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ABSTRACT 

 
 

Understanding the molecular basis of cellular identity in the central nervous system (CNS) is 

essential for ascertaining the functions of different cell types and their susceptibilities to diverse 

pathologies. It is assumed that diversity in cellular identity is needed for the assortment of CNS 

functional outputs that are key for behavior and cognition. Yet this information remains 

challenging to acquire in humans. In this dissertation, two studies are presented that provide a 

new outlook on cellular identity with functional insights into astrocyte diversity. In the first 

study, analysis of gene coexpression relationships from >7000 neurotypical adult human samples 

identified consensus transcriptional signatures of astrocytes, oligodendrocytes, microglia, and 

neurons. A novel metric called gene expression 'fidelity' was created to quantify the extent to 

which a gene is sensitively and specifically expressed by a given cell type and provides a bridge 

between the analysis of gene expression data from bulk tissue samples and single cells. 

Predictive modeling of transcriptomes using high-fidelity genes identified cell type-specific 

transcriptional differences in disease, among brain regions, and between species. The second 

study addresses the functional significance of the astrocyte molecular diversity revealed in the 

first study by focusing on the potassium channel Kir4.1 in mouse spinal cord astrocytes. In the 

spinal cord, functionally distinct sub-classes of motor neurons control movement through 

innervation of skeletal muscle. The largest of these, fast α-motor neurons, target fast-twitch 

muscle fibers that generate peak strength and are selectively vulnerable in amyotrophic lateral 

sclerosis (ALS). We found that astrocytes adjacent to motor neurons express a VGlutT1-

dependent developmental upregulation of Kir4.1, with maximal expression around fast α−motor 

neurons. Astrocyte Kir4.1 was selectively required for the maintenance of fast α−motor neuron 
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size and electrophysiological properties. In addition, animals displayed markedly reduced peak 

strength and loss of large fast-twitch muscle fibers. Downregulation of Kir4.1 was observed in 

ALS mice but was not found to causally alter motor neuron survival in this model. These 

findings suggest that astrocyte-neuron interactions are essential for establishing CNS diversity. 

More broadly this work demonstrates that a focus on molecular cellular identity leads to 

numerous insights into CNS function. 
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1. Introduction 
 

 

1.1 An organizing principle for understanding the human CNS 

The adult human brain consists of approximately 170 billion cells (Azevedo et al. 2009) that 

come in an unknown number of varieties and form interconnections that number in the trillions. 

Despite technological advances that provide new perspectives on the brain's structural and 

functional organization from molecules to circuits, we are far from a comprehensive 

understanding of how this complex system gives rise to a wide variety of mental abilities and 

how its dysfunction can lead to various neuropsychiatric diseases. Studies in model organisms, 

most notably the mouse, have been a primary driver of discovery, which have begun to 

illuminate the extent and boundary conditions of mammalian central nervous system (CNS) 

architecture. Yet it is largely unknown how well model organisms serve as substitutes for 

studying the human CNS since we lack a deep understanding of the similarities between species. 

The many-documented structural, behavioral, and molecular aspects that are unique to humans as 

well as other species (Oldham et al. 2006; Oberheim et al. 2009; Zeng et al. 2012; Somel et al. 

2013; Geschwind & Rakic 2013; Y. Zhang et al. 2016) provides striking counterexamples to the 

assumption of conservation. The overwhelming challenge of deconstructing the CNS across 

levels of resolution, from subcellular to broad regions, is an enormous task for current 

technologies in experimental organisms let alone studies in humans, which have added 

difficulties due to lack of tissue availability and limited experimental manipulations. 

Nevertheless, it is clear that in order to understand the human CNS we must supplement 

fundamental studies in model organisms with studies of the human CNS itself. 



! 2!

Although there is reason to be pessimistic about our prospects for tackling these 

problems, a focus on cell types, the biological unit of the CNS, provides a potential path forward. 

We currently lack a sufficient description of the properties of the cell types in the human CNS 

and a framework for classifying them. As others have noted (Gord Fishell & Heintz 2013; Insel 

& Koroshetz 2015; DeFelipe et al. 2016), the matter of quantitatively defining the cellular 

organization of the CNS is essential to addressing the issue of CNS complexity. How can we 

hope to comprehend this system without knowledge of its parts? The adoption of unbiased, 

genome-wide, surveys of CNS gene expression are beginning to provide a powerful alternative 

to the traditional approaches of morphological and electrophysiological characterization to 

identify and classify cellular properties. Gene expression occupies a unique position in the flow 

of biological information in an organism: it represents the final common output of myriad 

regulatory mechanisms and the essential input for most biological processes. The ~20,000 genes 

that encode all cellular functions may provide a transformative framework for quantitatively 

defining cellular composition and a structure for consolidating information on CNS function at 

the scale of its constituent parts. 

 This dissertation provides evidence to this notion by demonstrating how molecularly 

defining the major cell types of the human CNS produces numerous insights, with functional 

implications, into cellular molecular diversity associated with disease, across human CNS 

regions, and between species. By focusing on astrocytes, one of the most pervasive cell types in 

the brain, we found a surprising level of molecular heterogeneity across brain regions and 

experimentally validated many of our findings. Follow-up functional experiments in mice 

revealed potassium uptake to be a heterogeneous property of astrocytes that is required for 

establishing maximal animal strength. In this chapter, we introduce the challenges and 
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techniques of studying cellular identity in the human CNS and provide background on astrocytes, 

the cell type that is the primary focus of our experimental validations. 

1.2 Approaches to studying the molecular basis of cellular identity in the human CNS 

Neuroscientists have been exploring the diversity of cell types that comprise the nervous system 

for well over a century. Historically, the study of cellular diversity was accomplished using 

morphological and physiological features such as cellular shape, intrinsic electrical properties, 

and select immunohistochemical markers (Masland 2004; Bota & Swanson 2007; Gord Fishell & 

Heintz 2013). Although informative, these pioneering studies were unable to fully capture the 

immense complexity of the central nervous system (CNS) cellular landscape. In the last two 

decades, there has been an explosion of high-throughput molecular technologies, mostly 

developed and applied in model organisms, which have begun to address these challenges at the 

relevant scales and provides hope that a comprehensive understanding of cellular identity can be 

accomplished. In mice, innovative molecular profiling techniques from genetically defined 

populations resulted in the first genome-wide molecular measurements of various CNS cell types 

(Rossner et al. 2006; Cahoy et al. 2008; Doyle et al. 2008). More recently, there has been rapid 

adoption of single-cell RNA-sequencing (scRNA-seq) approaches in the mouse CNS, which is 

starting to reveal the transcriptional programs active in individual cells that may account for 

cellular diversity and is providing novel ways of classifying cell types (Usoskin et al. 2015; 

Zeisel et al. 2015; Macosko et al. 2015; Tasic et al. 2016). However, since this technology is 

new, there are significant statistical, technical, and computational challenges that still need to be 

addressed before the full promise of this technology is realized (Bacher & Kendziorski 2016). 

 Compared to mouse, approaches to address cellular diversity in the adult human CNS are 

much more limited. Laser-capture microdissection techniques were among the first to address 
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cell type transcriptional measurements but suffer from low throughput and background 

contamination with other cell types (Okaty et al. 2011). Access to surgically resected tissue has 

allowed the recent application of cellular purification techniques (Y. Zhang et al. 2016) and 

scRNA-seq to provide insights into cellular identity of the adult human (Darmanis et al. 2015) 

and fetal brain (Pollen et al. 2014; Pollen et al. 2015). However, access to live human brain 

tissue is extremely limited and unlikely to be able to scale to diverse brain regions and biological 

states. Moreover, isolation of cells by proteolytic digestion can significantly alter gene 

expression by placing the cells under stress (Huang et al. 2010). Similarly, approaches that 

isolate single-nuclei for RNA-seq from post mortem brain tissue are currently limited in scope 

but hold great promise for future studies (Krishnaswami et al. 2016; Lake et al. 2016). In this 

dissertation, we use gene coexpression analysis, discussed below, which provides an alternative 

approach to deconstructing cellular heterogeneity from bulk tissue samples.  

1.2.1 Gene coexpression analysis of human CNS 

Gene coexpression analysis is a multivariate technique that seeks to describe the most relevant 

patterns of gene expression activity across samples by identifying groups or ‘modules’ of 

coexpressed genes. More broadly, gene coexpression analysis is an example of a network 

method, which attempts to relate genes to one another from measured or inferred relationships 

and can provide organizing principles for genes in a given biological system (Parikshak et al. 

2015). Coexpression network analysis relies on the fact that gene expression reflects the state of 

the cellular or tissue system that is being analyzed and is well suited for identifying distinct 

levels of molecular information across diverse biological scales from CNS regions to cell types 

to molecular pathways using only gene expression data (Oldham et al. 2008; J. A. Miller et al. 

2010; Parikshak et al. 2013; Hawrylycz et al. 2015). An exhaustive review of network methods 
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and their applications to neuroscience is beyond the scope of this chapter and reviewed 

elsewhere (Geschwind & Konopka 2009; Gaiteri et al. 2014; Parikshak et al. 2015). Here, we 

focus on introducing coexpression analysis as a method for identifying cell-type specific 

transcripts from heterogeneous CNS samples.    

 The use of coexpression analysis for determining the molecular identities of specific cell 

types is motivated by the fact that different cell types express different genes and that in 

heterogeneous tissues, such as brain, the abundance of different cell types will vary across 

samples. Thus, genes that are both consistently and specifically expressed in the same cell type 

will by highly correlated across samples. This line of reasoning has inspired an abundance of 

deconvolution methods to infer specific cell proportions from heterogeneous expression data. 

Cellular deconvolution approaches have been used to determine cell proportions from whole-

blood (Abbas et al. 2009), brain (Kuhn et al. 2011), and bulk tumor (Newman et al. 2015) gene 

expression data. Deconvolution methods are considered supervised approaches since they require 

an a priori set of reference marker genes for each cell type proportion that is estimated. In 

contrast, unsupervised gene coexpression analysis has also been used to discover highly 

reproducible modules of genes that were significantly enriched with markers of major cell types 

in the human brain (Oldham et al. 2008). This initial finding has been replicated many 

independent times from diverse CNS expression data generated from neurotypical human (Kang 

et al. 2011; Hawrylycz et al. 2012; Willsey et al. 2013; Lui et al. 2014; Hawrylycz et al. 2015), 

neuropsychiatric disease (Voineagu et al. 2011; B. Zhang et al. 2013), macaque (Bernard et al. 

2012; Bakken et al. 2016), and mouse (Iancu et al. 2010; J. A. Miller et al. 2010; Fertuzinhos et 

al. 2014) samples, suggesting that cell type modules are a reproducible and robust feature of 

CNS expression data. Collectively, these studies provide evidence for the feasibility of 
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identifying molecular signatures of major cell classes in the CNS from bulk tissue measurements. 

This method relies on relatively large sample sizes to mitigate the spurious correlations that are 

observed in smaller datasets (e.g. < 20 samples). The last five years has seen a huge increase in 

the amount of publically available human CNS gene expression data with very large sample sizes 

(> 1000) (Kang et al. 2011; Ramasamy et al. 2014; The GTEx Consortium et al. 2015; 

Hawrylycz et al. 2015). These data provide an unprecedented opportunity to determine the core 

transcriptional identities of major cell types in the human CNS by integrating cell type-specific 

gene coexpression modules from many independent datasets. 

1.3 Astrocytes: a diverse population 

Long considered mere support cells for neurons, recent studies indicate staring roles for 

astrocytes in the regulation of CNS function, neural circuit formation, synaptic plasticity and 

human disease (Chung et al. 2015). Named for their distinctive appearance, Santiago Ramón y 

Cajal and others have noted diverse astrocyte morphologies and increased size and complexity of 

human astrocytes when compared to their rodent counterparts (Oberheim et al. 2009). Glia 

comprise 10–20% of cells in the Drosophila nervous system and about 50% of cells in the human 

brain (Azevedo et al. 2009), suggesting they have acquired properties crucial for the increased 

complexity of neurological function that has emerged during evolution (Freeman & Rowitch 

2013). While there is no consensus on the relative proportions of the different types of glial cells 

(Herculano-Houzel 2014), astrocytes are pervasive throughout the CNS, occupying a vast array 

of brain structures. The ratio of astrocytes to neurons varies considerably throughout the CNS, 

with areas of high neuronal density such as the granular cell layer of the cerebellum or the 

pyramidal layer of the hippocampus having relatively low numbers of astrocytes whereas areas 

containing primarily axons and dendrites have much higher numbers of astrocytes. At this most 
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basic level of cellular allocation, astrocytes thus exhibit striking diversity. Yet, the relevance and 

functional requirements of this heterogeneity remain essentially unknown (Khakh & Sofroniew 

2015). Indeed, with the current great interest in mapping neuronal cellular identities across 

functional circuits at high levels of detail (Underwood 2015), the neuroscience community has 

mostly overlooked investigating the roles of distinct astrocytes in these complex cellular 

networks. Here, I discuss the supporting evidence that astrocytes are a diverse cellular population 

and speculate on key topics for further study. 

 The concept of astrocyte heterogeneity most likely originated from the early anatomical 

work of Ramón y Cajal, who described a remarkable array of astrocyte morphological 

complexities. A classic distinction is that of fibrous versus protoplasmic astrocytes, which have 

distinct cellular shapes and are located in white and gray matter regions respectively (R. H. 

Miller & Raff 1984). The more recent use of molecular approaches, has furthered this concept by 

demonstrating marked differences in the expression of single genes / proteins across brain 

regions (Emsley & Macklis 2006; Regan et al. 2007; Yang et al. 2011). Amazingly, for every 

newly identified astrocyte marker, some level of expression variability among astrocytes within 

and across regions is usually described. For example, astrocytes express different levels of the 

glutamate transporters SLC1A3 and SLC1A2 in seemingly mutually exclusive brain regions 

(Lehre et al. 1995); the gap junction protein, Cx30, is enriched in protoplasmic compared to 

fibrous astrocytes (Nagy et al. 1999); the glial-restricted potassium channel Kir4.1 displays 

striking regional variation in expression with higher levels in subcortical brain regions (Olsen et 

al. 2015); the pan-astrocyte marker Aldh1l1 is dynamically regulated in injury contexts and 

downregulated as the spinal cord matures (Yang et al. 2011); the water channel Aqp4 is 

expressed higher in white matter velate astrocytes compared to Bergmann glia (Farmer et al. 
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2016). Even within a brain region astrocytes display molecular differences, such as scattered 

CD44 and sonic hedgehog activity in human and mouse cortex respectively (Sosunov et al. 2014; 

Garcia et al. 2010). Moreover, the application of genome-wide profiling methods has provided 

further evidence for an underlying transcriptional diversity within this population (Bachoo et al. 

2004; Doyle et al. 2008; Krencik et al. 2011). However, the functional implications of these 

morphological and molecular astrocyte subtypes and the underlying assumption that this 

heterogeneity affects CNS behavioral output have not been clearly shown. In general, this is 

reflected by the fact that pioneering methods, such as electrophysiology, used to dissect neuronal 

function are mostly ineffectual for astrocyte studies due to their electrically silent nature 

(Mishima & Hirase 2010) and that new molecular methods and genetic tools are needed to 

selectively manipulate these cells (Molofsky et al. 2012). Although much progress is being made 

in applying modern in vivo imaging methods to characterize the diversity of astrocyte responses 

in physiologically relevant contexts (e.g. see (Khakh & Sofroniew 2015)). 

 So what evidence does exist for astrocyte functional specialization? Focusing on 

differences in spinal cord, we identified a region-restricted function of ventrally located 

astrocytes around spinal motor neurons (Molofsky et al. 2014). Starting from transcriptional 

differences, we showed that a ventrally restricted astrocyte gene, the axon guidance cue 

Semaphorin 3a, is required for the maintenance of motor neuron axon orientation, 

synaptogenesis, and motor neuron sub-type survival. These results broadly suggest that regional 

astrocyte heterogeneity may help to coordinate postnatal neural circuit refinement. In the mature 

brain, it was recently found that cell-specific astrocyte-neuron networks exist in the striatum 

(Martín et al. 2015), raising the tantalizing possibility that diverse astrocytes selectively facilitate 

communication between distinct neuronal circuits. In a more general sense, as neurons co-exist 
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with surrounding astrocytes it seems likely that variability in neuron function is coupled with 

diversified regional astrocytes. Indeed, as discussed in chapter 3, reciprocal neuron-astrocyte 

interactions may in fact be necessary for the maintenance of varied CNS functional outputs. 

 As the concept of astrocyte heterogeneity matures, key questions have yet to be 

addressed. For example, how are astrocyte subtypes determined? Cell-intrinsic patterning is one 

possible mechanism to generate distinct astrocytes. Lineage tracing work from our laboratory 

found that astrocytes are invested in a region-restricted manner from their domains of origin 

(Tsai et al. 2012), suggesting that progenitor specification might lead to diversified regional 

astrocytes. Cell-extrinsic mechanisms, for example cues derived from surrounding neurons, 

could also result in astrocyte subtypes. Indeed, previous studies have shown that neuron-derived 

factors extensively modify astrocyte development, morphology, and function (Barnabé-Heider et 

al. 2005; Yang et al. 2009; Morel et al. 2014). A recent notable example demonstrated that 

neuron derived sonic hedgehog in mature brains established molecular heterogeneity between 

velate astrocytes and Bergmann glia in cerebellum (Farmer et al. 2016). Most likely, there is a 

combination of cell-intrinsic and local cell-extrinsic mechanisms that give rise to the diversity of 

astrocyte subtypes, which is a similar paradigm to the establishment of distinct classes of 

neurons (Kepecs & Gordon Fishell 2014). Another important issue, which is typically not 

addressed in discussions of cellular identity, is how stable a given subtype is throughout the 

organism’s life. Recent work in interneurons has provided evidence that neuronal network 

activity can modulate the properties of distinct cellular subtypes (Dehorter et al. 2015), possibly 

indicating that cellular identity can be dynamic and highlighting the challenges in defining the 

distinctions between cell type and cell state. Lastly, nearly all the described differences among 

astrocytes have been done in non-human model organisms and it is thus unclear to what extent 
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astrocyte heterogeneity exists in the human brain. Prior studies have identified morphological 

and molecular differences between rodent and human astrocytes, which suggest that conclusions 

drawn from non-human models might not readily be applicable to humans (Oberheim et al. 

