the gene-

based ratios of progenitor expression over neuronal expression for every differentiation 
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pairs, and used the log2-transformed ratios as the input for the follow-up regression model. 

The comparison was conducted using the linear mixed model via the lme function 

provided by R package nlme [28]. Ratios computed for the same subject were considered 

as replicates. Significant events were detected if p-value <0.005. 

WGCNA in iPSC-derived cells from idiopathic ASD with macrocephaly 

We conducted signed co-expression network analysis on 25 neuronal samples 

using R WGCNA package, as previously described [5, 11]. Briefly, 14974 expressed 

protein-coding genes were used in our analysis, and the soft thresholding power was 

chosen to be 16 based on the approximate scale-free topology criterion. We set the 

minimum module size to 100 genes and required the dissimilarities among modules to be 

at least 15%. Each identified module was summarized by the module eigengene (first 

component of the standardized expression patterns), and was thereafter correlated with 

ASD disease status. The disease association significance was evaluated by a linear mixed 

effect model via R lme function. Four modules (brown, tan, magenta, and purple) were 

considered significantly associated with ASD status with association FDR<0.1. 

Furthermore, genes were prioritized based on their correlations with the module 

eigengene, named as kME. The top 200 connected genes ranked by kME values were 

used to generate the network plots via R igarph package. 

Functional enrichment analysis 

GO enrichment analysis was assessed using GO-Elite Pathway Analysis tool [29]. 

GO-Elite performs permutations to obtain over-representation Z score and enrichment p-
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value for each GO term. In our analysis, we used the default permutations settings in GO-

Elite package. The background was set to all the expressed genes identified at each 

experimental stage. GO categories with a permuted p-value < 0.05 were reported, and the 

top 5 enriched GO terms (ranked by Z-scores) were plotted.  

Gene set over representation analysis  

We performed the gene set enrichment analysis using the one-sided Fisher exact 

test. Enrichment FDR was obtained by Benjamini–Hochberg (BH) correction [30]. We 

first evaluated if any known ASD-associated genes were overrepresented in our lists of 

gene that dysregulated in cells derived from idiopathic ASD cases with macrocephaly. 

The test gene sets were from three different resources. First, we curated the ASD 

susceptibility genes from the SFARI gene database. Genes categorized as Syndromic (S) 

and those with associated scores ranging from 1-4 were used in our analysis. 

Furthermore, we collected genes affected by ASD-associated RDNVs from four 

publications [31-34] as previously described [5]. Lastly, we used an in-house script to 

obtain a gene list that are most commonly affected ASD-associated CNVs. 

We next evaluated if there was any significant overlap among the dysregulated 

genes identified in our iPSC-derived neurons from different ASD conditions. The DE 

genes in TS neurons were obtained from Pasca et al. [9], and TS associated co-expression 

modules were identified as described in Chapter 2. The DE genes and WGCNA modules 

associated with 22q11.2 deletion modules were obtained from Chapter 3.  

 



	   111	  

Module preservation analysis 

Module preservation analysis was performed to investigate if density and 

connectivity based network measures were preserved across datasets and conditions [20]. 

A Zsummary statistic was computed to aggregate various preservation measures, and a 

threshold of 2 based on 200 permutations was used to determine significantly preserved 

modules. The co-expression network/modules in iPSC-derived neurons from idiopathic 

ASD patients with macrocephaly were set as the reference. We evaluated if the co-

expression structures in the reference modules were preserved in the expression profiles 

of iPSC-derived neurons from TS, 22q11.2 deletion syndrome, and 22q13.3 deletion 

syndrome patients.   
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4.6 Supplementary figures 
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Figure 4.S1: Gene expression analysis in iPSCs and derived cell types. (A) Clustering of 
samples based on inter-sample Spearman correlations using log2 transformed RNA sequencing 
read counts. Samples were clustered by cell type differences as shown on the top color bar: red, 
iPSCs; blue, iPSC-derived NPCs; and green, iPSC-derived neurons. Subjects are indicated by 
different colors in the “Individual ID” color bar. In the “ASD” color bar, green and blue represent 
cell lines from patients and controls, respectively. (B) Sample separation based on the top two 
principal components of genome-wide expression profiles. (C) and (D) Barplots showing 
enrichment z-scores of the top five enriched GO categories of down-regulated (top) and up-
regulated (bottom) genes from ASD samples. (D) Gene expression pattern boxplots of the four 
up-regulated genes in patient NPCs that contribute to enrichment of the GO category “brain 
development”. (F) Expression pattern boxplots of the down-regulated genes involved in 
enrichment of the GO category “axoneme” from patient iPSC-derived neurons. (G) Hierarchical 
clustering of the WGCNA network at the neuronal stage. The top colored bar indicates module 
colors. The “Disease” color bar represents correlation values between gene expression and ASD 
status. Red and blue indicate up-regulation and down-regulation, respectively, in cases vs. 
controls. Only genes with disease correlation > 0.5 or < −0.5 are marked. ASD candidate genes 
from the SFARI database (levels 1–4) are indicated with red lines in the “SFARI ASD” color bar. 
(H, I) The brown (H) and tan (I) modules are associated with ASD status. Boxplots on the left 
show module eigengene (ME) values in control (black) and ASD (white) neurons. P-values 
represent significance of differences between ASD vs. controls. The top five enriched GO 
categories from genes in the brown and tan modules are shown on the right. 
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Figure 4.S2: Gene expression alterations in the 22q13.3 deletion and surrounding (3Mb 
upstream and downstream) regions. Log2 transformed fold changes in patients compared with 
controls are shown. Genes highlighted in red were expressed in neurons and NPCs, but not 
fibroblasts. 
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Figure 4.S3: Overlap of DE genes in idiopathic ASD and syndromic autism cases. For each 
condition (TS and 22q11.2 and 22q13.3 deletion syndromes), three DE gene lists were examined: 
1) up-regulated; 2) down-regulated; and 3) combined up- and down-regulated genes, with a DE 
thresholds of p < 0.01. Cells are colored according to –log10 of enrichment FDR to reflect 
enrichment significance with an upper limit of 4, as shown in the key bar on the right. In each 
cell, upper numbers reflect enrichment odds ratios and lower numbers are the corresponding 
enrichment FDR values.  
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CHAPTER 5:  