2009; Han et al. 2013; Y. Zhang et al. 2016). 

More generally, as neuroscientists continue to characterize the vast feature space of 

cellular descriptors across morphology, physiology, and gene activity, a full understanding of 

CNS function will only emerge by analyzing all types of cells including astrocytes and other 

glial cells.  



! 11!

2. Transcriptional identities of major CNS cell types in humans 

 

2.1 Abstract 

Understanding the molecular basis of cellular identity in the human CNS is essential for 

ascertaining the functions of different cell types and their susceptibilities to diverse pathologies. 

However, acquiring this information has been challenging. By analyzing gene coexpression 

relationships in 62 datasets consisting of >7000 neurotypical adult human samples representing 

all major CNS regions and technology platforms, we identified consensus transcriptional 

signatures of astrocytes, oligodendrocytes, microglia, and neurons. We created a novel metric 

called gene expression 'fidelity', which quantifies the extent to which a gene is sensitively and 

specifically expressed by a given cell type and provides a bridge between the analysis of gene 

expression data from bulk tissue samples and single cells. Predictive modeling of transcriptomes 

using high-fidelity genes revealed that nearly half of the variation in gene expression levels 

measured in bulk CNS tissue samples by RNAseq can be explained by variation in the 

abundance of major cell types. Furthermore, we show how predictive modeling can be used to 

identify cell type-specific transcriptional differences in disease, among brain regions, and 

between species. Our work provides a broad foundation for understanding the molecular basis of 

cellular identity in the human CNS and offers a generalizable strategy for defining cell types as 

vectors of genes ranked by expression fidelity. 

2.2 Introduction 
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The adult human CNS consists of ~170 billion cells, approximately half of which are neurons 

(Azevedo et al. 2009; Burish et al. 2010). The remaining cells consist mostly of 

oligodendrocytes, astrocytes, and microglia (Pelvig et al. 2008), which are collectively referred 

to as glia. Identifying the molecular features that define neuronal and glial identities in humans is 

a fundamental goal of neuroscience that is crucial for understanding cell type-specific functions 

and origins of neurological diseases. 

 It has long been appreciated that gene expression lies at the root of cellular identity. 

Therefore, CNS transcriptomes provide a natural point of entry for ascertaining molecular 

phenotypes of neurobiological cell types. However, nearly all gene expression studies of human 

CNS regions have analyzed bulk tissue samples. Because CNS tissue is heterogeneous and cells 

must be destroyed to extract RNA, it has been widely assumed that identifying the cellular 

provenance of gene expression in these datasets is impossible, and that the solution to this 

problem requires isolating homogeneous populations of cells or single cells. Although these 

methods are readily applied to model organisms, they generally require fresh tissue to extract 

cells of sufficient quality for expression profiling, which can only be obtained from humans 

undergoing neurosurgical procedures. Consequently, early efforts along these lines have been 

limited to a handful of regions and individuals (Darmanis et al. 2015; Y. Zhang et al. 2016). 

 A simple thought experiment suggests an alternative strategy. Inasmuch as: i) different 

cell types express different genes, and ii) the abundance of different cell types varies among 

heterogeneous tissue samples, it follows logically that genes expressed with the greatest 

sensitivity and specificity in the same cell type should appear highly correlated when analyzed 

over many biological replicates (Oldham 2014). This line of reasoning has motivated numerous 

in silico deconvolution strategies (Abbas et al. 2009; Kuhn et al. 2011; Newman et al. 2015) as 
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well as our own efforts to study cellular heterogeneity in the human brain. Through unsupervised 

gene coexpression analysis of microarray data from postmortem bulk human brain samples, we 

previously discovered highly reproducible gene coexpression modules that were significantly 

enriched with markers of major cell types (Oldham et al. 2008). These findings were 

subsequently replicated by independent gene coexpression analyses of CNS transcriptomes from 

mice (Iancu et al. 2010; J. A. Miller et al. 2010; Mulligan et al. 2011), rats (Ponomarev et al. 

2010; Winden et al. 2011) zebra finches (Hilliard et al. 2012), macaques (Bernard et al. 2012), 

and humans (J. A. Miller et al. 2010; Ivliev et al. 2010; Torkamani et al. 2010; Voineagu et al. 

2011; Podtelezhnikov et al. 2011; Ben-David & Shifman 2012; Ponomarev et al. 2012; B. Zhang 

et al. 2013; Parikshak et al. 2013; Willsey et al. 2013; Hawrylycz et al. 2015). 

 Gene coexpression modules corresponding to major cell types are therefore robust and 

predictable features of CNS transcriptomes generated from bulk tissue samples. Furthermore, the 

same genes consistently show the strongest affinities for these modules, offering substantial 

information about the molecular correlates of cellular identity (Oldham et al. 2008). Over the 

past decade, thousands of bulk human tissue samples representing every major CNS region have 

been transcriptionally profiled using a variety of technology platforms (Hodges 2006; Berchtold 

et al. 2008; Kang et al. 2011; Hernandez et al. 2012; Li et al. 2013; Ramasamy et al. 2014; 

Hawrylycz et al. 2015; The GTEx Consortium et al. 2015). These data provide an unprecedented 

opportunity to determine the core transcriptional identities of major cell types in the human CNS 

by integrating cell type-specific gene coexpression modules from many independent datasets. 

This strategy improves statistical power and can overcome hidden technical biases (e.g. platform 

effects) that confound results from individual studies (Ramasamy et al. 2008). 



! 14!

 Here we perform integrative gene coexpression analysis of 62 human CNS datasets to 

determine consensus transcriptional signatures of astrocytes, oligodendrocytes, microglia, and 

neurons. By aggregating correlations between genome-wide expression patterns and the inferred 

abundance of each cell type over many independent datasets, we create a novel metric called 

gene expression ‘fidelity’ that predicts optimal biomarkers and provides a new approach for 

defining cell types based on molecular features. Using high-fidelity genes as proxies for cellular 

abundance, we implement a modeling framework for predicting gene expression levels in bulk 

tissue samples and show that a large fraction of expression variation can be explained by 

variation in the abundance of major cell types. We further extend this framework to illustrate 

how predictive modeling of bulk CNS transcriptomes can identify cell type-specific 

transcriptional differences in Alzheimer’s disease, among neurotypical brain regions, and 

between species. Our results provide further evidence that the covariance structure of bulk tissue 

transcriptomes contains an enormous amount of information about the molecular basis of cellular 

identity and the cellular organization of biological systems. 

2.3 Methods 

2.3.1 Integrative analysis of human CNS transcriptomes 

We obtained publicly available gene expression data from seven studies (Hodges 2006; 

Berchtold et al. 2008; Kang et al. 2011; Hernandez et al. 2012; Li et al. 2013; Ramasamy et al. 

2014; Hawrylycz et al. 2015) and two consortia (gtexportal.org and brainspan.org) that profiled 

large numbers of CNS bulk tissue samples from neurotypical humans. Expression profiling was 

performed using six technology platforms, including RNAseq and various commercial 

microarrays. Samples from each of the nine sources were separated into 62 datasets representing 
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19 major neuroanatomical regions. Each regional dataset consisted of at least 25 samples and all 

samples were from adults (>= 18 years). After removing outliers (see below), we analyzed a total 

of 7220 samples. Analyzed human CNS transcriptomes are summarized in Table 1. 
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Table 1 | Human CNS transcriptomes. ABI = Allen Brain Institute; AMY = amygdala; BF = basal 

forebrain; CB = cerebellum; CLA = claustrum; DI = diencephalon; FCX = frontal cortex; GP = globus 

pallidus; GTEx = Genotype-Tissue Expression project; HIP = hippocampus; IN = insula; LIM = limbic 

cortex; MED = medulla; MID = midbrain; OCX = occipital cortex; PCX = parietal cortex; PON = pons; 

SC = spinal cord; STR = striatum; TCX = temporal cortex; WM = white matter. 

2.3.1.1 Data preprocessing and quality control 

Preprocessing was performed from raw data when possible. Affymetrix microarray raw data 

(.CEL files) were downloaded from Gene Expression Omnibus (GEO; 

http://www.ncbi.nlm.nih.gov/geo/) using the following accession IDs: GSE11882, GSE25219, 

GSE3790, GSE45642, and GSE46706. Probe-level data from Affymetrix Exon 1.0 microarrays 

(GSE25219 and GSE46706) were summarized using the Robust Multi-Array (RMA) algorithm 

(Irizarry et al. 2003) at the gene level with Affymetrix Power Tools software (APT 1.15.2) and 

reverse log-transformed for further processing. 

Affymetrix U133A and U133Plus2 microarray probes from GSE3790, GSE45642, and 

GSE11882 were pruned to eliminate non-specific and mis-targeted probes using the 

ProbeFilter R package (Dai et al. 2005) with mask files obtained from 

http://masker.nci.nih.gov/ev/ (J. Zhang et al. 2005). After applying the mask files, only probe 

sets with at least seven remaining probes were retained for further analysis. Expression values 

were generated in R using the expresso function of the affy R package (Gentleman et al. 

2004) with "mas" settings and no normalization, followed by scaling of arrays to the same 

average intensity (200). For GSE45642, gene expression was not scaled and technical replicates 

were removed (AMY samples restricted to site I; DLPFC samples restricted to site D; HIP and 

NUAC samples restricted to site M). Non-normalized Illumina microarray data were obtained 

from GEO for GSE36192. Normalized expression data from GTEx, BrainSpan, and Allen Brain 
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Institute (ABI) were downloaded from their respective websites (gtexportal.org, V6 data release; 

brainspan.org, Oct2013 data release; and human.brain-map.org, March2013 data release). For the 

RNAseq datasets (GTEx and BrainSpan), RPKM gene expression values were used. 

Sample information for datasets with GEO accession IDs was obtained using the R package 

GEOquery (Davis & Meltzer 2007) with the exception of hybridization batch information, which 

was extracted from the header information of Affymetrix .CEL files when available. Each of the 

62 regional datasets was individually processed using the SampleNetwork R function (Oldham 

et al. 2012), which is designed to identify and remove sample outliers, perform data 

normalization, and adjust for batch effects (Johnson et al. 2007). We defined sample outliers as 

those that were more than four standard deviations below the mean connectivity of all samples 

(Z.K < -4). Iterative pruning was applied for each regional dataset to remove all samples with 

Z.K < -4 (Table 1). For non-normalized data (GSE11882, GSE3790, GSE4542, and GSE36192), 

quantile normalization (Bolstad et al. 2003) was then performed. If a batch effect was present 

(defined as a significant association between the 1st principal component of the expression data 

and a technical batch covariate), batch correction was performed using the ComBat R function 

(Johnson et al. 2007), which is implemented in SampleNetwork. We detected a large batch 

effect for GTEx samples due to center site. We therefore restricted our analysis to samples 

acquired by centers ‘B1, A1’ or ‘C1, A1’. Lastly, prior to coexpression analysis probes / genes 

that exhibited zero variance across all samples were removed. For GTEx, we further restricted to 

27540 genes that were detected (>= 0.1 RPKM) in at least 200 CNS samples. See Table 1 for the 

number of sample outliers removed and datasets that were batch corrected. 

2.3.1.2 Unsupervised gene coexpression module detection 
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Gene expression datasets can exhibit different correlation structures due to biological and 

technical factors such as cellular heterogeneity and sample size. This variability makes it difficult 

to apply a single set of parameters for coexpression analysis across many independent datasets. 

To address this challenge, we analyzed gene coexpression relationships in each regional dataset 

in the R statistical computing environment (http://cran.us.r-project.org) using a four-step 

approach (Molofsky et al. 2013; Lui et al. 2014). First, pairwise biweight midcorrelations (bicor) 

were calculated for all possible pairs of probes / genes over all samples using the bicor function 

in the WGCNA R package (Langfelder & Horvath 2008). Bicor is a robust correlation that is less 

sensitive to outliers than Pearson correlation but often more powerful than Spearman correlation 

(Hardin et al. 2007; Song et al. 2012). Second, probes / genes were clustered using the 

flashClust (Langfelder & Horvath 2008) implementation of a hierarchical clustering 

procedure with complete linkage and 1 - bicor as a distance measure. Third, the resulting 

dendrogram was cut at multiple levels corresponding to the top 0.01%, 0.1%, 1%, 2%, 3%, 4%, 

or 5% of pairwise correlations for the entire dataset. Moreover, for each of these thresholds, we 

modified the minimum module size to require 8, 10, 12, 15, or 20 members. This approach 

yielded 7 × 5 = 35 different gene coexpression networks for each regional dataset. Third, initial 

modules in each network were summarized by their module eigengenes, which is defined as the 

first principal component of a module obtained by singular value decomposition (Horvath & 

Dong 2008). Fourth, highly similar modules were merged if the correlations of their module 

eigengenes exceeded an arbitrary threshold (0.85). This procedure was performed iteratively for 

each network such that the pair of modules with the highest correlation (> 0.85) was merged 

first, followed by recalculation of module eigengenes, followed by recalculation of all 

correlations, until no pairs of modules exceeded the threshold. The WGCNA measure of 
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intramodular connectivity (kME) was then calculated for all probes / genes with respect to all 

modules by correlating each gene’s expression pattern across all samples with each module 

eigengene (Horvath & Dong 2008; Oldham et al. 2008). 

2.3.1.3 Module enrichment analysis with cell type gene sets 

To identify cell type-specific gene coexpression modules in each regional dataset, we cross-

referenced module composition with gene sets consisting of published markers of major cell 

types. For astrocytes, oligodendrocytes, and neurons, we used sets of genes that were expressed 

>10x higher in each cell type (purified from mouse forebrain) vs. the other two (Supplementary 

Tables 4–6 from (Cahoy et al. 2008)). For microglia, we used a set of genes expressed 

significantly higher in purified mouse microglia vs. whole brain (Supplementary Table 2 from 

(Hickman et al. 2013)). Modules were defined as all unique genes with positive kME values that 

were significant after applying a Bonferroni correction for multiple comparisons (p < 0.05 / (# 

probes or genes in the regional dataset × # of modules in the network)). If a probe / gene was 

significantly correlated with more than one module it was assigned to the module for which it 

had the highest kME value. For each regional dataset, enrichment analysis was performed for all 

modules in all (n = 35) networks using a one-sided Fisher's exact test as implemented by the 

fisher.test R function. The module with the most significant enrichment for each cell-type gene 

set was identified in each regional dataset. 

2.3.1.4 Data integration and calculation of gene expression fidelity for major cell types 

Operationally, we define the transcriptional ‘signature’ of a cell type in a given dataset as a list of 

probes / genes ranked by descending kME values for the most significant cell-type module. To 

create ‘consensus’ transcriptional signatures for each cell type, transcriptional signatures from 
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individual datasets were combined using the following approach. First, regional datasets that did 

not contain a module that was significantly enriched with markers of a given cell type after 

applying a Bonferroni correction for multiple comparisons (p < 0.05 / # modules) were excluded. 

All 62 regional datasets contained a significant oligodendrocyte module, whereas 61, 60, and 57 

regional datasets contained significant neuron, astrocyte, and microglia modules, respectively 

(Table 1; Fig. 2.1D in Results). Second, probe / gene identifiers from all datasets were mapped to 

a common identifier (HomoloGene ID data build 68). Third, kME vectors for each cell-type 

module in microarray datasets (in which individual transcripts are often targeted by multiple 

probes) were collapsed to unique identifiers by retaining for each HomoloGene ID the probe 

with the highest kME value. Because kME values are correlation coefficients, they cannot be 

averaged directly over independent datasets of different sample sizes. Therefore, to aggregate 

cell type-specific kME values for a given HomoloGene ID across regional datasets, we used 

Fisher’s method for combining correlation coefficients from independent datasets (Fisher 1970). 

We implemented this method by initially transforming kME values using the Fisher 

transformation: 

!!"# = !
1
2 !"

1+ !!".!"#
1− !!".!"#

 

where g indexes the gene, d indexes the regional dataset, and c indexes the cell type. An average 

of the resulting z values (weighted by sample size) was then determined with the following 

equation: 
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!!"# !! − 3!
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where n denotes the number of samples in dataset d. !!" was then converted into an ‘average’ 

correlation coefficient by performing the reverse Fisher transformation: 
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Finally, these ‘average’ correlations were divided by the standard error to yield the genome-wide 

t-statistics displayed in Fig. 2.4A-D (Results), or gene expression fidelity: 

!"#$%"&' = !!" = !
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where !!"! denotes the total number of samples in all regional datasets that contributed to the 

consensus signature of the cell type. P-values corresponding to t-statistics were calculated in R 

using the pt function. These P-values were corrected for multiple comparisons by controlling for 

the false-discovery rate, as implemented by the R package qvalue (Storey & Tibshirani 2003). 

Genome-wide expression fidelity and corresponding significance is reported for all genes with 

respect to all cell types for humans and mice. It is important to note that gene expression fidelity, 

as defined here, is robust to the choice of gene set used for enrichment analysis, as illustrated in 

Fig. 2.3. 

2.3.1.4.1 Calculation of gene expression fidelity in distinct CNS regions 

We calculated cell type gene expression fidelity in individual CNS regions that contained at least 

three independent datasets as described above in section 2.3.1.4. We only included regional 

datasets that contained a significant cell type module as defined above in section 2.3.1.3. 

2.3.1.5 Visualization of core cell-type genes 

The top 50 genes ranked by expression fidelity for each cell type were visualized with custom 

software using the ggplot2 package in R (Fig. 2.5, Results). Mean gene expression levels were 
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calculated for all samples from all regional datasets and then converted to percentile ranks 

(‘Brain expression’). Regional percentile ranks (used in the analysis presented in Fig. 2.11) were 

based on mean gene expression levels for all samples from ABI, GSE46706, and GTEx datasets 

from a given CNS region. PubMed citations were extracted for each gene symbol using the 

RISmed package in R on 3/31/2016. To obtain total citations with potential relevance to brain or 

specific cell types we queried ‘[gene symbol]’ ‘brain’ and ‘[gene symbol]’ ‘cell type’, 

respectively. Cellular localization data were extracted from the COMPARTMENTS resource 

(Binder et al. 2014). Human protein-protein interaction (PPI) data were downloaded from the 

STRING database (file: 9606.protein.links.detailed.v10.txt) (Szklarczyk et al. 2015). PPI links in 

Fig. 2.5 represent STRING combined score values > 350, which correspond to medium-

confidence PPI predictions. Empirical P-values for over-representation of putative protein 

interactions (PPI score > 350) among the top 50 cell-type genes were calculated from n = 

100,000 permutations of 50 randomly sampled genes from a background of 18,494 HomoloGene 

identifiers (IDs present in at least one regional dataset). Visualizations were similarly made for 

the top 50 mouse cell type genes ranked by expression fidelity (Fig. 2.13) except PubMed 

citations were extracted on 5/03/2016 and the following STRING database file was used: 

10090.protein.links.detailed.v10.txt. 

2.3.2 Single-cell RNA-sequencing analysis 

Adult human brain single-cell RNA-sequencing raw count data (Darmanis et al. 2015) were 

downloaded from GEO and sample information was obtained with the GEOquery R package. 

Raw count data were normalized by dividing the total number of reads for each gene by the total 

number of reads for the sample. Normalized data were then multiplied by one million to yield 

counts per million (CPM), added by 1, and log10 transformed. 332 adult human cells from cortex 
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and hippocampus were categorized as astrocytes (n = 62), oligodendrocytes (n = 38), microglia 

(n = 16), neurons (n = 131), or ‘other’ (n = 85) using the authors’ original cell assignments 

(Darmanis et al. 2015). 

2.3.2.1 Calculation of single-cell expression specificity, sensitivity, and fidelity 

The transcriptional identity of a cell type can be conceived as a vector of genes ranked by the 

joint probability that a gene is expressed by a given member of that cell type and not by other 

cell types in the biological system of interest. We call these two requirements expression 

sensitivity (Se) and expression specificity (Sp), respectively. Thus each gene will have Se and Sp 

values for each cell type. Although Se and Sp cannot be determined using gene expression data 

from bulk tissue samples, they can be calculated directly from single-cell (sc) gene expression 

data. We define sc.Se as follows: 

!". !"!" =
!"#$%!"#!!

!!!
!!

 where  !"#$%!"# = 1!!!!if![!"#$]!"# > !!
0!!!!!!!!!!!!!!!otherwise 

where g indexes the gene, c indexes the cell type, !! !denotes the total number of cells for cell 

type c, expr denotes the gene expression level, and τ denotes an arbitrary threshold. We set τ = 0, 

thereby allowing any positive value of gene expression to ‘count’ towards sc.Se (although other 

thresholds could also be used). Therefore, sc.Se is the probability that a given gene is expressed 

by a member of a given cell type. We define sc.Sp as follows: 

!". !"!" =
!"#$ !"#

!!
!!!

!"#$ !"
!!
!!!

 

where !! is the total number of cells for all cell types. Therefore, sc.Sp is the probability that a 

gene expressed in cell type c is not expressed by other cell types in the biological system. By 

way of example, imagine a single-cell dataset from brain consisting of 200 cells, of which 50 are 
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astrocytes. If a gene is expressed (> 0 CPM) in 30 astrocytes, the gene’s sc.Se for astrocytes 

would be 30/50 or 0.6. If the sum of the expression values for that gene across all cells is 100 

CPM and for all astrocytes is 20 CPM, the gene’s sc.Sp for astrocytes would be 20/100 or 0.2. 

Intuitively, we expect that optimal biomarkers of cell types will have high Se and high Sp. We 

also posit that genes with high Se and high Sp are likely to encode transcripts and proteins that 

perform important cell type-specific functions. To facilitate the identification of such genes, we 

define a novel metric that is the product of sc.Se and sc.Sp, which we refer to as single-cell 

expression fidelity (sc.Fi): 

!".!"!" = (!". !"!")(!". !"!") 

Therefore, sc.Fi is the joint probability that a gene is expressed by a given member of cell type c 

and not by other cell types in the biological system of interest. 

2.3.3 Modeling gene expression in the human CNS as a function of inferred cellular abundance 

To determine how much of the variation in human CNS transcriptomes could be explained by 

variation in the relative abundance of major cell types among biological replicates, we performed 

multiple linear regression of gene expression (γs) in each regional dataset composed of s samples 

using the lm function in R: 

!! = !!! + ! !!!!" + !!!
!

!!!
 

where acs represents the inferred abundance in sample s of cell type c (where c = {astrocyte, 

oligodendrocyte, microglia, or neuron}), βc is the regression coefficient for cell type c, β0 is a 

constant, and εs is the error term. acs was estimated for each cell type using high-fidelity genes. 

Specifically, we calculated the 1st principal component (PC1) of the expression matrix for the 
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top x high-fidelity genes (where x = 10 unless otherwise stated) over all samples in each regional 

dataset. PC1 was obtained through singular value decomposition of the scaled expression data 

using the svd (nu=1, nv=1) function in R, which is identical to the module eigengene metric 

(Horvath & Dong 2008). As illustrated in Fig. 2.2, when obtained in this fashion, PC1 of high-

fidelity genes is an excellent predictor of relative cellular abundance that is robust even when x is 

small. 

2.3.3.1 High-fidelity genes predict relative cellular abundance 

To assess the relationship between high-fidelity cell type genes and cellular composition we 

analyzed expression data consisting of acutely isolated astrocytes, oligodendrocytes, microglia, 

and neurons from rat CNS that were mixed in known fractions (Kuhn et al. 2011). Raw 

expression data were downloaded from GEO (GSE19380) and preprocessed in R using the 

expresso function of the affy R package (Gentleman et al. 2004) with "mas" settings and no 

normalization. Following preprocessing, we used the SampleNetwork R function (Oldham et 

al. 2012) to identify sample outliers and perform quantile normalization (Bolstad et al. 2003). 

Average linkage hierarchical clustering of all samples using 1 – ISA (intersample adjacency) 

identified samples containing ‘A4’ as outliers and were thus removed. To determine the 

microarray probes that best match our identified high-fidelity human genes in this data, we 

performed a three step approach: i) we matched probes to the top 50 human fidelity genes by 

gene symbol for each cell type. ii) We calculated the correlations among the matched probes 

across all samples. iii) The top 10 probes ranked by correlation that mapped to unique gene 

symbols were used as the high fidelity genes for each cell type. To infer cellular abundance we 

calculated PC1 of the high fidelity genes obtained through singular value decomposition of the 

scaled expression data using the svd (nu=1, nv=1) function in R. 
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2.3.3.2 Modeling gene expression in the neurotypical CNS 

To standardize modeling across datasets, we restricted our analysis to regional human CNS 

transcriptomes with at least 40 samples (n = 47). We performed gene expression modeling for 

~9600 genes that mapped to HomoloGene IDs that were present in all 47 datasets. If multiple 

probes mapped to a given HomoloGene ID, we retained the probe with the highest mean 

expression in the subsetted expression data. For each dataset, we randomly selected 10 sets of 40 

samples for gene expression modeling and averaged the adjusted r2 values from the ~9600 gene 

expression models for the 10 random subsets. We report adjusted r2 values because they have 

been shown to be more appropriate for comparing models with different numbers of parameters 

(Yin & Fan 2001). To avoid circularity in gene expression modeling, we redefined consensus 

cell-type signatures using a leave-one-out approach. Specifically, we calculated gene expression 

fidelity for each cell type as described in section 1.4 using 46 datasets, then used the resulting 

high-fidelity genes to infer cellular abundance and model gene expression in the 47th dataset (as 

illustrated in Fig. 2.7A–C). This procedure was performed iteratively for all 47 datasets. In all 

cases, genes that were used to infer cellular abundance were excluded from gene expression 

modeling. For example, if the top 10 high-fidelity genes were used to infer cellular abundance, 

those 10 genes were excluded from modeling to avoid circularity. Therefore, the total number of 

modeled genes depends on the total number of genes used to infer cellular abundance (i.e. 1, 10, 

or 50 genes, as illustrated in Fig. 2.7C). 

2.3.3.3 Modeling gene expression in Alzheimer’s disease (AD) brain samples 

Publicly available gene expression data from AD and control (CTRL) samples from three 

additional datasets (GSE44770, GSE36980, and GSE48350) (B. Zhang et al. 2013; Cribbs et al. 
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2012; Hokama et al. 2014) were downloaded from GEO and preprocessed using the 

SampleNetwork R function (Oldham et al. 2012) to identify sample outliers. We defined 

sample outliers as those that were more than three standard deviations below the mean 

connectivity of all samples (Z.K < -3). Iterative pruning was applied until all samples with Z.K < 

-3 were removed. 

For GSE44770 gene expression data, which was acquired with a Rosetta Human 44k 

microarray platform, we focused our analysis on the dorsolateral prefrontal cortex (PFC) samples 

which were shown in the original publication to have more transcriptional changes associated 

with AD compared to visual cortex and cerebellum (B. Zhang et al. 2013). Starting with the raw 

CY5 probe intensity values we performed imputation of missing values (Troyanskaya et al. 

2001), quantile normalization (Bolstad et al. 2003), and batch correction (Johnson et al. 2007). 

We removed 20 sample outliers out of 230 PFC samples. Batch correction was performed using 

batch information provided in the original study. 

For GSE48350 gene expression data, which was acquired with an Affymetrix U133 plus 

2.0 microarray platform, normalization was performed using the RMA algorithm (Irizarry et al. 

2003) with the justRMA function of the affy R package and reverse log-transformed for 

further processing. We removed 4 sample outliers out of 253 samples. Batch correction was 

performed (Johnson et al. 2007) using the batch date extracted from the .CEL file header 

information. 

For GSE36980 gene expression data, which was acquired with an Affymetrix Gene 1.0 

ST microarray platform, normalization was performed using the RMA algorithm (Irizarry et al. 

2003) with the justRMA function of the affy R package and reverse log-transformed for 
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further processing. Due to small sample size (n = 79 samples), we did not remove any sample 

outliers. 

We performed gene expression modeling in these datasets for every probe present using 

the top 10 high-fidelity genes for each cell type calculated above. For transcripts of high-fidelity 

genes that were targeted by multiple microarray probes, we retained the probe with the highest 

adjusted r2 value when modeled as a function of inferred relative abundance of astrocytes, 

oligodendrocytes, microglia, and neurons. 

Gene expression modeling was performed separately for CTRL and AD samples. We 

ensured that the number of samples and regions sampled were matched between AD and CTRL 

samples. For GSE44770, which contained more AD samples than CTRL samples, we took a 

random subset of AD samples to match the number of CTRL samples (95 out of 112). For 

GSE48350, we first subsetted the CTRL samples to donors of at least 70 years old in order to age 

match the AD and CTRL samples, which gave 71 CTRL and 79 AD samples. We subsequently 

took a random subset of the AD samples, attempting to region match the samples (16 out of 24 

postcentral gyrus samples) which gave 14 CTRL and 15 AD entorhinal cortex samples, 20 

CTRL and 19 AD hippocampus samples, 17 CTRL and 16 AD postcentral gyrus samples, and 20 

CTRL and 21 AD superior frontal gyrus samples. For GSE36980, we first subsetted the CTRL 

samples to donors of at least 75 years old in order to age match the AD and CTRL samples, 

which gave 35 CTRL and 32 AD samples. We subsequently took a random subset of the CTRL 

samples, attempting to region match the samples (10 out of 12 temporal cortex samples) which 

gave 15 CTRL and 15 AD frontal cortex samples, 7 CTRL and 7 AD hippocampus samples, and 

10 CTRL and 10 AD temporal cortex samples. 
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To identify genes that were ‘differentially modeled’ between CTRL and AD, we 

calculated the differences in t-statistics for cell-type model coefficients in CTRL and AD 

datasets. We then randomly split each dataset into two equal-size groups of samples (where each 

half included CTRL and AD samples) and performed gene expression modeling for each half (n 

= 100 permutations). For each permutation, we calculated the differences in t-statistics for cell-

type model coefficients of the two randomly separated groups, which produced a null 

distribution of t-statistic differences for each cell-type parameter. Using the null distribution (100 

permutations × # of genes) we calculated empirical p-values for the measured t-statistic 

differences between CTRL and AD gene models. P-values were corrected for multiple 

comparisons by controlling the local FDR with the qvalue package in R (Storey & Tibshirani 

2003). Genes were considered differentially modeled (i.e. differentially expressed in a given cell 

type) between CTRL and AD if the resulting q-values were < 0.1 in each of the three 

independent datasets. 

2.3.3.4 Modeling gene expression to identify regional differences in transcriptional identities of 

major cell types 

To explore regional heterogeneity of gene expression in major CNS cell types, we adopted a 

conservative strategy to identify genes with binary expression patterns (i.e. ON in a given cell 

type in one region but OFF in the same cell type in another region). To reduce technical 

confounds, we restricted our analysis to pairwise comparisons of five brain regions (DI, FCX, 

HIP, MID, and STR) that were transcriptionally profiled in three independent studies (GTEx, 

GSE46707, and ABI). For each of these regional datasets (n = 15), we performed gene 

expression modeling as described above for all genes and samples using the top 10 high-fidelity 

genes to infer the relative abundance of each cell type. A gene was considered to be ‘regionally 



! 31!

expressed’ in a specific cell type if it met the following criteria: i) it was significantly associated 

with the cell type in region 1 (p < 2.67x10-8, corresponding to a Bonferroni corrected p-value for 

the cell-type model coefficient based on the total number of gene models: 0.05/([4 cell types]×[5 

regions](× [48170 ABI probes + 17868 GSE46706 genes + 27526 GTEx genes])); ii) it was not 

significantly associated with the same cell type in region 2; iii) it was differentially expressed 

between region 1 and region 2 (i.e. the mean expression percentile rank was >20 percentile ranks 

higher in region 1 vs. region 2; and iv) the preceding criteria were replicated in all three studies. 

2.3.3.5 Modeling gene expression to identify species differences in transcriptional identities of 

major cell types 

We obtained publicly available gene expression data from bulk tissue samples of mice, Rhesus 

macaque, and chimpanzee brains (Table 2). Data preprocessing and quality control are described 

below. 
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Table 2 | Mouse, macaque, and chimpanzee CNS transcriptomes analyzed. AMY = amygdala; BF = 

basal forebrain; BS = brainstem; CB = cerebellum; CTX = cortex; FCX = frontal cortex; HIP = 

hippocampus; LMD = laser-capture microdissection; OB = olfactory bulb; OCX = occipital cortex; STR 

= striatum; TCX = temporal cortex. Sources for Ms.Affy.CTX: GSE32529, GSE20160, GSE10784, 

GSE28644, GSE36237, GSE46443, GSE6514, GSE28515, GSE16496, GSE9566 (Stevens et al. 2011; 

Segall et al. 2010; Stark et al. 2008; Benton et al. 2012; Chu et al. 2013; Mackiewicz et al. 2007; Wolen et 

al. 2012; Kasukawa et al. 2011). Sources for Ch.U133p2: E-AFMX-11, E-TABM-20, E-TABM-84, 

GSE11512 (Khaitovich et al. 2005; Franz et al. 2005; Khaitovich et al. 2006; Somel et al. 2009).. Sources 

for Ch.U95A: 11951044,E-AFMX-2,GSE7540,E-TABM-25 (Enard et al. 2002; Khaitovich et al. 2004; 

Cáceres et al. 2003; Fraser et al. 2005). 

2.3.3.5.1 Mouse brain expression data preprocessing, integration, and modeling 

Preprocessing was performed from raw data when possible. Affymetrix microarray raw data 

(.CEL files) were downloaded from GEO using the accession IDs provided in Table 2. We only 

processed wild-type samples from studies with multiple conditions. Expression values for 

Affymetrix 430 2.0, 430A 2.0, and HT MG-430A microarray probes were generated in R using 

the expresso function of the affy R package (Gentleman et al. 2004) with "mas" settings and 

no normalization. Probe-level data from Affymetrix Exon 1.0 and Mouse Gene 1.1 microarrays 

were summarized using the Robust Multi-Array (RMA) algorithm (Irizarry et al. 2003) at the 

gene level with Affymetrix Power Tools software (APT 1.15.2) and reverse log-transformed for 

further processing. Non-normalized Illumina microarray data were obtained from GEO. For the 

RNAseq datasets, FPKM gene expression values (Ms.Barres, Ms.Fertuzinhos, Ms.GSE63078) or 

count data (Ms.GSE60312, Ms.GSE62669) were downloaded from GEO or the studies website 

(Table 2). We normalized raw count data from Ms.GSE60312 by dividing the total number of 

counts for each gene by the total number of counts for the sample. 

Sample information for datasets with GEO accession IDs was obtained using the R 

package GEOquery (Davis & Meltzer 2007) with the exception of hybridization batch 
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information, which was extracted from the header information of Affymetrix .CEL files when 

available. Each of the 15 mouse datasets was individually processed using the 

SampleNetwork R function (Oldham et al. 2012), which is designed to identify and remove 

sample outliers, perform data normalization, and adjust for batch effects (Johnson et al. 2007). 

We defined sample outliers as those that were more than four standard deviations below the 

mean connectivity of all samples (Z.K < -4). Iterative pruning was applied to remove all samples 

with Z.K < -4. For non-normalized Affymetrix 430 2.0, 430A 2.0, HT MG-430A, and Illumina 

microarray data, quantile normalization (Bolstad et al. 2003) was then performed. If a batch 

effect was present (defined as a significant association between the 1st principal component of 

the expression data and a technical batch covariate), batch correction was performed using the 

ComBat R function (Johnson et al. 2007), which is implemented in SampleNetwork. See 

Table 2 for the number of sample outliers removed and datasets that were batch corrected. 