Overlapping expression features in lymphoblast cell 

lines from five different syndromic forms of autism 
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5.1 Background 

Autism spectrum disorders (ASDs) are a spectrum of heterogeneous 

neuropsychiatric conditions that are diagnosed solely based on abnormal language 

development, impaired social interaction, and stereotyped repetitive behaviors [1]. ASDs 

are highly heritable, yet the genetic etiology is widely heterogeneous. Although many 

genetic risk factors have been associated with ASDs, to date, no single genetic cause can 

account for more than 2% of ASD cases [2-4]. This complicates the genetic diagnosis and 

development of targeted molecular treatments for ASDs. Although recent expression 

studies have shown that there seems to be a convergence of pathways at the transcriptome 

level in ASDs [4-7] (Chapters 2–4), generalization of these findings is difficult, given 

that large numbers of postmortem brain tissues as well as iPSC-derived patient neurons 

are usually hard to obtain. Meanwhile, it is currently unknown whether any expression 

features can be used as biomarkers for ASD diagnosis.  

Recent studies demonstrated that expression analysis by using peripheral tissues 

could reflect significant expression changes in the brain. Sullivan et al. showed that 

whole blood shared substantial gene expression similarities with multiple central nervous 

system tissues, with a correlation above 0.5 [8]. Furthermore, Cai et al. identified a set of 

preserved gene co-expression groups among blood and brain tissues that may aid future 

efforts to identify blood biomarkers for neurological and neuropsychiatric diseases [9]. 

More importantly, Jasinska et al. identified molecules with common genetic regulation 

(eQTL) in both blood and the brain [10], further demonstrating the utility of blood as a 

surrogate tissue for some brain expression traits. 
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In particular, blood [11-13] and lymphoblast cell lines (LCLs) [14-18] are widely 

used in ASD expression studies. For example, Nishimura et al. revealed that common 

expression changes could be identified in LCLs from two monogenic forms of ASD, 

fragile X syndrome (FXS) and 15q11-13 duplications (dup), some of which are 

dysregulated in neural tissue [17]. Furthermore, they identified differentially expressed 

(DE) genes that could classify ASD cases based on their genetic etiologies, and a novel 

autism susceptibility gene, CYFIP1, was identified in their study [17]. Another study by 

Luo et al. showed that gene expression from LCLs could be used to determine the 

pathogenicity of rare ASD-associated mutations [18], and they identified distinct patterns 

of transcriptional dysregulation in several recurrent chromosomal copy number variations 

(CNVs), including the 16p11.2 deletion (del) and 7q11.23 dup [18]. There are also 

several studies that used LCLs from sporadic autistic cases [14-16]; for example, by 

comparing LCL expression profiles among sibling pairs discordant for autism, Hu et al. 

identified DE genes with functional implications for neuronal processes and development 

[14, 15]. Taken together, these findings indicate that gene expression of blood-derived 

LCLs is likely to be useful for identifying etiological subsets of autism and exploring its 

pathophysiology. However, earlier studies were usually either restricted to a small set of 

ASD conditions or lack reproducibility.  

Given the complexity of ASD etiology, genetically defined ASD forms, which 

consist of relatively homogeneous populations, provide powerful insight into the disorder. 

Accordingly, in this study, we performed genome-wide expression analysis via RNA 

sequencing on LCLs from five different genetically defined ASD conditions from Autism 

Genetic Resource Exchange (AGRE) cohort, including 16p11.2 del, 16p11.2 dup, 15q11-
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13 dup (including SNRPN dup), FXS (caused by a mutation in the FMR1 gene), and 

22q11.21 dup (Table 5.1). By comparing each condition to non-autistic controls, we 

revealed a significant functional impact of those genetic variations on gene expression in 

LCLs. More importantly, a set of shared expression alterations have been identified 

across ASD conditions, revealing the convergence of gene expression in ASDs in 

peripheral LCLs.  

Table 5.1: Sample summary 

 
 

5.2 Genome-wide effects of ASD-associated sequence variants on gene expression  

Previous studies have shown that pathogenic sequence variants usually cause 

transcriptional disturbances [18-20]. Therefore, we hypothesized that the five ASD-

associated sequence variants studied herein would also cause disease-related expression 

alteration in LCLs. We analyzed high-quality expression profiles of LCLs from 34 ASD 

cases from five different genetically defined ASD conditions and 20 age/sex-matched 

controls via RNA sequencing (Methods; Table 5.1). For each ASD condition, probands 

were recruited from multiple AGRE families to mitigate the potential confounding effects 

of family structure. 

  

ASD Condition N. Individuals

16p11.2 del 4

16p11.2 dup 7

15q11-13 dup / SNRPN dup 13

Fragile X syndrome (FXS) 6

22q11.21dup 4

controls 20
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Table 5.2: Expression changes identified in each ASD condition compared with that in 
controls.  

 
DE threshold: p<0.005. 

 

First, we evaluated the transcriptional disturbances of genes that were directly 

disrupted by the sequence variants. As shown in Table 5.2, among the expressed genes in 

each CNV region, 90% in 16p11.2 del, 75% in 16p11.2 dup, and 42% in 22q11.2 dup 

were significantly dysregulated compared with that in controls (DE, p < 0.005). In 

contrast, the expression pattern of genes within and surrounding the 15q11-13 duplication 

area was very heterogeneous; except for the up-regulation of HERC2, no other consistent 

up- or down-regulation was observed in this interval. It is likely that the dup boundaries 

in the 15q11-13 intervals were different from each other, which might lead to different 

expression patterns. Further investigation of CNV characterization is required to 

elucidate these expression patterns. Moreover, the expression variation might agree with 

the complex epigenetic modification pattern of the 15q11-13 dup area [21, 22], which 

may complicate its impact on transcription.  

In addition to analyzing the CNVs that affect a group of genes, we also evaluated 

the impact from a single gene mutation. FXS is caused by extra expansion of a CGG 

# expressed 
genes # DE % DE DE genes in mutation area # DE Top 5 DE genes 

16p11.2 del 20 18 0.90
PPP4C, CDIPT, TMEM219, MAPK3, KCTD13, SPN, 
INO80E, TAOK2, ALDOA, MVP, MAZ, TBX6, YPEL3, 

HIRIP3, C16orf54, QPRT, C16orf53, KIF22 
361 BCL9, TMEM68, SMAD4, C11orf68, ARPC5L 

16p11.2 dup 20 15 0.75
PPP4C, TAOK2, SPN, KCTD13, INO80E, C16orf53, 

CDIPT, MAZ, MAPK3, HIRIP3, QPRT, MVP, 
TMEM219, KIF22, ALDOA

58 PLS3, CPSF3L, ATP6V1D, RMND1, SP1

15q11-13 dup/ 
SNRPN dup

8 1 0.13 HERC2 214 ZBTB9, ELF2, TULP2, TRIM32, C22orf34

FXS 1 1 1.00 FMR1 144 HRASLS2, SMG6, TCEAL3, RNF207, CEACAM1

22q11.21dup 26 11 0.42
TRMT2A, DGCR14, COMT, UFD1L, MRPL40, 
C22orf25, C22orf29, LZTR1, PI4KA, THAP7, 

TXNRD2
64 PLS3, STAT4, FAM50B, C19orf25, AGPAT9

DE genes in mutation area DE genes outside of the mutation area

ASD condition
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triplet repeat in the FMR1 gene. As expected, our analysis revealed significant down-

regulation of FMR1 in the LCLs from the mutation carriers compared with the controls 

(fold change = 0.19; FDR = 1.16E-07). Taken together, these results indicate that 

majority of the ASD-associated sequence variants have a substantial impact on 

transcription in LCLs (cis-regulation).  

The transcriptional alteration outside of the mutation region (trans-regulation) was 

also evaluated. By conducting genome-wide DE analysis, which compares each ASD 

condition with control samples, we identified significant transcriptome alterations in 

LCLs derived from the 15q11-13 dup, 16p11.2 del, and FMR1 mutation carriers, as the 

distribution of their DE p-values were obviously skewed toward the small end (Figure 

5.S1). However, no obvious genome-wide DE signal was observed for the 22q11.2 dup 

and 16p11.2 dup cases (Figure 5.S1). Using p < 0.005 as the cutoff, only a minimal 

number of DE genes could be identified outside the CNV interval in these two conditions 

(Table 5.2). 

Since 16p11.2 del and 16p11.2 dup resulted from copy number alterations of the 

same chromosomal interval, we further performed an analysis of variance (ANOVA) on a 

combination of both conditions to identify genes that were sensitive to dosage changes of 

this region. Two hundred and twenty-nine genes were identified as showing expression 

changes with the 16p11.2 CNVs (DE, p < 0.005), 20 of which were within the 16p11.2 

interval. Remarkably, multidimensional scaling (MDS) can clearly distinguish 16p11.2 

del and 16p11.2 dup from each other and the controls, regardless of whether the CNV 
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genes were included (Figure 5.1). This indicates that the gene expression of LCLs would 

be useful for identifying etiological subsets of ASD.  

 
 
Figure 5.1: Sample separation based on genes sensitive to the copy number changes of the 
16p11.2 interval. Samples were plotted according to the MDS of DE genes among 16p11.2 del, 
16p11.2 dup, and controls. (A) Two hundred and twenty-nine DE genes (p < 0.005) were used for 
MDS analysis, including the 20 CNV genes in the 16p11.2 event interval. (B) Two hundred and 
nine DE genes were used for MDS analysis with CNV genes excluded. Red: 16p11.2 dup cases; 
black: 16p11.2 del cases; green: controls.  
 