Mouse coexpression analysis, enrichment analysis to identify cell-type modules, and data 

integration to determine consensus gene expression fidelity was performed as described above 

for human data, with one exception. Due to heterogeneity introduced by variable sample 

preparation methods for mouse datasets (Table 2), we iteratively pruned outlier datasets before 

consensus fidelity calculation. Specifically, for each cell type we performed hierarchical 

clustering of genome-wide kME values for all datasets using 1 – Pearson correlation as the 

distance measure with average linkage. Datasets with distance > 0.9 were iteratively pruned. 

Datasets included in the consensus fidelity calculation are shown in Table 2. Gene expression 

modeling was performed as described above using the top 10 genes from each mouse consensus 

expression fidelity cell-type list. 

2.3.3.5.2 Human vs. mouse comparison 
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To identify cell type-specific gene expression differences between humans and mice, we adopted 

conservative strategies to reveal genes with binary expression patterns (i.e. ON in a given cell 

type in humans but OFF in the same cell type in mice, or vice versa). To identify genes 

expressed in human but not mouse cell types, we started with the sets of genes represented by the 

Venn diagram in Fig. 2.9A (i.e. genes that were significantly associated with a cell type in a 

majority of human regional datasets). We imposed three criteria to predict species differences: i) 

the gene was well modeled with respect to the same cell type in humans (human median adjusted 

r2 values >= 0.4); ii) the gene was not well modeled with respect to the same cell type in mice 

(mouse median adjusted r2 values <= 0.05); iii) the gene was expressed substantially higher in 

humans vs. mice (mean expression percentile difference > 30). 

To identify genes expressed in mouse but not human cell types, we started with mouse genes 

that were significantly associated with the same cell type in at least three independent datasets 

(using the same definition of ‘significant association’ that was used for humans). We imposed 

three criteria to predict species differences: i) the gene was well modeled with respect to the 

same cell type in mice (mouse median adjusted r2 values >= 0.4); ii) the gene was not well 

modeled with respect to the same cell type in humans (human median adjusted r2 values <= 

0.05); iii) the gene was expressed substantially higher in mice vs. humans (mean expression 

percentile difference > 30). 

2.3.3.5.3 Primate brain expression data preprocessing and modeling 

Affymetrix gene expression data from chimpanzee cerebral cortex were obtained from eight 

studies. Four studies analyzed samples using Affymetrix U95A/v2 microarrays (Enard et al. 

2002; Khaitovich et al. 2004; Cáceres et al. 2003; Fraser et al. 2005) and four studies analyzed 

samples using Affymetrix U133Plus2 microarrays (Khaitovich et al. 2005; Franz et al. 2005; 
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Khaitovich et al. 2006; Somel et al. 2009). Because probes on these arrays were designed from 

human sequences, we created a custom mask file to exclude probes that did not have perfect 

alignment to the chimpanzee genome (panTro3: 

http://hgdownload.cse.ucsc.edu/goldenPath/panTro3/bigZips/panTro3.fa.gz) and chimpanzee 

RefSeq mRNAs (http://hgdownload.cse.ucsc.edu/goldenPath/panTro3/bigZips/refMrna.fa.gz). 

After excluding all unknown, random, haplotype, and mitochondrial sequences, the chimpanzee 

genome was concatenated into a single file. This file, along with the RefSeq mRNA file, was 

formatted for BLAST from the command line using the formatdb function from the ncbi_tools 

package (installed via MacPorts). Using a local BLAST installation, we retained a probe if it 

aligned perfectly to both the chimpanzee genome (e-value = 2.0e-05) and chimpanzee RefSeq 

mRNAs (e-value = 2.0e-08). We also excluded probes that were identified as mis-targeted or 

non-specific with respect to human sequences (http://masker.nci.nih.gov/ev) based on a previous 

re-annotation study (J. Zhang et al. 2005). The resulting mask files (one for each microarray 

platform) were used with the ProbeFilter R package to exclude probes without perfect and 

specific alignment to chimpanzee sequences. Expression data were generated from masked .CEL 

files using the expresso function from the affy package with ‘mas’ settings and no 

normalization, followed by scaling each sample to the same mean intensity (200). Only probe 

sets with at least half of their probes remaining after mask application were retained for further 

analysis (n = 9,178 [U95A/v2]; n = 35,754 [U133Plus2]). Further quality control and 

preprocessing was performed with the SampleNetwork R function (Oldham et al. 2012). 

Samples from each study were examined separately and no outliers were evident. After combing 

all samples for a given platform, data were quantile normalized (Bolstad et al. 2003) and batch-

corrected for hybridization date using the ComBat R function (Johnson et al. 2007). The final, 
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processed datasets consisted of 30 samples (U95A/v2) and 26 samples (U133Plus2) from 

chimpanzee cerebral cortex. 

RNAseq RPKM gene expression data (Bozek et al. 2014) from Chimpanzee brain were 

downloaded from GEO (GSE49379). Further quality control and preprocessing was performed 

with the SampleNetwork R function (Oldham et al. 2012). No outliers were evident. 

Affymetrix Macaque genome array normalized expression data (Bernard et al. 2012) 

from Allen Brain Institute (ABI) were downloaded from the blueprintnhpatlas.org website 

(2014-03-06 data release). Further quality control and preprocessing was performed with the 

SampleNetwork R function (Oldham et al. 2012). We defined sample outliers as those that 

were more than four standard deviations below the mean connectivity of all samples (Z.K < -4). 

Iterative pruning was applied to remove all samples with Z.K < -4. See Table 2 for the number of 

sample outliers removed. 

Due to the limited availability of gene expression data from non-human primate brains, we 

did not attempt to calculate consensus gene expression fidelity statistics. Instead, we used a semi-

supervised approach to identify top cell-type biomarkers for gene expression modeling in non-

human primate brain samples. Parsimony and similarities between human and mouse gene 

expression fidelity suggest that there is likely to be strong conservation of high-fidelity genes 

between human and non-human primate CNS cell types. To determine the microarray probes that 

best match our identified high-fidelity human genes in this data, we performed a three step 

approach: i) we matched probes to the top 50 human fidelity genes by gene symbol for each cell 

type. ii) We calculated the correlations among the matched probes across all samples. iii) The top 

10 probes ranked by correlation that mapped to unique gene symbols were used as the high 

fidelity genes for each cell type. These top 10 genes were summarized by PC1 through singular 
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value decomposition of the scaled expression data using the svd (nu=1, nv=1) function in R and 

used for gene expression modeling. 

2.3.4 Enrichment analysis 

The ToppGene (https://toppgene.cchmc.org/) suite (Chen et al. 2009) contains an extensive list 

of databases and was used to calculate enrichment P-values from hypergeometric tests corrected 

for multiple comparisons. Specifically, we used the ToppFun application with default parameters 

and report Benjamini-Hochberg adjusted P-values. We present data from gene ontology (GO) 

annotations (biological process, cellular component and molecular function) and pathway 

annotations (Biosystems, BIOCYC, KEGG and REACTOME). For disease annotations, we used 

the Phenopedia database (Yu et al. 2010) and restricted our analysis to annotations that contained 

at least 10 genes. 

2.3.5 Immunohistochemistry 

Human brain tissue was collected during autopsy, with post-mortem interval of less than 48 

hours. Tissue was collected with previous patient consent in strict observance of the legal and 

institutional ethical regulations in accordance with the University of California San Francisco 

Committee on Human Research. Protocols were approved by the Human Gamete, Embryo and 

Stem Cell Research Committee (institutional review board) at the University of California, San 

Francisco. Brains were cut into ~1.5 cm coronal or sagittal blocks, fixed in 4% 

paraformaldehyde for 2 days, and then cryoprotected in a 30% sucrose solution and embedded in 

optimal cutting temperature (OCT) compound (Tissue-Tek). Samples contained no evidence of 

brain disease as assessed by a neuropathologist (Eric J. Huang). 14µm cryosections were 

collected on superfrost slides (VWR) using a Leica CM3050S cryostat. Cryosections were 
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subjected to heat-induced antigen retrieval in 10mM sodium citrate (pH = 6) for 10##min and 

permeabilized and blocked for 1 hour at room temperature in PBS supplemented with 0.2% 

Triton X-100 and 10% goat serum. Primary incubations were overnight#at 4##°C. Washes (3 x 

10min) and secondary incubations (1 hour) were performed at room temperature. 

Antibodies used included goat PON2 (R&D systems: AF4344, 1:200), mouse ALDH1L1 

(Neuromab: N103/39, 1:200), rabbit DBDNDD2 (Sigma: HPA043991, 1:200), rabbit APBB1IP 

(Sigma: HPA017009, 1:100), rabbit CELF2 (Sigma: HPA035813, 1:200), rat GFAP (Fisher: 13-

0300, 1:500), mouse NogoA (11c7, gift from M. Schwab, Zurich, Sitzerland, 1:5000), goat AIF1 

(Abcam: ab5076, 1:500), and chicken NeuN (Millipore: ABN91, 1:500). 

Images were acquired on a Leica TCS SPE laser confocal microscope with detection 

settings normalized to a secondary-only control. For IHC data (Fig. 2.5E-H, Fig. 2.6), a 20x 

objective was used (1024x1024 pixels).  

2.3.6 Fluorescent In Situ Hybridization (FISH) 

Human brain tissue was acquired as described above. Mouse brain tissue (postnatal day 30) was 

acquired from animals perfused with 4% PFA and post-fixed for 24 hours followed by 

cryoprotection in 30% sucrose and embedded in OCT. Cryosections were prepared in the same 

manner as above. 

Due to variability in RNA quality from human brain cases, we screened a number of samples 

for robust positive RNA signal using the RNAscope 2.0 HD brown assay (Advanced Cell 

Diagnostics, Hayward, CA; catalog: 310033) for PPIB, a provided positive control gene (Table 

3). A sample from occipital cortex of a 19 month old case demonstrated positive signal and was 

subsequently used for RNAscope multiplex fluorescent imaging (catalog: 320851) for candidate 
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species astrocyte genes (Table 3, Fig. 2.14E,F) according to manufactures’ instructions. Probe 

information is provided in Table 3. 

Images were acquired on a Leica TCS SPE laser confocal microscope with detection settings 

normalized to a negative control probe (DapB, catalog: 310043). A 40x objective was used 

(1024x1024 pixels). 

 

Table 3 | RNAscope single-molecule FISH probe information. 

 

2.4 Results 

2.4.1 Integrative gene coexpression analysis of human CNS transcriptomes reveals consensus 

transcriptional signatures of major cell types 

We acquired 7220 transcriptomes from diverse CNS regions of neurotypical adult humans by 

aggregating data from nine studies (Hodges 2006; Berchtold et al. 2008; Kang et al. 2011; 

Hernandez et al. 2012; Li et al. 2013; Ramasamy et al. 2014; Hawrylycz et al. 2015; The GTEx 

Consortium et al. 2015). These studies analyzed gene expression in postmortem bulk tissue 

samples using a variety of technology platforms, including five commercial microarrays and 



! 41!

RNA-sequencing (RNAseq; Table 1). Each sample was assigned to one of 19 broad 

neuroanatomical regions, resulting in 62 regional datasets consisting of at least 24 samples (Fig. 

2.1A, Table S1). After data preprocessing and quality control (Oldham et al. 2012), we 

performed unsupervised gene coexpression analysis separately for each regional dataset to 

identify modules of coexpressed genes (Fig. 2.1B) and summarized their expression patterns 

(Fig. 2.1C) (Horvath & Dong 2008; Lui et al. 2014). Unbiased enrichment analysis with sets of 

genes expressed by specific cell types in mouse brain (Cahoy et al. 2008; Hickman et al. 2013) 

revealed ‘cell-type modules’ with highly significant over-representation of genes expressed by 

astrocytes, oligodendrocytes, microglia, or neurons in the vast majority of regional datasets (Fig. 

2.1D). 

Biologically, the primary source of expression covariation in a cell-type module is 

variation in the abundance of that cell type in each bulk tissue sample (Oldham et al. 2008). 

Mathematically, the vector that explains the greatest amount of expression variation in a gene 

coexpression module is its first principal component, or module 'eigengene' (Fig. 2.1B,C) 

(Horvath & Dong 2008; Oldham et al. 2008). This line of reasoning suggests that the eigengene 

of a cell-type module approximates the relative abundance of that cell type over all samples. To 

test this hypothesis directly, we analyzed gene coexpression relationships in microarray data 

generated from purified rat brain cell types in known mixing fractions (Kuhn et al. 2011). We 

confirmed that the actual proportionality of cell types was essentially indistinguishable from that 

predicted by cell-type module eigengenes (Fig. 2.2). 
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Figure 2.1 | Workflow for determining transcriptional identities of major neurobiological cell types 

in humans. A) 62 gene expression datasets consisting of non-pathological samples from diverse adult 

human CNS regions were acquired from nine publicly available resources (Berchtold!et!al.!2008;!The!

GTEx!Consortium!et!al.!2015;!Hawrylycz!et!al.!2015;!Hernandez!et!al.!2012;!Hodges!2006;!Kang!et!

al.!2011;!Li!et!al.!2013;!Ramasamy!et!al.!2014;!Brainspan.org)!and preprocessed (Oldham et al. 2012). 

B) Unsupervised gene coexpression analysis was performed for each dataset to identify modules of genes 
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with similar expression patterns (Lui et al. 2014). C) Each module was summarized by its 1st principal 

component (PC1, or module eigengene) (Horvath & Dong 2008). D) Published markers of astrocytes (A), 

oligodendrocytes (O), microglia (M), and neurons (N) (Cahoy et al. 2008; Hickman et al. 2013) were 

cross-referenced with all modules. Heatmap depicts P-values (Fisher’s exact test) for the module with the 

most significant enrichment for markers of a given cell type in each regional dataset. Regional datasets 

not present in the brain schematic are denoted by dark grey along the y-axis of the heatmap. E) The 

strength of association between each gene and each cell type module was calculated using the WGCNA 

(Langfelder & Horvath 2008) measure of intramodular connectivity, kME  (Horvath & Dong 2008; 

Oldham et al. 2008). F) Genome-wide kME values for modules corresponding to A, O, M, or N were 

aggregated across regional datasets to create a global measure of expression "fidelity" (t-statistic) for each 

gene with respect to each cell type. Schematic: A gene is predicted to have high fidelity for a given cell 

type if its expression is both sensitive (it is consistently expressed by members of that cell type) and 

specific (it is not expressed by members of other cell types). 

 

 

Figure 2.2 | High-fidelity genes predict relative cellular abundance. Cell type module eigengenes were 

calculated for astrocytes, oligodendrocytes, microglia, and neurons in gene expression data from purified 

rat brain cell types in known mixing fractions (Kuhn et al. 2011). Eigengenes were defined as the 1st 

principal component (PC1) of the top 10 consensus high-fidelity genes for each cell type (methods) 

(Horvath & Dong 2008). The actual proportionality of cell types in each sample (x-axis) is essentially 

indistinguishable from that predicted by cell type module eigengenes (y-axis). 

 

 To determine the affinity of each gene for each significant cell-type module, we 

calculated the Weighted Gene Coexpression Network Analysis (WGCNA: (B. Zhang & Horvath 
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2005; Langfelder & Horvath 2008)) measure of intramodular connectivity, or kME (Horvath & 

Dong 2008). kME is defined as the Pearson correlation between the expression pattern of a gene 

and a module eigengene (Fig. 2.1E). In the special situation of a cell-type module, kME therefore 

quantifies the similarity between the expression pattern of a gene and the relative abundance of a 

cell type. Because each bulk tissue sample is a heterogeneous mixture of millions of cells, a high 

kME value for a cell-type module suggests that expression of the gene in that cell type is both 

sensitive and specific. We refer to such genes as having high expression fidelity (Fig. 2.1F). 

 To estimate genome-wide expression fidelity for major cell types in the human CNS, we 

combined kME values for significant cell-type modules over all 62 regional datasets, resulting in 

a single value (t-statistic) for each gene with respect to each cell type. This measure quantifies 

the extent to which transcript levels of each gene were correlated with the inferred abundance of 

each cell type over all analyzed samples. Importantly, estimates of fidelity were highly robust to 

the choice of gene set used to identify cell-type modules through enrichment analysis (Fig. 2.3). 

By ranking all genes according to expression fidelity for each cell type, we produced consensus 

transcriptional signatures of astrocytes, oligodendrocytes, microglia, and neurons (Fig. 2.4A-D). 

We consistently observed that canonical markers had high fidelity for the expected cell type and 

low fidelity for other cell types (Fig. 2.4A-D). We also found that high-fidelity genes were 

significantly and specifically enriched with expected cell-type markers from multiple 

independent studies (Fig. 2.4A-D). Compared to glia, the distribution of expression fidelity for 

neurons was compressed (Fig. 2.4A-D), most likely reflecting the extensive neuronal 

heterogeneity that exists among CNS regions (Gord Fishell & Heintz 2013). 
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Figure 2.3 | Gene expression fidelity is robust to the choice of gene set used for enrichment analysis. 

Consensus expression fidelity was calculated as described in Fig. 1 using four independent gene sets for 

each cell type. Astrocyte and oligodendrocyte expression fidelity 1 - 4 was calculated using the respective 

markers from: (Cahoy et al. 2008; Y. Zhang et al. 2014; Lein et al. 2007; Doyle et al. 2008). Microglia 

expression fidelity 1 - 3 was calculated using the respective markers from: (Hickman et al. 2013; Y. 

Zhang et al. 2014; Butovsky et al. 2014) and microglia fidelity 4 was from the immune system phenotype 

pathway (MP:0005378) from (Y. Zhang et al. 2010). Neuron expression fidelity 1 - 4 was calculated 

using the respective markers from: (Cahoy et al. 2008; Y. Zhang et al. 2014; Lein et al. 2007; Collins et 

al. 2006). 