 

5.3 Overlapping gene expression features identified in LCLs from patients with five 

different syndromic causes of ASD 

Considering that all patients were diagnosed with ASD regardless causal 

mutations, we hypothesized that they share expression features in LCLs. To determine 

the common expression features among these conditions, we conducted an additional DE 

analysis by combining all cases into a single group and investigated which transcriptional 

features were associated with general ASD status. Surprisingly, we observed significant 

transcriptome alterations among the combined cases. Sixty-six DE genes were identified 

with FDR < 0.05, by which hierarchical clustering clearly distinguished different ASD 
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forms from controls (Figure 5.2). These genes were enriched for Gene Ontology (GO) 

categories related to protein transport, transcription regulation, and mRNA splicing.  

 
 

Figure 5.2: Hierarchical clustering using DE genes to distinguish cases from controls. Heat 
map of 66 DE genes showing expression changes in all 5 ASD conditions. Each column 
represents one independent LCL sample. Scaled expression values are color-coded, with up-
regulation shown in red and down-regulation shown in green. The dendrogram depicts 
hierarchical clustering based on the DE genes. The horizontal bar on the top shows the ASD 
diagnosis status (red: ASD; black: control), CNV status, and sex (red: males; black: females). 

  

To ascertain whether the shared expression features were driven by any single 

ASD condition, we performed principal component analysis (PCA) on the expression 

pattern of the 66 identified DE genes and evaluated the association of the top PCs with 

each assayed ASD condition. PC1 accounted for most of the expression variance (57.8%) 

of these DE genes, and it was only associated with ASD status and not with any other 
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potential confounding factors such as age, sex, and sequencing depth. More importantly, 

PC1 had more than 60% association (R2) with all five ASD forms (Figure 5.3A), 

indicating that these DE genes did show transcriptional changes in all of those ASD 

conditions instead of being driven by a subset of them. Remarkably, PC1 itself was 

sufficient to distinguish different ASD forms from controls (Figure 5.3B). We also 

noticed subtle divergence of different ASD forms with regard to the 66 DE genes. As 

shown in Figure 5.3B, FXS was the least separated condition based on PC1 value, as it 

was closest to the control line. This is consistent with our observation that DE genes 

identified in FXS condition had the least overlap with the 66 core DE genes (Table 5.S1). 

Together, these findings indicate the convergence of pathways in LCLs derived from 

these five different ASD forms. However, FXS might represent a distinct subgroup of 

ASD compared with the other four conditions.  

Based on our previous work [17] (Chapter 4), it is reasonable to assume that 

subsets (2 or more) of those monogenic forms may display more pronounced molecular 

overlap. By conducting pairwise comparisons on DE genes identified in each ASD form 

(DE thresholds p<0.05), our analysis reveals two interesting overlaps. First, 78 down-

regulated genes were shared among FXS and 15qdup conditions (odds ratio [OR] = 6, 

FDR = 0.01), 4 of which (KLHL25, ADNP, ZNF268, and ZNF434) passed the stringent 

DE threshold of p < 0.005. The significant overlap suggests common expression features 

between these 2 conditions, which agrees with conclusion of previous findings by 

Nishimura et al. [17]. Additionally, we observed surprising overlap among the DE genes 

identified in 16p11.2 del and 16p11.2 dup. One hundred and two genes were up-regulated 

in both conditions (OR = 8.8, FDR = 0.001, while 112 down-regulated genes were shared 
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(OR = 10, FDR = 6E-4). Remarkably, the shared down-regulated genes were enriched for 

genes that belong to the GO “cognition” category i.e., ADNP, NIPBL, PAFAH1B1, and 

RGS14 (enrichment p = 0.006). This indicates that neural-related pathways were 

dysregulated in ASD lymphoblasts. 

 
 

Figure 5.3: Sample separation based on the top PC of the 66 DE genes. (A) Association (R2) 
of the top five PCs with the five ASD conditions. Numbers in the parentheses attached to each PC 
indicate the percentage of variance that can be explained by this PC. (B) Sample separation based 
on PC1 values. Controls have negative PC1 values and the majority of ASD cases show positive 
PC1 values. The cumulative distribution of each ASD condition and the control is shown as 
decreasing PC1. 
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5.4 DE genes identified in ASD LCLs recapitulated the expression features of 

neurons derived from ASD patients  

Expression analysis using peripheral tissues can sometimes reflect significant 

expression changes in the brain [8-10]; therefore, we next explored whether the ASD-

associated expression features that we identified in LCLs could recapitulate changes that 

were identified in autistic brains and iPSC-derived neurons. Accordingly, we compiled 

the following gene lists for comparison: 1) DE genes and gene co-expression modules 

(M12 and M16) with altered expression trajectory in autistic postmortem brains [6], and 2) 

DE genes and co-expression modules dysregulated in iPSC-derived neurons from 

idiopathic ASD patients with macrocephaly (Chapter 4). In order to comprehensively 

evaluate transcriptional overlaps, we assessed the shared DE genes identified in ASD 

LCLs at two significance levels, p < 0.005 and FDR < 0.05.  

Although no significant overlap has been observed with expression features 

identified in postmortem autistic brains, remarkable enrichments were identified with 

transcriptional alterations that were observed in iPSC-derived neurons from ASD patients 

with macrocephaly (Figure 5.4). Sixty-two genes were up-regulated in both LCLs and 

iPSC-derived neurons (OR = 2.1, FDR = 2E-05, DE thresholds p<0.05, Table 5.S2). 

More strikingly, the up-regulated genes displayed more pronounced enrichment in a gene 

co-expression module that was up-regulated in ASD patient neurons, the magenta module 

(OR = 4.6, FDR = 5E-19). Consistent with the functional annotation of these DE genes, 

the magenta module also revealed dysregulation of pathways related to RNA processing 

in ASDs. Furthermore, the overlap with the iPSC magenta module could be extended to 
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DE genes identified in multiple individual ASD conditions when they were separately 

compared to controls such as 15q11-13 dup (OR = 2.7, FDR = 4E-4), 16p11.2 dup (OR = 

2.5, FDR = 0.03), and 16p11.2 del (OR = 2.4, FDR = 5E-6). These observations indicate 

a parallel dysregulation of molecular pathways related to RNA processing in ASDs in 

both peripheral tissue and the brain.  

 
Figure 5.4: DE genes identified in ASD LCLs overlapped with the expression features of 
neurons derived from ASD patients. Overlapping significance is shown between the DE genes 
identified in our LCL expression profiles and genes that were previously shown to be 
dysregulated in autistic brains or neuronal cell lines derived from autistic patients. For each 
condition, we evaluated three DE gene lists: 1) up-regulated genes; 2) down-regulated genes; and 
3) combined up- and down-regulated genes. Cells are colored according to –log10 of enrichment 
FDR (Methods) with a ceiling of 4, as shown in the key bar on the right. Enrichment ORs are 
shown on the top of each cell, and corresponding enrichment FDRs are shown below. 
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5.5 Generalization of the identified expression features to idiopathic ASD cases 

 
Figure 5.5: Generalization of the identified expression features to idiopathic ASD cases. 
Overlapping significance of the DE genes identified in our LCL expression profiles and genes 
that were previously shown to be dysregulated in idiopathic ASD cases in other expression 
studies using peripheral tissues and cell lines. Here, we only evaluated the DE genes shared 
among the 5 ASD conditions with two different DE thresholds: p < 0.05 and FDR < 0.05, each 
divided into up- and down-regulated genes. Cells are colored according to –log10 of enrichment 
FDR (Methods) to reflect enrichment significance with a ceiling of 4, as shown in the key bar on 
the right. Enrichment ORs are shown on the top of each cell, and corresponding enrichment FDRs 
are shown below. 

 

Subsequently, we evaluated whether the expression alterations identified in our 

ASD LCLs could be generalized to other peripheral ASD expression datasets. Here, we 

compared our DE gene list with three other ASD expression studies: 1) LCLs from 978 

ASD patients and 651 non-autistic controls from AGRE multiplex families (unpublished 

data); 2) LCLs from 50 ASD cases and 36 non-autistic controls from Simons simplex 

families (unpublished data); and 3) a blood transcriptome study profiling 170 idiopathic 

ASD cases and 115 controls in two independent cohorts, denoted as P1 and P2 [13]. 

Among these three studies, significant enrichment was observed between our DE gene 

lists and those identified in a blood transcriptome study [13] (Figure 5.5), supporting the 
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generalizability of our findings in idiopathic ASD. This overlap included six genes 

(PLCL2, SLC39A7, NFE2L2, TMBIM1, C9ORF9, and FNTA) that were also shown to be 

dysregulated in autistic brains.  

5.6 Discussion 

By comparing the expression profiles of LCLs from five different monogenic 

forms of ASD and controls, our analysis revealed significant transcriptome alterations 

within each ASD form. More importantly, overlapping expression features were 

identified among these five different ASD forms, and a set of them recapitulated the 

expression features in neurons derived from ASD patients. This is the first time that 

shared transcriptional features have been identified between brain-related cell types and 

peripheral cell lines, providing strong support for the utility of LCLs in exploring ASD 

pathogenesis. 

Studies have shown that only around 60% of brain-expressed genes are expressed 

in peripheral tissues such as blood and LCLs, which limits the ability of studies using 

peripheral tissues to identify disease-related features for mental disorders. Several large-

scale ASD transcriptome studies using LCLs and blood could barely identify any 

significant signal associated with ASD [18] (unpublished data). However, by using 

monogenic ASD cases, we showed that we could identify significant expression changes 

with only 35 patients, and more importantly, some of them could be reproducibly 

identified in autistic neurons. This greatly demonstrated the power of using monogenic 

forms of autism for gene expression analysis and exploring disease pathophysiology.  
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In addition to similarities, our analysis also highlighted the divergence in gene 

expression among different ASD forms. For example, we showed that FXS LCLs shared 

fewer common expression features compared with other conditions, indicating that 

distinct molecular mechanisms exist in FXS pathogenesis. Accordingly, when we 

investigate pathway convergence in ASDs, we should not assume that all ASDs share a 

single set of molecular features. Instead, it would be wise to first identify molecular 

mechanisms that are convergent in the subset of ASD forms and then extend the results to 

other ASD cases by either expanding the sample size or applying new techniques to 

explore convergence at other levels, such as epigenetic modifications and proteomics 

interactions. 