2.4.2 Gene expression fidelity provides a bridge between the analysis of bulk tissue and single 

cells 

To explore how estimates of gene expression fidelity derived from bulk tissue samples 

relate to gene expression in individual cells, we analyzed single-cell RNAseq data from 332 cells 

obtained from adult temporal cortex during surgical procedures (Darmanis et al. 2015). Using the 

cell-type assignments from this study, we first examined expression of canonical cell-type 

markers. In general, these genes were expressed at highest levels in the expected cell type (Fig. 

2.4E). We reasoned that gene expression specificity, sensitivity, and fidelity could be calculated 

directly from single-cell data. We defined single-cell specificity (sc.Sp) as the probability that a 

transcript was produced by a specific cell type and single-cell sensitivity (sc.Se) as the 

probability that a transcript was present in a given member of a given cell type. Single-cell 

fidelity (sc.Fi) was therefore defined as the product of sc.Sp and sc.Se, which is the joint 

probability that a transcript was produced by a member of one cell type and not by other cell 

types (Fig. 2.4F). We calculated sc.Sp, sc.Se, and sc.Fi for all genes and compared the resulting 

values for each cell type to gene expression fidelity estimates from bulk tissue samples. We 

found that bulk tissue expression fidelity consistently showed a stronger correlation to sc.Fi than 
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to sc.Sp or sc.Se alone (Fig. 2.4G). These results provide further evidence that integrative gene 

coexpression analysis of bulk tissue transcriptomes can rank genes according to the sensitivity 

and specificity with which they are expressed in distinct cell types. 

 

Figure 2.4 | Integrative coexpression analysis of regional transcriptomes reveals consensus 

transcriptional identities of astrocytes, oligodendrocytes, microglia, and neurons in the human 

CNS. A-D) Left: consensus gene expression fidelity distributions for human astrocytes (A), 

oligodendrocytes (O), microglia (M), and neurons (N). Canonical markers of each cell type are labeled in 

red (A), blue (O), black (M), and green (N). Right: gene expression fidelity distributions for published 
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cell type markers (A1, O1, M1, N1: Zhang et al. 2014; A2, O2, N2: Cahoy et al. 2008; M2: Butovsky et 

al. 2014; A3, O3, N3: Lein et al. 2007; M3: Hickman et al. 2013) were cross-referenced with high-fidelity 

genes from each consensus signature (t-stat > 50). Gray shading denotes significant enrichment (Fisher's 

exact test). E) Single-cell expression data from adult human brain (Darmanis et al. 2015) for select genes 

from A-D. 'Other' denotes OPCs, endothelial cells, unclassified cells, and hybrid cells. F) Heatmaps of 

single-cell specificity (sc.Sp), sensitivity (sc.Se), and fidelity (sc.Fi) for genes from E with respect to A, 

O, M, and N. sc.Sp is the probability that a gene expressed in one cell type is not expressed by other cell 

types. sc.Se is the probability that a gene is expressed by a member of a given cell type. sc.Fi is the 

product of sc.Sp and sc.Se, which is the joint probability that a gene is expressed by a member of one cell 

type and not by other cell types. G) Pearson correlations of bulk tissue expression fidelity (A-D) with 

sc.Sp, sc.Se, and sc.Fi for A, O, M, and N. Error bars denote 95% confidence intervals. 

2.4.3 High-fidelity genes reveal the core transcriptional identities of major CNS cell types and 

novel biomarkers 

The genes with the highest expression fidelity for a cell type are consistently coexpressed in bulk 

CNS transcriptomes, irrespective of the neuroanatomical region or technology platform. The 

consistency of these relationships suggests that high-fidelity genes can provide an unbiased view 

of the core transcriptional identity of a cell type, thereby revealing novel cellular functions and 

biomarkers. We visualized the top 50 genes ranked by expression fidelity for each cell type to 

compare their absolute expression levels, literature citations, cellular localization, and protein-

protein interactions (PPI) (Fig. 2.5A-D). Overall, absolute expression levels of high-fidelity 

genes were highest for neurons and lowest for microglia, which likely reflects differences in the 

relative abundance (Azevedo et al. 2009; Pelvig et al. 2008) and transcriptional outputs (Zeisel et 

al. 2015) of these cell types. For each cell type, there was a wide range of absolute expression 

levels for high-fidelity genes, potentially implicating parallel regulatory mechanisms and / or 

differential transcript stability. 
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 We searched PubMed to identify literature citations associated with each high-fidelity 

gene symbol in conjunction with the search term ‘brain’ or the name of the cell type. 

Interestingly, a number of these searches returned zero or only a handful of citations, 

highlighting fertile ground for functional studies of these genes in the CNS. For example, the top 

microglia gene (amyloid beta precursor protein binding family B member 1 interacting protein, 

or APBB1IP) has been shown to regulate complement-dependent phagocytosis in human 

myeloid cell lines (Medraño-Fernandez et al. 2013), but has only one citation involving the brain 

(Jungke et al. 2011), despite great interest in the role of complement in synaptic pruning, 

particularly in relation to Alzheimer’s disease (Hong et al. 2016). 

 We examined the cellular localization of proteins encoded by high-fidelity genes and 

observed substantial differences between glia and neurons. Specifically, among the proteins 

encoded by genes featured in Fig. 2.5, membrane localization was predicted for 32 in astrocytes, 

21 in oligodendrocytes, 30 in microglia, and 12 in neurons. The membrane enrichment of high-

fidelity glial gene products may reflect the homeostatic functions of these cells as sensors and 

regulators of extracellular CNS environments. In a more general sense, the non-random 

distributions of cellular localizations suggests that high-fidelity genes are likely to be expressed 

at the protein level in the corresponding cell types. To further explore this topic, we examined 

PPI among high-fidelity genes for each cell type and observed significantly more interactions 

than expected by chance (Fig. 2.5A-D). 
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Figure 2.5 | The core transcriptional identities of human astrocytes, oligodendrocytes, microglia, 

and neurons include known and novel biomarkers. A-D) The top 50 genes ranked by consensus 
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expression fidelity for astrocytes, oligodendrocytes, microglia, or neurons. Expression levels represent 

averages of mean percentile ranks for all regional datasets where gene data were present. PubMed 

citations were obtained by queries with gene symbol and 'brain' or gene symbol and cell type (e.g. gene 

symbol and 'astrocyte'). Cellular localization data were extracted from the COMPARTMENTS database 

(Binder et al. 2014). Predicted protein-protein interactions (PPI) were obtained from STRING 

(Szklarczyk et al. 2015). A link is shown if the combined score between two proteins was > 350. The 

probability of observing the number of depicted links by chance was determined by resampling (n = 

100,0000 random samples of 50 genes). E) PON2 is a novel marker of human astrocytes. F) DBNDD2 is 

a novel marker of human oligodendrocytes. G) APBB1IP is a novel marker of human microglia. H) 

CELF2 is a novel marker of human neurons. Immunostaining performed in adult human dorsolateral 

prefrontal cortex (E: Layer 5/6; F, G: white matter; H: Layer 2/3). Arrowhead denotes cell shown in 

inset. Scale bar: 50µm. 

 

 In principle, the gene with the highest expression fidelity for a cell type encodes its 

optimal biomarker. However, histological examination of RNA in human CNS tissues requires 

high-quality samples with minimal degradation, which can be difficult to obtain. We therefore 

sought to identify and validate novel reagents for labeling human CNS cell types at the protein 

level. We searched for high-fidelity genes in the Human Protein Atlas (Uhlén et al. 2015) and 

identified high-quality antibodies for PON2 (astrocytes), DBNDD2 (oligodendrocytes), 

APBB1IP (microglia), and CELF2 (neurons) (Fig. 2.5A-D, Fig. 2.6). Dual immunostaining with 

canonical cell-type markers revealed almost perfect concordance of cell type-specific expression 

in human frontal cortex (Fig. 2.5E-H). In other instances, we found that these novel reagents 

could distinguish cells that are poorly labeled by canonical markers. For example, protoplasmic 

astrocytes were better labeled by immunostaining for PON2 than GFAP (Fig. 2.6C). These 

results illustrate the benefits of a statistically motivated strategy for identifying optimal 

biomarkers of specific cell types. 
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Figure 2.6 | Human brain histological validation of high-fidelity genes. A) NeuN, DBNND2, and 

PON2 are expressed in separate cells in adult human FCX. B) APBB1IP1 is not expressed in GFAP+ 

astrocytes in adult human subcortical white matter. C) PON2 is coexpressed with ALDH1L1+ astrocytes 

in layer 2 of adult human FCX where GFAP labeling is minimal. Arrows denote 

ALDH1L1+/PON2+/GFAP- cells. Scale bar: 50µm. 
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2.4.4 High-fidelity genes enable predictive modeling of gene expression in bulk CNS 

transcriptomes 

The robust and recurrent nature of gene coexpression modules corresponding to major cell types 

(Fig. 2.1D) suggests that expression levels of many genes in bulk CNS transcriptomes can be 

modeled mathematically as a function of cellular abundance. We explored this topic 

systematically by performing multiple linear regression in 47 regional CNS datasets with ≥ 40 

samples to determine how much of the expression variation in a common set of ~9600 genes 

could be explained by variation in the abundance of major cell types. To estimate relative 

cellular abundance, we summarized the expression patterns of high-fidelity genes in each dataset 

(Fig. 2.7A). To avoid circularity, we implemented a leave-one-out cross-validation strategy to 

redefine high-fidelity genes for each dataset by recalculating expression fidelity for each cell 

type using the remaining 46 datasets (following the strategy outlined in Fig. 2.1). Prior to gene 

expression modeling, each dataset was downsampled (n = 40) to facilitate comparisons of 

modeling results; this process was performed iteratively to ensure robustness (Fig. 2.7A).   

We first asked whether our ability to model gene expression depended on the number of 

high-fidelity genes that were used to estimate cellular abundance. Strikingly, we found that 

estimates of cellular abundance based on only one gene (i.e. the optimal biomarker of each cell 

type) were sufficient to explain, on average, 33.3% of expression variation for all genes over all 

datasets (vs. 0.1% for permuted data) (Fig. 2.7B). These results improved only slightly by using 

more genes: estimates of cellular abundance based on the top 10 or top 50 high-fidelity genes for 

each cell type explained, on average, 35.8% and 36.5% of expression variation for all genes over 

all datasets (Fig. 2.7B; unless otherwise stated, subsequent estimates of cellular abundance for 
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gene expression modeling were based on the top 10 high-fidelity genes). 
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Figure 2.7 | Consensus transcriptional identities enable estimates of relative cellular abundance and 

predictive models of gene expression in human CNS samples. A) Workflow describing a leave-one-

out cross-validation strategy for modeling gene expression in human CNS samples as a function of 

inferred cellular abundance. B) Total percent variance explained (mean adjusted r2) for ~9600 genes 

whose expression levels were modeled as a function of inferred astrocyte, oligodendrocyte, microglia, and 

neuron abundance in each of 47 human brain transcriptomes (subset to 40 samples; values are mean + / - 

2 s.e.m. from 10 permutations). C) Adjusted r2 values for individual genes from (B) averaged over 47 

human brain transcriptomes. Grey envelope denotes the loess smoothed confidence interval: + / - 2 s.e.m. 

from 10 permutations. D) Adjusted r2 values for genes from (B) grouped by mean expression levels (each 

data point represents a regional transcriptome). E) Mean adjusted r2 values for seven different models 

restricted to datasets with gender and age information (GSE46706, GTEx, GSE11882, GSE25219). F) 

Pearson correlation of inferred cellular abundance with donor sample age (* p < 0.05; ** p < 0.01; **** p 

< 0.0001, one-sample Wilcoxon signed rank test). Horizontal bars in D-F correspond to median values. 

Data points in D-F are colored by technology platform. 
 

 We observed a strong effect of technology platform on model performance (P < 10-7, 

ANOVA). Among microarrays, older platforms fared substantially worse than newer platforms, 

while on balance RNAseq outperformed all microarrays (Fig. 2.7B). For example, variation in 

the abundance of major cell types explained, on average, 45.0% of overall expression variation 

in RNAseq datasets (n = 10) and 16.2% in Affymetrix U133A datasets (n = 5) (Fig. 2.7B). We 

did not observe a significant effect of CNS region on model performance (P = 0.88, ANOVA; 

Fig. 2.8), perhaps reflecting the integrative nature of our strategy for identifying high-fidelity 

genes. Over all analyzed genes, the average amount of expression variation that could be 

explained by cellular abundance followed a sigmoid function (Fig. 2.7C). Despite the simplicity 

of our models, we found that variation in the inferred abundance of astrocytes, oligodendrocytes, 

microglia, and neurons could explain >50% of expression variation, on average, for ~2500 genes 

(Fig. 2.7C). 
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We sought to benchmark the performance of our models against the maximum amount of 

expression variation that could be explained by any four predictor variables. We therefore 

repeated the regression analysis using the first four principal components (PCs) from each 

dataset as model covariates. On average, we found that the first four PCs explained 49.5% of 

overall expression variation for all genes and all datasets (Fig. 2.8). Thus, over all technology 

platforms, modeling gene expression as a function of the abundance of astrocytes, 

oligodendrocytes, microglia, and neurons achieved ~72% of the maximal explanatory power of 

any four predictors, and ~80% when restricted to RNAseq (Fig. 2.8). 

 

Figure 2.8 | Gene expression modeling in human brain. Total percent variance explained (mean 

adjusted r2) for ~9600 genes whose expression levels were modeled as a function of inferred astrocyte, 

oligodendrocyte, microglia, and neuron abundance in each of 47 human brain transcriptomes (subset to 40 

samples; values are mean + / - 2 s.e.m. from 10 permutations). Black line denotes the percent variance 

explained when gene expression is modeled as a function of the top four principle components. 

 

We reasoned that model performance for RNAseq datasets might exceed performance for 

microarray datasets since the latter have many probes for transcripts that are unlikely to be 
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expressed in CNS tissues. To test this hypothesis, we stratified genes according to their absolute 

expression levels and examined model performance. As expected, we found that predictive 

power decreased at lower expression levels, with the sharpest decrease between the third and 

fourth expression quartiles (Fig. 2.7D). 

We next asked how gene expression variation related to variation in the abundance of 

individual cell types. We found that neuronal abundance explained substantially more variation 

in gene expression than glial abundance (Fig. 2.7E). To explore the effects of other covariates on 

model performance, we also examined the influence of gender and age. After controlling for 

variation in the abundance of major cell types, we did not observe substantial improvement in 

model performance by incorporating gender and age as model covariates (Fig. 2.7E). To further 

explore this topic, we calculated the correlations between the estimated abundance of each cell 

type and age in 33 CNS datasets. We found that estimates of neuronal and oligodendroglial 

abundance were negatively correlated with age, while astrocytic and microglial abundance were 

positively correlated with age (Fig. 2.7F). These findings suggest that the large number of age-

related changes in gene expression that have been observed in bulk CNS transcriptomes (Lu et 

al. 2004; Werling et al. 2016) are primarily driven by changes in cellular composition with age. 

2.4.5 Gene expression modeling applications 

The ability to predict gene expression levels in transcriptomes generated from bulk tissue 

samples carries substantial implications for many areas of biological inquiry. We illustrate the 

relevance of this approach for studying neurobiological systems through comparative analysis of 

gene expression models in disease, among neurotypical brain regions, and between species. 

2.4.5.1 Application #1: Contextualizing disease genes and modeling gene expression in 
Alzheimer’s disease 
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Genetic association studies have identified hundreds of alleles that confer elevated risk for 

developing diverse CNS diseases. However, even when these alleles occur within known genes, 

the identities of the cell types in the human brain that normally express these genes are often 

unknown. Using a curated database of results from genetic association studies (Yu et al. 2010), 

we asked whether genes that have been associated with CNS diseases were enriched among 

genes primarily expressed by microglia, astrocytes, oligodendrocytes, or neurons (Fig. 2.9A-B). 

Clustering of select CNS diseases by enrichment P-values revealed several interesting findings. 

First, with the exception of ALS, genes associated with neurodegenerative and autoimmune 

disorders were most enriched among genes expressed by microglia and astrocytes. Second, genes 

associated with developmental disorders, epilepsy, and psychiatric disorders were most enriched 

among genes expressed by astrocytes and neurons. Third, among all cell types, genes expressed 

by astrocytes consistently showed the greatest enrichment with candidate CNS disease genes. 

 Beyond broad associations between diseases and cell types, gene expression modeling 

can also reveal which cell type is most likely to express a candidate disease gene. To illustrate 

this approach, we modeled gene expression for four Alzheimer’s disease (AD) risk genes (Karch 

et al. 2014) as a function of neuronal, oligodendroglial, astrocytic, and microglial abundance in a 

dataset consisting of neurotypical samples from adult human temporal cortex (Fig. 2.9C). 

Expression levels of the early-onset AD risk genes APP and PSEN1 were mostly explained by 

neuronal and oligodendroglial abundance, respectively. In contrast, expression levels of the late-

onset AD risk genes APOE and TREM2 were mostly explained by astrocytic and microglial 

abundance, respectively. These results were highly consistent across 47 regional datasets (Fig. 