Biomarkers that facilitate earlier ASD diagnosis are crucial; thus, several studies 

have assessed the potential to identify a classifier that can distinguish autism cases from 

controls using expression data [13, 23]. Although our findings significantly overlapped 

with those of the Kong et al. study [13], we did not observe any classification power 

above chance by using the LCL expression findings in independent datasets. One 

possible explanation is that the transcriptomic alterations in ASDs are too modest and 

dispersed to function as classifiers for ASDs. Each expression change might be 

associated with different aspects of ASD abnormalities, and those expression changes 

may vary across cases given the phenotypic heterogeneity of ASDs. Therefore, while we 

only focused on binary diagnosis outcomes, many disease-related transcriptome features 

were overlooked. Accordingly, developing gene expression classifiers for ASD 

endophenotypes is a potential alternative.  
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In summary, we presented the largest genome-wide expression study to date using 

LCLs from five different monogenic forms of ASD. By showing that common expression 

features could be identified in ASD LCLs, we are optimistic that gene expression of 

blood-derived LCLs will be useful for identifying etiological subsets of autism and 

exploring its pathophysiology.  

5.7 Methods 

RNA sequencing and data preprocessing 

Frozen LCLs were obtained from AGRE. CNVs were annotated according to the 

AGRE pedigree notes, which were mainly based on Fluorescence in situ hybridization 

(Fish). RNAs were isolated using the RNeasy Mini kit (QIAGEN). One thousand 

nanograms of total RNA was used for library preparation by using the Illumina TruSeq 

RNA Sample Preparation kit. RNA was sequenced on Illumina HiSeq2000 with 50-bp 

single-end reads, generating 40 million high-quality sequencing fragments per sample on 

an average. We first utilized TopHat2 aligner [24] to align the reads against the human 

reference genome from the 1000 Genomes Project (i.e., human_g1k_v37) and then 

summarized the read counts to Genecode11 union-exon gene models [25] by using htseq-

count [26] (http://www-huber.embl.de/users/anders/HTSeq/doc/count.html). Outlier 

samples were defined by low inter-sample correlations as previously described [27] and 

subsequently excluded in the follow-up expression analysis. Parents and unaffected 

siblings with these 5 mutations as well as ASD cases without these 5 mutations were also 

excluded from the current analysis. As a result, 54 samples were retained for further 

analysis, including 34 ASD cases and 20 age/sex-matched non-autistic controls. Gene-
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based read counts were further normalized using the R CQN package [28] to correct GC 

content and gene length bias in transcription and log2-transformed to normalize their 

distribution. Afterward, batch effects were corrected using the R ComBat package [29] 

with the non-parametric model option. Lastly, we selected expressed genes by setting a 

criterion that the counts per million (cpm) values should be greater than 1 in at least 1 

group of the samples (ASD or controls). Consequently, 10743 protein-coding genes were 

identified as being expressed and retained for further analysis. 

DE analysis 

DE analysis was assessed using the linear mixed effect regression module 

implemented by the R Limma package [30]. In our regression model, sex, blood draw 

age, sequencing depth, the percentage of reads mapped to non-annotated regions in the 

genome, and RNA Integrity Number (RIN) variables were included with CNV/ASD 

status to regress out their impacts on transcription. Samples derived from the same family 

were considered “replicates” in the mixed effect model, where their variation was 

accounted for by the random effects in the model. Histograms of p-values were plotted to 

show whether there were significant DE signals genome-wide. By the null hypothesis 

where no genome-wide expression changes, the p-value distribution should be flat. DE 

genes were detected based on the significance threshold of p < 0.005, unless specified 

otherwise. 
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Functional enrichment analysis 

GO enrichment analysis was assessed using the GO-Elite Pathway Analysis tool 

[31]. GO-Elite performs permutations to obtain over-representation Z score and 

enrichment p-value for each GO term. In our analysis, we used the default permutations 

settings in the GO-Elite package. The background was set to all of the expressed genes 

identified in this LCL dataset. GO categories with a permuted p < 0.05 were reported.  

Gene set over-representation analysis  

We performed gene set enrichment analysis by using the one-sided Fisher’s exact 

test. Enrichment FDR was obtained by Benjamini–Hochberg (BH) correction [32]. Here, 

we compared the DE genes identified by us with following gene list, which was curated 

from multiple different sources:  

1) ASD susceptibility genes from the SFARI gene database. Genes categorized as 

Syndromic (S) and those with associated scores ranging from 1–4 were used in 

our analysis.  

2) Genes affected by ASD-associated rare de novo variants (RDNVs) from four 

publications [33-36] as previously described [5].  

3) DE genes in iPSC-derived neurons from ASD patients with macrocephaly 

(Chapter 4). 

4) Disease-associated co-expression modules identified in iPSC-derived neurons 

from ASD patients with macrocephaly (Chapter 4). 
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5) DE genes identified in LCLs from 978 ASD patients versus 651 non-autistic 

controls from AGRE multiplex families (unpublished data). 

6) DE genes identified in LCLs from 50 ASD cases versus 36 non-autistic controls 

from Simons simplex families (unpublished data). Among the 50 ASD cases, 20 

were various known monogenic ASD forms, including 16p11.2 del, 16p11.2 dup, 

7q11.23 del, and 22q11.2 dup, and 30 were sporadic ASD cases with small CNVs.  

7) DE genes identified in a blood transcriptome study profiled 170 idiopathic ASD 

cases and 115 controls. Samples were profiled and analyzed in 2 independent 

cohorts, denoted as P1 and P2. 