2.9D). 
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Figure 2.9 | Gene expression modeling offers new avenues for studying diseases that affect the 

human brain. A) Venn diagram of genes that were significantly associated with a cell type in a majority 
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of human regional transcriptomes (P < 8.37x10-9, corresponding to a Bonferroni correction based on the 

total number of gene models). B) Enrichment analysis (Fisher's exact test) of genes from (A) with human 

disease genes from the Phenopedia database (Yu et al. 2010). Q-values correspond to P-values corrected 

for multiple comparisons by controlling the false-discovery rate (FDR; (Storey & Tibshirani 2003)). C) 

Modeling results in human temporal cortex (TCX ABI) for four Alzheimer's disease (AD) risk genes. D) 

Modeling results for the same AD risk genes in (C) but for all regional transcriptomes with at least 40 

samples (n = 47). E) Consensus transcriptional signatures (top 10 genes) were used to estimate the 

relative abundance of neurons, astrocytes, microglia, and oligodendrocytes in dorsolateral prefrontal 

cortex (DLPFC) samples from control (CTRL) and AD subjects (B. Zhang et al. 2013) as illustrated in 

Fig. 4A. P-values indicate the significance of differences in estimated cellular abundance between CTRL 

and AD (Wilcoxon rank sum test). F) Gene expression modeling in three independent datasets (B. Zhang 

et al. 2013; Cribbs et al. 2012; Hokama et al. 2014) identifies neuron-specific expression changes in AD 

after controlling for cellular abundance (FDR < 0.1 based on 100 permutations of sample labels; 

Methods). G) An example of one such gene: expression levels of PSMD12 are predicted much more 

accurately by modeling as a function of neuronal abundance in AD vs. CTRL. Dataset 1 – 3 denote Zhang 

et al. 2013, Cribbs et al. 2012, and Hokama et al. 2014, respectively. 

  

Predictive modeling of gene expression also enables hypothesis testing in pathological 

specimens. For example, compared to control (CTRL) human brain samples, AD samples are 

expected to contain fewer neurons and proportionately more glial cells. We tested this hypothesis 

by analyzing three independent gene expression datasets generated from postmortem brain 

samples of CTRL and AD subjects (B. Zhang et al. 2013; Cribbs et al. 2012; Hokama et al. 

2014). Notably, none of the CTRL samples in these studies contributed to our previous analyses. 

We used the expression patterns of high-fidelity genes to infer the relative abundance of neurons, 

astrocytes, microglia, and oligodendrocytes in CTRL and AD samples. As expected, we 

observed a highly significant decrease in neuronal abundance in AD in all three datasets (Fig. 

2.9E, Fig. 2.10A-B). In two out of three datasets, there was also a significant increase in the 

relative abundance of astrocytes and microglia in AD, with a similar trend in the third dataset 
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(Fig. 2.9E, Fig. 2.10A-B). Interestingly, we did not observe a significant difference in 

oligodendrocyte abundance between CTRL and AD samples in any dataset (Fig. 2.9E, Fig. 

2.10A-B). 

 Because AD brain samples tend to have fewer neurons and more astrocytes / microglia 

than CTRL brain samples, differential expression analysis of bulk tissue specimens will reveal 

down-regulation of neuronal transcripts and up-regulation of astrocytic / microglial transcripts 

(Srinivasan et al. 2016). However, predictive modeling can control for variation in cellular 

abundance and identify cell-intrinsic transcriptional differences between CTRL and AD that are 

independent of changes in cellular composition. This strategy is analogous to that proposed by 

Kuhn et al. (Kuhn et al. 2011), except that here we use expression patterns of high-fidelity genes 

to estimate cellular abundance. Surprisingly, after controlling for differences in cellular 

composition, we identified a large number of genes whose expression levels were up-regulated in 

AD neurons (Fig. 2.9F). These genes did not include canonical AD risk genes (Fig. 2.10C), but 

rather included genes that are involved in processes such as protein ubiquitination, catabolism, 

proteasome degradation, and DNA damage response (Fig. 2.20D), suggesting efforts by AD 

neurons to mitigate the effects of misfolded protein aggregates. An example of one such gene 

(proteasome 26S subunit non-ATPase 12, or PSDM12) is shown in Fig. 2.9G, and additional 

examples are reported in Fig. 2.10. 
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Figure 2.10 | Gene expression modeling in Alzheimer’s disease (AD). A,B) Consensus transcriptional 

signatures (top 10 genes) were used to estimate the relative abundance of neurons, astrocytes, microglia, 
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and oligodendrocytes in samples from control (CTRL) and AD subjects as illustrated in Fig. 4A. Data in 

(A) consist of FCX, TCX, PCX, and HIP samples (Cribbs et al. 2012). Data in (B) consist of FCX, TCX, 

and HIP samples (Hokama et al. 2014). P-values indicate the significance of differences in estimated 

cellular abundance between CTRL and AD (Wilcoxon rank sum test). C) Adjusted r2 values of AD risk 

genes (Karch et al. 2014) from individual cell-type models calculated separately in CTRL and AD 

samples in three independent datasets: GSE38350 (Cribbs et al. 2012), GSE44770 (B. Zhang et al. 2013), 

GSE36980 (Hokama et al. 2014). Gene order was determined by hierarchical clustering. D) Enrichment 

analysis of significant up-regulated neuron genes in AD. E) Enrichment analysis of significant up-

regulated microglia genes in AD. Benjamini and Hochberg corrected q-values are displayed. F) 

Expression levels of HTRA1 are predicted much more accurately by modeling as a function of astrocyte 

abundance in CTRL vs. AD. G) Expression levels of PYCARD are predicted much more accurately by 

modeling as a function of microglia abundance in AD vs. CTRL. Dataset 1 – 3 denote the following 

studies: Zhang et al. 2013, Cribbs et al. 2012, Hokama et al. 2014, respectively. Black lines in D and E 

denote q-value = 0.05. 

2.4.5.2 Application #2: Identifying transcriptional differences in major cell types among CNS 

regions 

The functional and cytoarchitectonic diversity among CNS regions reflects variation in the 

identities and activities of neurobiological cell types. Although regional heterogeneity among 

neurons is well established, the extent of regional heterogeneity among glia is less well 

understood. To explore this topic, we recalculated expression fidelity separately for each cell 

type in each CNS region represented by at least three independent datasets. We then clustered 

CNS regions based on the similarity of genome-wide gene expression fidelity for each cell type 

(Fig. 2.11A-D). As expected, regional differences in expression fidelity were greatest for 

neurons, with a clear bifurcation between cortical and subcortical structures (Fig. 2.11D-E). In 

contrast, expression fidelity for oligodendrocytes was very similar among brain regions (Fig. 

2.11B,E). Comparatively, microglia and astrocytes exhibited more regional variation in 
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expression fidelity than oligodendrocytes, but less than neurons (Fig. 2.11A,C,E).

 

Figure 2.11 | Regional variation in expression fidelity and differential gene modeling provide 

evidence for astrocyte heterogeneity in the human brain. (A-D) Hierarchical clustering of human brain 

regions (excluding cerebellum) based on Pearson correlations among regional expression fidelity for each 

cell type (n = 18,402 genes). Each regional signature represents the consensus of at least three 

independent datasets (Methods). E) Distributions of correlations reported in (A-D). F) Workflow to 
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predict regional expression differences in specific cell types. Significance threshold: P < 2.67x10-8 

(corresponding to a Bonferroni correction based on the total number of gene models). G) Schematic of 

analyzed brain regions: frontal cortex (FCX), striatum (STR), hippocampus (HIP), diencephalon (DI), and 

midbrain (MID). H) The number of region-specific genes that were conservatively predicted for each cell 

type. I) Genes predicted to be expressed by human astrocytes in restricted brain regions. J) Modeling of 

CHRDL1 (candidate from (I)) and ALDH1L1 (positive control) as a function of inferred astrocyte 

abundance in example transcriptomes (FCX and DI from ABI). K) Modeling results for the same genes 

from three independent datasets (ABI, GTEx, and GSE46706). Error bars denote s.e.m. L) Single-

molecule FISH of Chrdl1 and Aldh1l1 in mature mouse brain (postnatal day 30). Scale bar: 20µm. 

 

 We developed a conservative strategy (Fig. 2.11F) to identify genes that were predicted 

to be expressed by major cell types in some brain regions but not others (Fig. 2.11G). We 

focused on genes whose expression levels were: i) significantly explained by the inferred 

abundance of a cell type in region 1 but not region 2, and ii) substantially higher in region 1 

versus region 2. We also required that these criteria were met in three independent datasets (Fig. 

2.11F). Using this approach, we identified a large number of genes that were predicted to be 

expressed in a regionally heterogeneous fashion in neurons (Fig. 2.11H, Fig. 2.12). Using in situ 

hybridization data from the Allen Institute for Brain Science (Lein et al. 2007), we confirmed 

that many of the predicted expression patterns for these genes are present in mice (Fig. 2.12C-H). 

Consistent with previous reports (Hawrylycz et al. 2015), we found that voltage-gated potassium 

channel subunits were highly enriched among this group (Fig. 2.12B). 
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Figure 2.12 | Differential gene modeling identifies region-restricted neuron genes. A) Genes 

conservatively predicted to be expressed by human neurons in restricted brain regions: FCX, STR, HIP, 

DI, MID. Depicted genes were differentially modeled (same criteria as Fig. 6F-I; methods) and 

differentially expressed by greater than 30 %-tile units in region 1 vs. region 2. B) Enrichment analysis of 

regional neuron genes. Benjamini and Hochberg corrected q-values are shown. Black line denotes q-value 

= 0.05. V.G.: Voltage gated; sig.: signaling. C-H) Examples of differentially modeled regional neuron 
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genes. Gene expression is modeled as a function of estimated neuronal abundance in samples from each 

brain region. Data in (C, D, G) are from ABI (Hawrylycz et al. 2015). Data in (E, F) are from GSE46706 

(Ramasamy et al. 2014). Data in (H) are from GTEx (The GTEx Consortium et al. 2015). Also displayed 

are ABI mouse in situ images of the indicated genes (Lein et al. 2007). 

 Using the same criteria, we did not identify any genes that were predicted to be expressed 

in a regionally heterogeneous fashion in microglia or oligodendrocytes (Fig. 2.11H). However, 

we did identify genes whose expression was predicted to distinguish astrocytes across brain 

regions. (Fig. 2.11H-I). For example chordin-like 1 (CHRDL1) was predicted to be expressed by 

astrocytes in frontal cortex and striatum, but not by astrocytes in diencephalon and midbrain 

(Fig. 2.11I-K). To test this prediction, we performed single-molecule fluorescent in situ 

hybridization (FISH) for Chrdl1 and Aldh1l1 in cortical and thalamic samples from mouse brain 

(Table 3). Aldh1l1 is expressed ubiquitously in astrocytes (Cahoy et al. 2008) and was detected 

in mouse cortex and thalamus (Fig. 2.11J-L). Expression of Chrdl1 colocalized with Aldh1l1 in 

mouse cortex, but was not detected in mouse thalamus (Fig. 2.11L), as expected. 

2.4.5.3 Application #3: Identifying transcriptional differences in CNS cell types between species 

Failures to translate successful therapies for brain disorders from mice to humans may reflect 

unappreciated distinctions between human and mouse neurobiology at cellular and molecular 

levels. Therefore, identifying conserved and distinct aspects of gene expression in mouse and 

human CNS cell types is an important goal (Lui et al. 2014). To address this topic, we acquired 

over 1000 transcriptomes from diverse regions of wild-type mouse brains by aggregating data 

from published studies (Table 2), which were generated using five commercial microarray 

platforms and RNAseq. Using the same strategy that we applied to human data (Fig. 2.1), we 

calculated genome-wide estimates of expression fidelity for astrocytes, oligodendrocytes, 
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microglia, and neurons in mice (Fig. 2.13). Over all homologous genes, expression fidelity was 

significantly correlated between the species for each cell type, with the greatest similarity for 

neurons (Fig. 2.14A).  

We applied stringent criteria to identify transcriptional differences in CNS cell types 

between humans and mice. Specifically, we required that a gene was: i) significantly associated 

with the same cell type in a majority of datasets in species 1 (with the median adjusted r2 value 

for that cell type >= 0.4); ii) not significantly associated with the same cell type in species 2 

(with the median adjusted r2 value for that cell type <= 0.05); and iii) expressed substantially 

higher in species 1 vs. species 2 (with a mean expression percentile difference > 30). Using these 

criteria, we identified 46 genes that were predicted to be ‘on’ in human CNS cell types and ‘off’ 

in the corresponding mouse CNS cell types (Fig. 2.14B). Only seven genes were predicted to be 

‘on’ in mouse CNS cell types and ‘off’ in human CNS cell types (Fig. 2.14B), which may reflect 

the smaller number of mouse transcriptomes that were analyzed. 
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Figure 2.13 | Integrative coexpression analysis of mouse brain transcriptomes reveals consensus 

transcriptional identities of astrocytes, oligodendrocytes, microglia, and neurons. A-D) Left: 
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consensus gene expression fidelity distributions for mouse astrocytes (A), oligodendrocytes (O), 

microglia (M), and neurons (N). Canonical markers of each cell type are labeled in red (A), blue (O), 

black (M), and green (N). Right: gene expression fidelity distributions for published cell type markers 

(A1, O1, M1, N1: Zhang et al. 2014; A2, O2, N2: Cahoy et al. 2008; M2: Butovsky et al. 2014; A3, O3, 

N3: Lein et al. 2007; M3: Hickman et al. 2013) were cross-referenced with high-fidelity genes from each 

consensus signature (t-stat > 20). Gray shading denotes significant enrichment (Fisher's exact test). E-F) 

The top 50 genes ranked by consensus expression fidelity for astrocytes, oligodendrocytes, microglia, or 

neurons. Expression levels represent averages of mean percentile ranks for all datasets where gene data 

were present. PubMed citations were obtained by queries with gene symbol and 'brain' or gene symbol 

and cell type (e.g. gene symbol and 'astrocyte'). Cellular localization data were extracted from the 

COMPARTMENTS database (Binder et al. 2014). Predicted protein-protein interactions (PPI) were 

obtained from STRING (Szklarczyk et al. 2015). A link is shown if the combined score between two 

proteins was > 350. 
 

Surprisingly, ~85% of predicted transcriptional differences between humans and mice 

occurred in glial cells (Fig. 2.14B). Because these differences can reflect an evolutionary gain of 

expression in one species or a loss of expression in the other, we analyzed gene expression data 

from outgroup samples of chimpanzee and rhesus macaque brains (Table 2). For example, 

MRVI1 encodes a putative regulator of IP3-induced calcium release (Schlossmann et al. 2000) 

that was significantly associated with human but not mouse astrocytes (Fig. 2.14B). Expression 

variation of MRVI1 was largely explained by variation in astrocyte abundance in humans, 

chimpanzees, and macaques, but not mice (Fig. 2.14C-D). Conversely, PLA2G7, which encodes 

a secreted enzyme that catalyzes the degradation of platelet-activating factor, was significantly 

associated with mouse but not human astrocytes (Fig. 2.14B). Expression variation of PLA2G7 

was largely explained by variation in astrocyte abundance in mice, but not in humans, 

chimpanzees, or macaques (Fig. 2.14C-D). To validate these predictions, we performed single-

molecule FISH for MRVI1 and PLA2G7 in human and mouse cortex (Fig. 2.14E-F, Table 3). 
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These results confirmed that expression of MRVI1 and PLA2G7 is specific to human and mouse 

astrocytes, respectively. 
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Figure 2.14 | Gene expression modeling identifies cell type-specific transcriptional differences 

between humans and mice. A) Comparison of gene expression fidelity between human (n > 56 datasets) 
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and mouse (n > 7 datasets) for each cell type (n ~ 16,500 homologous genes). B) Genes that were 

differentially expressed and significantly associated with a cell type in one species but not the other 

(Methods). Expression levels are from independent datasets (Y. Zhang et al. 2014; Y. Zhang et al. 2016) 

that were not used to identify species differences. PubMed citations were obtained by queries with gene 

symbol and cell type (e.g. gene symbol and 'astrocyte'). Cellular localization data were extracted from the 

COMPARTMENTS database (Binder et al. 2014). C) Examples of gene expression modeling results 

using human, chimpanzee, macaque, and mouse brain transcriptomes (Human: PCX, ABI (Hawrylycz et 

al. 2015); Chimp: FCX (Khaitovich et al. 2005; Franz et al. 2005; Khaitovich et al. 2006; Somel et al. 

2009); Macaque: CTX, ABI (Bernard et al. 2012); Mouse: CTX, HIP, and CB (Matarin et al. 2015)). 

SLC1A3 is predicted to be expressed by astrocytes in all species, MRVI1 by astrocytes in primates but not 

mice, and PLA2G7 by astrocytes in mice but not primates. D) Astrocyte modeling results and mean 

expression percentiles for genes in (C) from all brain transcriptomes in all species. Error bars denote 

s.e.m. E-F) Single-molecule FISH for MRVI1 and ALDH1L1 (E) and PLA2G7 and ALDH1L1 (F) in 

human and mouse cortex. Scale bar: 20µm. 

2.5 Discussion 

2.5.1 Human CNS cell-type identity 

A major goal of neurobiological research is to elucidate the molecular composition of human 

CNS cell types. We have developed a bioinformatics approach to determine the core 

transcriptional state of a cell, by quantifying gene expression fidelity, which reveals the genes 

that are most consistently and specifically expressed in a cell type of a given tissue. We 

calculated fidelity for astrocytes, oligodendrocytes, microglia, and neurons by analyzing gene 

coexpression relationships in over 7000 human, 1000 mouse, and 450 non-human primate CNS 

samples. To the best of our knowledge, this is the largest and most extensively characterized 

collection of CNS transcriptomes to date, and our hope is that this resource will enable a broad 

range of studies linking gene expression phenotypes to cellular functions. 
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Our analysis of bulk tissue gene expression data exemplifies how variation in cellular 

composition across samples can be leveraged to identify the most consistent transcriptional 

patterns in CNS cell types of interest. Our work directly complements single-cell approaches, 

which because of sampling limits are more suited to describing transcriptional dynamics of 

cellular states. Due to the relative ease of obtaining bulk tissue transcriptional measurements, we 

envision future studies that combine the benefits of bulk tissue and single-cell approaches to 

fully deconstruct the transcriptional architecture of a given tissue. Although we highlight 

signatures for the major CNS cell types, it will be important to determine gene expression 

fidelity for other cell types that are present in the brain, such as endothelial cells and inhibitory / 

excitatory neuronal subtypes. In principle, our approach is generalizable to any tissue and cell 

type of interest. 

2.5.2 Gene expression variation in the human CNS 

Since most genes are expressed in differing amounts across multiple cell types in the CNS, the 

abundance of any transcript will be confounded by the cellular composition of the sample. The 

measured abundance of a transcript in a sample can thus be broken down into three major 

components:  (i) biological variation of the sample (e.g. disease, age, genetics, etc.), (ii) technical 

measurement variation, and (iii) the expression of the gene as a function of the cell type 

constituents in the sample. The relevant contribution of each component to CNS gene expression 

variation was previously unknown due to the difficulties of determining cellular abundance on a 

sample-by-sample basis. Having identified the optimal biomarkers for astrocytes, 

oligodendrocytes, microglia, and neurons in the human CNS we were able to estimate the 

relative abundance of each cell type across samples, in an analogous manor to cell-type 

deconvolution methods that have been used in other systems (Abbas et al. 2009; Kuhn et al. 
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2011; Newman et al. 2015). Using a predictive gene expression-modeling framework, we 

determined that the majority of explainable gene expression variation in the CNS is due to 

changes in cellular composition. Surprisingly, sample age and gender provided little explanatory 

power in predicting gene expression. These results have important implications for gene 

expression studies that attempt to determine transcriptional differences between conditions, 

highlighting the necessity of including cell-type composition estimates into the analysis. Future 

studies incorporating estimates of other CNS cell types as well as other biological factors (e.g. 

individual genotype) will be essential for defining the extent of gene expression variation that 

can be explained by known covariates. 

2.5.3 Cell-type specific expression models in health and disease 

With our identified estimates of relative cellular abundance across CNS samples, we were able to 

statistically model the expression of each gene as a function of astrocyte, oligodendrocyte, 

microglia, and neuron specific expression. Thus, for every gene we determined what proportion 

of its gene expression variation was explained by the abundance of a given cell type and the 

corresponding statistical significance of the association in individual human CNS regional 

datasets. Many more genes displayed neuron specific expression compared to astrocytes, 

oligodendrocytes, and microglia, which potentially reflects the greater cellular diversity of 

neurons and / or the more transcripts produced per neuron compared to glial cells (Zeisel et al. 

2015). Interestingly, we observed that neuronal genes tended to be enriched for genes linked to 

neurodevelopmental disorders (e.g. autism, epilepsy, schizophrenia) whereas astrocytes and 

microglia genes were associated with genes implicated in neurodegenerative disorders (e.g. AD, 

tauopathies, and Parkinson’s disease). This is consistent with other work demonstrating the 

involvement of microglia in AD pathogenesis (B. Zhang et al. 2013; Gjoneska et al. 2015) and of 
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early developmental mechanisms in autism (Willsey et al. 2013; Parikshak et al. 2013). Our 

study provides a rich resource for investigators seeking to reveal the association of disease risk 

genes with different cell-types in distinct brain regions. 

Our strategy allows investigators to go beyond differential expression of bulk tissue samples 

in case-control studies to revealing the changes in cell-type specific expression associated with 

disease. As proof of concept, we highlighted the power of our approach by applying it to AD. 

We showed that by incorporating cell type abundance estimates into gene expression models we 

could recapitulate the expected loss of relative abundance of neurons between control and 

disease tissue. Importantly, we identified many genes that were differentially associated with 

distinct cell types in AD, featuring a pervasive increase association of proteasome related genes 

in neurons from AD tissue. We did not observe any evidence for differential association of AD 

risk genes between control and disease samples. This suggests that altered basal cell type 

expression of risk genes in AD is not a primary driver of disease, although future work is needed, 

as diverse mechanisms are likely involved in disease pathogenesis. More broadly our work 

highlights the relevant cell types for future mechanistic studies that attempt to attribute genetic 

signals to down stream pathogenic pathways. 

2.5.4 Regional diversity of CNS cell types 

As the topic of CNS cellular diversity becomes increasingly explored, an unresolved question 

has been to what extent non-neuronal cell types exhibit expression differences across brain 

regions. For example, emerging work in mice has demonstrated functional and transcriptional 

heterogeneity in microglia (Grabert et al. 2016) and astrocytes (Molofsky et al. 2014; Martín et 

al. 2015; Farmer et al. 2016), although evidence in humans has been lacking. As expected, we 

determined that neurons are by far the most heterogeneous cell type across CNS regions in 
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humans. However, we found that astrocytes also demonstrated significant levels of regional 

differences in gene expression. We observed much less evidence for microglia and 

oligodendrocyte regional expression differences. One limitation of this analysis is the focus on 

binary differences (e.g. on versus off) in cell type expression. There are likely to be more subtle 

quantitative differences in cell type expression between CNS regions, as has been shown for 

mouse microglia (Grabert et al. 2016), that we were unable to detect with our current approach. 

To the best of our knowledge, this is the first demonstration of regional expression differences of 

astrocytes in the human brain. 

2.5.5 Species-specific cell type expression 

Previous studies have reported many differences in CNS gene expression regulation across 

species. Our analysis extends previous work by explicitly identifying cell-type specific 

expression across a larger number of samples, CNS regions, homologous genes, species, and 

technology platforms. We found that neuron expression fidelity was more preserved between 

humans and mice as compared to astrocytes, oligodendrocytes, and microglia, which is in 

agreement with previous work (J. A. Miller et al. 2010; Hawrylycz et al. 2015). On a gene-by-

gene basis we also identified cell-type conservation and divergence among humans, 

chimpanzees, macaques, and mice. Using a stringent criteria to identify alterations between 

human and mouse cell types, we found many robust differences in astrocytes and 

oligodendrocytes and fewer differences in microglia and neurons. Although our analysis 

provides further evidence for the idea that human glia are more diverged than neurons with 

respect to mouse cell types (Oberheim et al. 2009), there are other potential interpretations to 

consider. Since different cell types are more or less abundant, conclusions about the extent of 

conservation between species could be confounded by our ability to detect changes in distinct 
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cell types. For example, given that there are more neurons than microglia on average in the CNS 

we may have been underpowered to identify microglia relative to neuron specific changes 

between species; however, this would argue that we would find more neuronal differences, 

which was not the case. In general, multiple lines of independent evidence should be considered 

when making a conclusion about the absence of expression of a specific gene in a given cell type 

(e.g. multiple datasets, differential expression, histological validation). Our work provides an 

important starting point for researchers seeking evidence of cell-type specific expression for 

candidate genes across diverse mammalian species. 
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3. Kir4.1-dependent astrocyte-fast motor neuron interactions 

specify peak strength 

 

3.1 Abstract 

The coordinated control of muscle contraction requires the involvement of distinct sub-classes of 

spinal cord motor neurons. The largest of these, fast α−motor neurons, target fast-twitch muscle 

fibers that generate peak strength and are selectively vulnerable in amyotrophic lateral sclerosis 

(ALS). While motor neuron diversity is a functional necessity, it is unknown what roles 

astrocytes play in the maintenance of these varied outputs. Here we show that astrocytes adjacent 

to motor neurons express a VGlutT1-dependent developmental upregulation of the inward 

rectifying potassium channel, Kir4.1, with maximal expression around fast α−motor neurons. 

Although loss of astrocyte-encoded Kir4.1 was predicted to affect all motor neurons, we found it 

was selectively required for the maintenance of fast α−motor neuron size and 

electrophysiological properties. In addition, animals displayed markedly reduced peak strength 

and loss of large fast-twitch muscle fibers. Downregulation of Kir4.1 was observed in an ALS 

mouse model. However, loss of Kir4.1 did not increase fast α−motor neuron death even when 

intercrossed with an ALS mutant allele of superoxide dismutase. These findings demonstrate that 

the maintenance of motor neuron functional diversity is dependent upon astrocytes and more 

generally suggest that astrocyte-neuron interactions are essential for establishing heterogeneous 

neuronal outputs. 
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3.2 Introduction 

Astrocytes (AS) of the central nervous system (CNS) are required for maintenance of the 

blood-brain barrier, synaptogenesis, metabolic regulation and ion and neurotransmitter 

homeostasis (Allen & Barres 2009; Matyash & Kettenmann 2010; Allen 2014). They are 

pervasive throughout the CNS and provide support to a diverse array of regional neural circuits. 

Differences in AS morphology (Oberheim et al. 2012) and transcriptional profiles 

(Cahoy et al. 2008; Doyle et al. 2008; Y. Zhang et al. 2014) suggest that the population 

comprises distinct subtypes with potentially varied functional outputs (Khakh & Sofroniew 

2015). Prior studies have shown region-restricted developmental mechanisms for AS (Muroyama 

et al. 2005; Hochstim et al. 2008; Tsai et al. 2012) that might generate functional sub-types 

adapted to diversified neurons in the mature brain (Farmer et al. 2016). For example, we have 

shown that ventral spinal cord AS-encoded Sema3a expression is essential for the survival of 

alpha motor neurons (αMNs) (Molofsky et al. 2014).  

Coordination of voluntary movement is complex and requires multiple MN sub-types that 

form muscle-specific pools (Kanning et al. 2010). Slow αMNs project to type I muscle fibers and 

generate fatigue-resistant low force contractions while fast αMNs project to type II muscle fibers 

and produce brief high force outputs (ECCLES et al. 1957; Burke et al. 1971). The 

morphological, transcriptional and biophysical properties of these MN types match their 

corresponding muscle contractile properties (HENNEMAN 1957; Kernell 1966; Müller et al. 

2014). For example, fast αMNs are larger, are activated at higher thresholds and fire action 

potentials in high frequency bursts (Hadzipasic et al. 2014). Recent studies show that the 

function of transcription factor Dlk1 is required for fast αMN specification (Müller et al. 2014) 

and that metalloproteinase 9 (MMP9) marks and regulates this population in an amyotrophic 
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lateral sclerosis (ALS) mouse model. Indeed, early loss of fast αMNs in ALS is generally 

thought to cause initial clinical decline (Pun et al. 2006; Kanning et al. 2010; Kaplan et al. 2014). 

 

A role for local ventral horn AS to maintain the biophysical properties and function of fast 

and/or slow αMNs is unclear. To investigate this, we focused on the glial-restricted inward 

rectifying potassium channel Kir4.1, which has been shown to exhibit high levels of expression 

in spinal cord and ventral horn AS (Olsen et al. 2007; Nwaobi et al. 2014). In AS, Kir4.1 is the 

principal inward potassium channel and is important for potassium homeostasis, establishing the 

characteristic high resting potassium current, and setting the resting membrane potential (Olsen 

et al. 2006; Djukic et al. 2007; Seifert et al. 2009; Sibille et al. 2015). Interestingly, 

downregulation of AS Kir4.1 has been observed in diverse CNS pathologies including 

neuroinflammation (Zurolo et al. 2012; Schirmer et al. 2014) and ALS (Kaiser et al. 2006; 

Bataveljić et al. 2012).  

Here we show that AS Kir4.1 is required for maintenance, but not survival, of functional fast 

αMNs in spinal cord. We observed that AS Kir4.1 expression is developmentally upregulated 

and dependent on VGluT1 activity, paralleling motor system maturation, and that its expression 

in mature spinal cord is strongest surrounding fast αMNs. Surprisingly, conditional ablation of 

AS-encoded Kir4.1 (AS-Kir4.1cKO) lead to a selective and pervasive reduction in fast αMN size 

and loss of their characteristic high frequency action potential firing. Moreover, AS-Kir4.1cKO 

animals had striking deficits in peak strength and lost typical fast-twitch muscle fiber size. In 

contrast, slow αMNs and γMNs showed no obvious abnormalities, ruling out general effects on 

potassium buffering or trophic support. Despite loss of fast αMN function, their survival was 

intact until at least 6 months of age. Kir4.1 reduction was also observed in ALS model mice but 
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was found to be dispensable for MN survival. These findings support a model in which 

functional specialization of neuronal sub-types depends on surrounding AS.  

  

3.3 Methods 

3.3.1 Animals 

All mouse strains were maintained in the University of California San Francisco (UCSF) specific 

pathogen-free animal facility, and all animal protocols were approved by and in accordance with 

the guidelines established by the Institutional Animal Care and Use Committee and Laboratory 

Animal Resource Center. Aldh1l1-GFP transgenic mice were generated by the GENSAT project 

(Gong et al. 2003). The same methods and technology were used to generate Aldh1l1-cre mice as 

previously described (Tien et al. 2012). The Glt1-tdTomato transgenic mice were generated as 

previously described (Yang et al. 2011). The VGluT1 knockout mice were a gift from Dr. Robert 

Edwards (University of California, San Francisco). ChAT-GFP (MGI:3694555) mice were a gift 

from Dr. Roger Nicoll (University of California, San Francisco). SOD1G93A mice (Stock No: 

002726) were obtained from Jackson Laboratory. All mice were maintained on a 12 h light/dark 

cycle with food and water available ad libitum. Mice of either sex were used for all experiments. 

Mice were kept on a mixed background and littermate controls were used for all experiments. 

3.3.2 Immunohistochemistry 

Mice were transcardially perfused with PBS and 4% paraformaldehyde followed by post-fixation 

for 2 hours and cryoprotection in 30% sucrose for 48 hours at 4°C and embedded in optimal 
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cutting temperature (OCT) compound (Tissue-Tek). Cryosections (14µm) were collected on 

superfrost slides (VWR) using a Leica CM3050S cryostat. Cryosections were subjected to heat-

induced antigen retrieval in 10 mM sodium citrate (pH = 6) for 2##min and permeabilized and 

blocked for 1 hour at room temperature in PBS supplemented with 0.2% Triton X-100 and 10% 

serum. Primary incubations were overnight#at 4##°C. Washes (3 x 10min) and secondary 

incubations (1 hour) were performed at room temperature. Slides were mounted with DAPI 

Fluoromount-G (SoutherBiotech). Images were acquired on a Leica TCS SPE laser confocal 

microscope. Antibodies used included chicken GFP (Aves: GFP-1020, 1:500), rabbit Kir4.1 

(Alomone, APC035, 1:2000), goat ChAT (Millipore: AB144P, 1:200), goat MMP9 (Sigma: 

M9570, 1:500), mouse NeuN (Millipore: MAB377, 1:1000), mouse Myosin type 2 (Sigma: 

M4276, 1:400), rabbit Laminin (Sigma: L2020, 1:1000), mouse Myosin type 1 (Sigma: M8421, 

1:4000), rat GFAP (Invitrogen: 13-0300, 1:1000), guinea pig VGluT1 (Millipore: AB5905, 

1:5000), guinea pig VGluT2 (Millipore: AB2251, 1:5000), and rabbit Iba1 (Wako: 019-19741, 

1:5000). 

3.3.3 Motor neuron soma size and count analysis 

Images were acquired on a Leica TCS SPE laser confocal microscope using a 20x objective with 

2µm z-stacks. Motor neuron soma size and counts were performed at lumbar (L3-L4) levels. 

Soma size was determined by tracing the ChAT-GFP signal using ImageJ software. 

Measurements were performed on the optical section with the largest soma area and only on 

motor neurons that had a DAPI nucleus visible. Similarly, motor neurons were only counted if a 

DAPI nucleus was present. 

3.3.4 Astrocyte and synapse quantification 
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For Kir4.1 intensity measurements in Glt1-TdTomato labeled astrocytes, we first reconstructed 

astrocyte volumes as previously described (Morel et al. 2014). 3D reconstruction was performed 

using confocal Z-stack images with the surface tool in Imaris software. The volume size of 

individual astrocytes can be directly measured from generated 3D domains in Imaris. To quantify 

the Kir4.1 signal within each astrocyte domain, each domain was masked on the Kir4.1 channel 

by setting all pixel signals outside the masked cell domain to zero so that only Kir4.1 signal 

within the masked astrocyte domain remained. The Kir4.1 signal for each astrocyte domain was 

quantified using ImageJ software. Astrocyte labeling with Aldh1l1-GFP does not allow for full 

astrocyte volume reconstructions since Aldh1l1-GFP signal is restricted to the soma and primary 

processes. Thus, for Kir4.1 intensity measurements in Aldh1l1-GFP labeled astrocytes, we 

quantified signal on max intensity projections of 1µm z-stacks using cellular areas centered on 

the Aldh1l1-GFP positive astrocyte somas in ImageJ. Synaptic area coverage of VGluT1 and 

VGluT2 synapses were similarly obtained from max intensity projections of 1µm z-stacks using 

the analyze particle function in ImageJ. Thresholds were set identically for each image. 

3.3.5 Muscle histology and analysis 

Tibealis anterior (TA) muscle was isolated from mice that were transcardially perfused with PBS 

and then snap frozen in OCT with liquid nitrogen. Transverse cryosections of TA were prepared 

as described above. Tissue was fixed on slide with 4% PFA for 10 min prior to immunostaining 

as described above. Muscle fiber area was quantified by tracing the Laminin signal in ImageJ on 

from images obtained with a 20x objective. 

3.3.6 Flow cytometry 
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Postnatal day 5 spinal cords were microdissected using an “open book’ preparation to separate 

dorsal and ventral pieces. Meninges were removed then dissociated with papain (20 U ml-1, 

Worthington) for 80min at 33°C as described previously (Cahoy et al. 2008). Aldh1l1-GFP 

positive and negative cells were sorted as previously described (Molofsky et al. 2013) on a BD 

FACS Aria II and gated on forward/side scatter, live/dead by DAPI exclusion, and GFP, using 

GFP-negative and DAPI-negative controls to set gates for each experiment. 

3.3.7 Astrocyte cell culture 

Ventral and dorsal spinal cords from P0-1 mice were isolated and dissociated as above and 

described previously (Molofsky et al. 2014). Cells were plated at a density of >1#×#106 per 

25#cm2 flask in DMEM-hi glucose with 10% FCS/10#µM hydrocortisone, 5 µg#ml−1 N-

acetylcysteine, 2#µg#ml−1 insulin and 20#ng#ml−1 EGF. Six days after plating cells, flasks were 

shaken to remove oligodendrocyte contamination. At 8#days, AraC was added to kill rapidly 

proliferating cells. 10–12#days after initial plating, RNA was collected for Kir4.1 qPCR analysis. 