PCA and MDS 

We used the “dudi.pca” function from the R ade4 package to perform PCA and 

the “cmdscale” function for MDS analysis.  
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5.8 Supplementary figures and tables 

 
 
 
Figure 5.S1: Genome-wide effects of ASD-associated sequence variants on gene expression. 
(A) Distribution of the DE p-values comparing ASD conditions and controls. (B) The number of 
DE genes were identified with a DE threshold of p < 0.005. Green: down-regulated genes; red: 
up-regulated genes.  
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Table 5.S1: Expression features specific to each syndromic condition and their overlap with 
the 66 DE genes shared among all ASD conditions.  

 
 

 

  

chr15qdup chr16pdel chr16pdup chr22qdup FMR1

P<0.005 215 379 73 75 145

P<0.005
(noCNV)

NA

150 117 23 12 9P<0.005 overlap with 
66 set

214 361 58 64
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Table 5.S2: List of DE genes dysregulated in both ASD LCLs and iPSC-derived neurons 
from patients with macrocephaly.  

 
logFC: log2-transformed fold changes; DE threshold: p < 0.05 

ENSG_ID Gene_Symbol LCL_logFC LCL_Pval iPSCneuron_logFC iPSCneuron_Pval
ENSG00000135801 TAF5L 0.247 0.000 0.265 0.022
ENSG00000081721 DUSP12 0.154 0.000 0.340 0.014
ENSG00000029363 BCLAF1 0.195 0.001 0.334 0.026
ENSG00000120616 EPC1 0.234 0.001 0.325 0.038
ENSG00000148840 PPRC1 0.215 0.001 0.322 0.033
ENSG00000134375 TIMM17A 0.181 0.001 0.172 0.042
ENSG00000166197 NOLC1 0.165 0.002 0.322 0.018
ENSG00000143387 CTSK 0.357 0.002 0.852 0.010
ENSG00000165732 DDX21 0.176 0.003 0.300 0.036
ENSG00000112245 PTP4A1 0.194 0.003 0.255 0.050
ENSG00000239264 TXNDC5 0.406 0.004 0.492 0.047
ENSG00000139278 GLIPR1 0.198 0.006 0.559 0.017
ENSG00000205208 C4orf46 0.148 0.006 0.331 0.026
ENSG00000171865 RNASEH1 0.144 0.007 0.212 0.022
ENSG00000100632 ERH 0.110 0.007 0.224 0.030
ENSG00000155755 TMEM237 0.219 0.008 0.278 0.010
ENSG00000101544 ADNP2 0.223 0.009 0.239 0.036
ENSG00000197780 TAF13 0.163 0.009 0.450 0.004
ENSG00000163950 SLBP 0.184 0.009 0.238 0.009
ENSG00000204604 ZNF468 0.168 0.010 0.251 0.042
ENSG00000102390 CXorf26 0.113 0.010 0.253 0.010
ENSG00000162702 ZNF281 0.172 0.010 0.272 0.030
ENSG00000105849 TWISTNB 0.099 0.011 0.355 0.026
ENSG00000132661 NXT1 0.129 0.011 0.301 0.029
ENSG00000136159 NUDT15 0.172 0.011 0.360 0.008
ENSG00000130332 LSM7 0.123 0.012 0.244 0.009
ENSG00000133028 SCO1 0.104 0.013 0.184 0.033
ENSG00000164167 LSM6 0.159 0.013 0.217 0.019
ENSG00000152795 HNRPDL 0.145 0.014 0.267 0.030
ENSG00000111615 KRR1 0.144 0.014 0.210 0.037
ENSG00000116752 BCAS2 0.111 0.015 0.305 0.021
ENSG00000117133 RPF1 0.106 0.019 0.252 0.023
ENSG00000075415 SLC25A3 0.104 0.019 0.296 0.033
ENSG00000015479 MATR3 0.119 0.019 0.224 0.025
ENSG00000115241 PPM1G 0.131 0.019 0.199 0.039
ENSG00000071243 ING3 0.155 0.020 0.355 0.010
ENSG00000108829 LRRC59 0.128 0.021 0.451 0.004
ENSG00000148248 SURF4 0.121 0.022 0.282 0.034
ENSG00000100644 HIF1A 0.143 0.022 0.223 0.020
ENSG00000106803 SEC61B 0.157 0.024 0.200 0.028
ENSG00000196363 WDR5 0.086 0.026 0.238 0.029
ENSG00000111639 MRPL51 0.094 0.027 0.274 0.010
ENSG00000168556 ING2 0.173 0.027 0.241 0.017
ENSG00000135249 RINT1 0.108 0.027 0.267 0.024
ENSG00000115806 GORASP2 0.088 0.027 0.253 0.014
ENSG00000123737 EXOSC9 0.124 0.028 0.362 0.017
ENSG00000055044 NOP58 0.107 0.030 0.443 0.038
ENSG00000076003 MCM6 0.158 0.030 0.461 0.045
ENSG00000133773 CCDC59 0.129 0.032 0.325 0.037
ENSG00000171612 SLC25A33 0.144 0.033 0.429 0.004
ENSG00000124802 EEF1E1 0.134 0.034 0.257 0.041
ENSG00000068438 FTSJ1 0.086 0.037 0.243 0.020
ENSG00000127452 FBXL12 0.085 0.038 0.213 0.028
ENSG00000163466 ARPC2 0.134 0.041 0.295 0.000
ENSG00000170191 NANP 0.134 0.044 0.370 0.024
ENSG00000146457 WTAP 0.114 0.044 0.226 0.045
ENSG00000159216 RUNX1 0.285 0.045 0.907 0.018
ENSG00000145833 DDX46 0.104 0.046 0.244 0.022
ENSG00000124784 RIOK1 0.097 0.047 0.268 0.023
ENSG00000136986 DERL1 0.104 0.049 0.288 0.024
ENSG00000113282 CLINT1 0.120 0.049 0.191 0.049
ENSG00000152601 MBNL1 0.120 0.050 0.272 0.050
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CHAPTER 6:  

Conclusions 
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Given the wide etiological heterogeneity of ASDs, uncovering molecular 

pathways shared by a large proportion of ASD cases could significantly advance ASD 

research. First, they would reveal the functional impact of the diverse genetic variations 

and advance our knowledge of ASD pathophysiology. This is especially germane as 

recent analysis from several laboratories including ours, put the number of ASD-

implicated genes at between several hundred to 1000, consistent with a high level of 

heterogeneity. Second, they would allow us to identify ASD biomarkers and prioritize 

genes for therapeutic targeting. More importantly, since all ASDs share core dysfunction 

in neurodevelopment, including language impairment and social cognition, the study of 

ASD pathogenesis will be informative in determining genes and pathways that are 

essential to normal brain development and human social cognition. 

In this dissertation, we hypothesize that at least a subset of diverse genotype 

alterations of ASD would converge at a transcriptional level. Accordingly, we performed 

integrative genome-wide expression analysis on multiple genetic defined ASD 

conditions. We aimed to identify the shared expression alterations among those cases 

with different genetic etiologies as compared to the non-autistic controls, and to use the 

shared expression changes to infer the potential common molecular pathway underlying 

autism pathogenesis. 

Frist, we performed genome-wide transcriptional analysis of neurons and neural 

progenitors, which are derived from induced pluripotent stem cells (iPSCs) from three 

genetically defined ASD forms, namely 22q13.3 deletion, 22q11.2 deletion, and Timothy 

syndrome (TS), and idiopathic ASD patients with macrocephaly. For each condition, we 
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studied multiple cell lines from independent differentiation experiments from multiple 

iPSC clones from every subject to mitigate the concerns about the effect of induction of 

pluripotency, or other confounding factors that could bias the results. Our transcriptomic 

analysis first showed that those iPSC-derived neurons could faithfully recapitulated key 

biological processes in brain development, demonstrating the utility of those iPSC-

derived neurons as surrogates for disease-related brain traits. Next, by comparing the 

expression profiles of cell lines from each of those genetically defined ASD conditions 

with controls, our analysis revealed substantial effect of those monogenic mutations on 

gene transcription. More importantly, we showed that some of the identified expression 

changes can be generalized to neurons and postmortem brains from idiopathic autistic 

patients. These shared transcriptome features greatly support our hypothesis that common 

pathways are dysregulated among ASD conditions. 

In addition to the iPSCs sample cohort, we also analyzed the expression profiles 

of blood-derived LCLs from five different monogenic forms of ASDs. Here, we 

investigated if disease-related expression features could be identified in peripheral tissues 

and if any of them can be developed as biomarkers for ASD diagnosis. As shown in 

Chapter 5, our analysis revealed significant transcriptome alterations in each ASD forms 

in LCLs as they were compared to controls respectively. Remarkably, overlapping 

expression features were also identified among these 5 different ASD forms, and a set of 

them recapitulated the expression features in neurons derived from ASD patients. Those 

overlapped expression alterations implicated parallel dysregulation of pathways related to 

RNA processing in both brain and peripheral tissues of ASD patients. To our knowledge, 

this is the first time that shared transcriptional features have been identified between 
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brain-related cell types and peripherally derived cell lines. This not only demonstrates the 

existence of pathway convergence in ASD, but also provides strong support for the 

usefulness of LCLs in exploring ASD pathogenesis. Due to the small sample size we 

have here, we didn’t observe any classification power above chance using those LCL 

expression findings in independent datasets. But the intriguing results suggest that study 

of additional ASD conditions/samples, when available, will be valuable. 

Interestingly, in our studies, we observed overlaps within subset of ASD 

conditions but not all of them. For example, by studying the expression profiles of iPSC-

derived neurons, we showed that idiopathic ASD cases with macrocephaly shared parallel 

downregulation of pathways related to cilium growth with 22q11.2 deletion case neurons, 

while they showed convergence with TS on co-expression gene modules related to RNA 

processing. Furthermore, analysis using ASD LCLs implicated that distinct molecular 

mechanisms might exist in FXS pathogenesis as compared to other ASD conditions in the 

LCL study. Therefore, it is reasonable to assume that ASDs are caused by disruptions of 

multiple molecular pathways, thereby providing various convergent points with different 

ASD-associated genetic syndromes. Accordingly, when we investigate pathway 

convergence in ASD, we should not assume that all ASDs share a single set of molecular 

features. Instead, it would be wise to first identify molecular mechanisms that are 

convergent in the subset of ASD forms and then extend the results to other ASD cases by 

either expanding the sample size or applying new techniques to explore convergence at 

other levels, such as epigenetic modifications and proteomics interactions. 
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