3.3.8 qPCR analysis 

RNA was isolated using TRIZOL reagent (Invitrogen), DNase-digested to remove genomic 

DNA, and purified using the RNAeasy Kit (Qiagen) according to manufacture’s instructions. 

Complementary DNA was generated using Superscript III (Invitrogen) and random hexamers. 

Primers used included Kir4.1 (forward: GTCGGTCGCTAAGGTCTATTACA; reverse: 

GGCCGTCTTTCGTGAGGAC) and βactin.(forward: TGGATCGGTGGCTCCATCCTGG; 

reverse: GCAGCTCAGTAACAGTCCGCCTAGA). qPCR was performed on a Roche 
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lightcycler 480 using Sybr Green Master Mix (Roche). Melt curves were analyzed to ensure 

primer specificity. 

3.3.9 Western blot 

Preparation of protein extracts, immunoblots and chemiluminescence detection was done as 

previously described (Kenney & Rowitch 2000). Fluorescent detection of proteins was carried 

out using the Li-Cor Odyssey system (Li-Cor, Lincoln NE) according to manufacturer’s 

instructions. Antibodies used include: Kir4.1  (rabbit polyclonal, Alomone) and βactin (mouse 

ascites, Sigma). 

3.3.10 Whole-cell patch clamp electrophysiology 

Acute fresh lumbar (L3–4) spinal cord slices were prepared from Aldh1l1-cre:Kir4.1fl/fl:ChAT-

GFP mice and Cre-negative littermate controls from P12–14 using previously described 

protocols and solutions (Mitra & Brownstone 2012). In brief, transverse slices (350-µm thick) 

were cut with a vibratome (Leica Microsystems) in a chamber filled with ice-cold sucrose cutting 

solution followed by a brief (60 s) incubation in polythethylene glycol (Mn = 1,900–2,200). The 

slices were then incubated in cutting solution at 35° C for 30#min followed by 30#min in artificial 

cerebrospinal fluid then equilibrated to room temperature. Whole-cell recordings were made 

using patch clamp amplifiers (Multiclamp 700B) under an infrared-differential interference 

contrast microscope. Data acquisition and analysis were performed using digitizers (DigiData 

1440A) and analysis software pClamp 10 (Molecular Devices). Signals were filtered at 6#kHz 

and sampled at 20#kHz. Glass pipettes with a resistance of 2.5–4#MΩ were filled with a K-

methanesulphonate internal solution. Series resistance (15–25#MΩ) was monitored throughout 
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the whole-cell recording and data were discarded if the change in series resistance was >20% 

during the course of the experiment. Astrocyte whole-cell patch recordings were performed in an 

identical manner as described above except we used Aldh1l1-GFP mice to label astrocytes and 

glass pipettes with higher resistances (4.5 - 6 MΩ) in order to record from smaller cells. 

3.3.11 Behavior analysis 

All behavioral experiments were performed at the UCSF Neurobehavioral Core for 

Rehabilitation Research. Peak force, gait analysis, and the open field test were done on the same 

cohort of adult animals whereas the Rotarod test was performed on a different cohort of P30 

animals. Maximum limb force was determined by measuring mouse forepaw grip strength using 

a force transducer (Ametek).  The grip strength of each mouse was measured four times each day 

and the highest measured value was scored.  The test was performed on five consecutive days, 

from which the average maximum force per animal was computed. The Catwalk apparatus 

(Noldus) consists of a 1.3m glass plate and two side barriers, forming a straight tunnel.  In a dark 

room, the mouse walks across the glass plate and a high-speed camera from underneath captures 

its footprints. The animal’s home cage was placed at one end of the glass plate and the animal 

was placed on the opposite end, allowing it to walk freely across the runway into its home cage. 

A training period of two days was used to acclimatize the animals to the training apparatus and 

to train the animals in the task. On the third day, three complete trials were recorded per animal. 

A trial was regarded as complete if the animal walked across the recorded area without stopping 

significantly or turning around. Gait analysis and verification of each recorded trial was done 

manually using CatWalk 7.1 software. The open field test (Kinder-Scientific) was used to assay 

overall activity. The field was divided up into zones monitored by video tracking software.  Data 

collected includes active time, distance traveled, rearing time, time along the perimeter of the 
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field, and time spent in the center. Each mouse was tested in the open field apparatus undisturbed 

for ten minutes. The rotarod (Ugo Basile) test was performed on a rotating rod that accelerated 

from 0-40 rotations per minute (rpm) in during a 5-minute period in order to assess for motor 

deficits. The task requires the mouse to balance on the rod and the time on the rod over the 

session is recorded. Animals were tested 3 times per day for 3 consecutive days. 

3.4 Results 

3.4.1 Expression of Kir4.1 in ventral horn astrocytes is concentrated around fast MNs 

To identify regions with the highest Kir4.1 expression, we analyzed mRNA profiling data from 

mouse CNS (Kasukawa et al. 2011) and RNA-sequencing data from human CNS (The GTEx 

Consortium et al. 2015). We found that Kir4.1 levels vary by over 5-fold across CNS regions 

with the highest expression in spinal cord in both humans and mice (Fig. 3.1A,B). Given the 

enriched expression of Kir4.1 mRNA in spinal cord, we focused our investigation on this region. 

The spinal cord has a well-defined organization along the dorsal-ventral axis with choline 

acetyltransferase (ChAT)+ MNs located within the ventral horn (Fig. 3.1C). Strikingly, AS 

Kir4.1 showed marked expression in gray matter with particularly notable enrichment in ventral 

horn directly adjacent to MNs (Fig. 3.1C,D), as previously described (Olsen et al. 2007). To 

determine the cell-type contributions to Kir4.1 expression in spinal cord, we performed 

immunohistochemistry with AS labeled Aldh1l1-GFP mice (Tien et al. 2012) along with known 

markers of oligodendrocytes and neurons. We found Kir4.1 to be expressed by all AS and 

approximately 30% of oligodendrocytes in ventral horn but not in NeuN+ or ChAT+ neurons 

(Fig. 3.1C, Fig. 3.2A), which is consistent with a greater than 8 fold enrichment of Kir4.1 mRNA 

in FACS isolated ventral AS compared to non-AS (Fig. 3.1F) and RNA-sequencing data from 
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isolated CNS cell types (Fig. 3.2B). Ventral enrichment of AS Kir4.1 mRNA was also evident in 

AS derived cultures and Aldh1l1-GFP+ FACS isolated AS (Fig. 3.1E). Moreover, enrichment of 

ventral AS Kir4.1 was found in the adult human spinal cord (Fig. 3.2C,D). 

MNs within the ventral horn are functionally diverse with intermingled smaller slow 

muscle fiber-type projecting MNs as well as larger fast muscle fiber-type projecting MNs 

(Kanning et al. 2010). Recent observations demonstrate that matrix matalloprotease-9 (MMP9) is 

expressed by fast αMNs (Kaplan et al. 2014). Interestingly, within the ventral horn Kir4.1 

appeared to have a graded expression pattern with highest levels surrounding large MMP9+ fast 

MNs (Fig. 1G). Together, these findings suggest that heterogeneity of AS Kir4.1 expression 

exists at different scales: broad regional differences (i.e., ventral horn vs. dorsal horn) as well as 

at finer cellular resolution (e.g., fast vs. slow MNs). 
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Figure 3.1 | Kir4.1 is highly expressed in ventral horn astrocytes around large fast MNs. A-B) Kir4.1 

mRNA is enriched in spinal cord (SC) compared to other CNS regions in mice (Kasukawa et al. 2011) 
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and humans (The GTEx Consortium et al. 2015) (left: mean + sem; right: boxplot). C) Kir4.1 proteins are 

expressed in ventral lumbar SC Aldh1l1-GFP+ AS around ChAT+ MNs at P16. High powered image of 

dorsal (i) and ventral (ii) horn. D) Increased ventral (V) compared to dorsal (D) Kir4.1 protein by western 

blot from lumbar SC at P30 (n = 4, mean + sem, student’s t-test). E) Kir4.1 qPCR in ventral compared to 

dorsal SC cultured AS (n = 6, boxplot) and P5 Aldh1l1-GFP+ FACS purified AS (n = 3, boxplot). F) 

Kir4.1 qPCR of Aldh1l1-GFP+ FACS purified AS compared to Aldh1l1-GFP- non-AS from ventral 

spinal cord (n = 3, boxplot). G) Higher detected Kir4.1 proteins around larger MMP9+ fast MNs 

compared to smaller MMP9- putative slow MNs at P30 (n = 4 animals, > 100 MNs, boxplot, student’s t-

test).*p < 0.05. ** p < 0.01. **** p < 0.0001. Edges of boxplots denote interquartile range (25th – 75th 

percentile) with whiskers denoting 1.5 times the interquartile range and black line denoting the median 

value. 

Figure 3.2 | AS are the main source of Kir4.1 with conservation in human spinal cord. A) 

Histological counts of Kir4.1 percent positive AS (Aldh1l1+), oligodendrocytes (Oligo2+/APC+), 

neurons (NeuN+), and MN (ChAT+) in ventral horn and white matter (WM) of lumber spinal cord at P16 

for AS counts and P30 for oligodendrocyte and neuron counts (n = 3). B) Kir4.1 mRNA is highly 

expressed cortical (CTX) AS compared to other major CNS cell types in humans (Y. Zhang et al. 2016) 
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and mice (Y. Zhang et al. 2014). C) Ventral horn Kir4.1 spinal cord enrichment observed in an adult 

human case from thoracic spinal cord. D) Higher resolution ventral horn image from outlined box in C. 

3.4.2 VGluT1-dependent MN activity determines regional expression of Kir4.1 in ventral horn 

AS 

Given the consistent association of Kir4.1 with MNs and that neuronal signaling regulates the 

expression levels of other AS transporters (Yang et al. 2009; Muthukumar et al. 2014), we next 

investigated whether MN activity/signaling positively regulates levels of AS Kir4.1. Consistent 

with the timing of neuronal maturation, we observed a developmental upregulation of ventral 

horn AS Kir4.1, reaching mature levels at about postnatal day (P) 16 (Fig. 3.3A,B). As neural 

circuit development coincides with dynamic changes in synaptic investment and AS are known 

to be associated with synapses (Allen 2014), we explored the temporal expression of Kir4.1 with 

markers of excitatory synapses. Intriguingly, developmental up-regulation of Kir4.1 coincides 

with synaptogenesis of VGluT1 but not VGluT2 synaptic puncta (Fig. 3.3A,C). In mature stages, 

fast MNs have a larger VGluT1 synaptic density than slow MNs (Basaldella et al. 2015) 

consistent with the observed higher Kir4.1 expression levels around fast MNs. (Fig. 3.1G). 

 
To investigate whether VGluT1 activity is required for AS Kir4.1 expression we 

analyzed VGluT1-/- conventional knockout animals (Morel et al. 2014). We found that VGluT1 

loss-of-function led to dramatic reduction of AS Kir4.1 expression in ventral horn (Fig. 3.3D). 

These findings indicate that MN excitatory inputs induce ventral horn AS-Kir4.1 expression in a 

VGluT1-dependent manner. 
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Figure 3.3 | AS Kir4.1 is developmentally upregulated and dependent on glutamatergic neuronal 

activity. A) Kir4.1 and VGluT1 protein expression in lumbar ventral horn SC at different developmental 

ages. AS are labeled with Aldh1l1-GFP+. B, C) Quantification of Kir4.1 and VGluT1 

immunofluorescence at the indicated developmental ages (n = 3 animals, n > 50 AS, mean + sem). D) AS 

Kir4.1 loss in VGluT1KO animals at P26 (n = 2 animals, n > 50 astrocytes, boxplot, student’s t-test).VH: 

ventral horn. 
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3.4.3 AS Kir4.1 function is required to maintain—but not specify—large fast αMNs 

To investigate the roles for AS-encoded Kir4.1 we used Aldh1L1-cre, which has been shown to 

be highly selective for AS in spinal cord (Tien et al. 2012; Molofsky et al. 2014), with a 

conditional floxed allele of Kir4.1 (Djukic et al. 2007). Aldh1L1-cre:Kir4.1(fl/fl) animals, 

heretofore called AS-Kir4.1cKO, survived in normal numbers up to at least one year of age in 

contrast to previous studies (data not shown). In AS-Kir4.1cKO animals, AS Kir4.1 protein 

expression is completely abolished in protoplasmic ventral horn astrocytes (Fig. 3.4A,B,D), 

while we observed minimal loss of Kir4.1 expression in oligodendrocytes (Fig. 3.4A,B,D). 

Further analysis, indicated normal numbers of Aldh1l1-GFP+ AS (Fig. 3.4C) with no evidence 

of AS reactivity at any ages analyzed (Fig. 3.5). To confirm functional knockout of AS-Kir4.1, 

we performed whole-cell patch clamp recordings in acute lumbar spinal cord preparations from 

P10-P14 AS-Kir4.1cKO and cre-negative control animals intercrossed with Aldh1l1-GFP. AS 

from AS-Kir4.1cKO animals had a depolarized resting membrane potential, increased input 

resistance, and loss of barium-sensitive inward currents (Fig. 3.5E-H) consistent with loss of 

Kir4.1 channel activity (Olsen et al. 2006; Seifert et al. 2009; Tong et al. 2014). 
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Figure 3.4 | AS specific loss of Kir4.1 in spinal cord using Aldh1l1-cre. A) Lumbar spinal cord AS loss 

of Kir4.1 in Aldh1l1cre:Kir4.1fl/fl (AS-Kir4.1cKO) animals at P14. Dotted line denotes grey/white matter 

boundary. VH: ventral horn. WH: white matter. B) High-magnification AS and oligodendrocytes form A. 

C) The number of Aldh1l1+ AS is unaltered in VH and WM lumbar spinal cord at P14 (n = 4 animals). 

D) Histological counts of Kir4.1 percent positive AS (Aldh1l1+) and oligodendrocytes (Oligo2+/APC+) 

in VH and WM lumbar spinal cord at P14 for AS (n = 4) and P30 for oligodendrocytes (n =3). E, F) 

Whole-cell electrophysiology of lumbar AS at P10-P14 from AS-Kir4.1cKO animals and cre-negative 

controls demonstrates altered resting membrane potential (RMP) and input resistance (n = 5 control AS, n 

= 6 AS-Kir4.1cKO AS). G) Representative current traces from voltage steps of AS from control and AS-

Kir4.1cKO animals. H) Barium-sensitive (100µM) currents of AS from control and AS-Kir4.1cKO 

animals (n = 5 control AS, n = 6 AS-Kir4.1cKO AS from at least 2 animals). 
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Figure 3.5 | Astrogliosis is not observed in AS-Kir4.1cKO animals. Representative images of lumbar 

spinal cord from 6 month old animals for GFAP or IBA1 (n =3). Left: low power ventral horn with gray 

matter / white matter boundary denoted with white dashed line. Right: higher power images from outlined 

box. 

 

Within the ventral horn, we first analyzed MN numbers and found no significant differences in 

numbers of fast αMNs, slow alpha MNs, or γMNs in mutants versus controls at any ages 

analyzed (Fig. 3.6A).  These findings indicate that AS-Kir4.1 is dispensable for the specification 

and survival of MN populations. Given that our previous work found that large αMNs require 

ventral horn AS encoded functions (Molofsky et al. 2014) and that morphology is an additional 

metric to characterize MN sub-populations (Kanning et al. 2010), we next investigated MN soma 

size in AS-Kir4.1cKO animals. As shown (Fig. 3.6B,C), we observed normal soma sizes for all 

MN subtypes at P14. However, by P30 the largest size ChAT+ MNs were no longer detectable. 

Indeed, we found a striking selective loss of large fast αMNs at P30 and 6 months of age with no 

detectable differences in soma size of slow αMN or γMNs (Fig 3.6D-G). Together, these finding 

indicate that the maintenance of large fast αMN size has a selective dependence on AS Kir4.1. 
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Figure 3.6 | AS Kir4.1 is required for maintenance of fast αMN size. A) Total fast αMN 

(ChAT+/MMP9+/NeuN+), slow αMN (ChAT+/MMP9-/NeuN+), and gamma MN (ChAT+/MMP9-

/NeuN-) numbers are equivalent in AS-Kir4.1cKO and cre-negative control animals at the indicated ages 

(n = 3 animals per group, mean + sem). B,D,F) Representative images of lumbar MNs at the indicated 

ages and conditions. Scale bar is 50µm. C,E,G) Quantification of MN size at the indicated ages and 

conditions (boxplot, student’s t-test). ****p < 0.0001. Edges of boxplots denote interquartile range (25th 

– 75th percentile) with whiskers denoting 1.5 times the interquartile range and black line denoting the 

median value. 

3.4.4 AS Kir4.1 function is specifically required for characteristic fast MN electrophysiological 

activity 

Although loss of AS-Kir4.1 had specific effects on fast MN morphology, given the pervasive 

expression of AS-Kir4.1 in ventral horn around all MNs, we predicted that loss of AS-Kir4.1 

would alter physiologic function of all MN sub-types. To test this, we performed whole-cell 

patch clamp recordings in acute lumbar spinal cord preparations from P12-P15 AS-Kir4.1cKO 

and cre-negative control animals intercrossed with ChAT-GFP for in situ MN visualization (Fig. 

3.7A). Fast MN electrophysiological properties can be classified with respect to slow MNs by 

their smaller input resistance, larger activation threshold (rheobase), and faster steady state firing 

frequency (Hadzipasic et al. 2014; Müller et al. 2014). MNs from AS-Kir4.1cKO animals had a 

significantly larger input resistance, lower activation threshold and decreased steady state firing 

frequency (Fig. 3.7C-F). Interestingly, these findings are consistent with a shift in 

electrophysiological properties from fast to slow MNs. Indeed, whereas 5/11 control MNs had 

steady state firing frequencies above 40 Hz only 1/14 MNs from AS-Kir4.1cKO mutants fired 

above 40 Hz. Thus, it appears that AS Kir4.1 is necessary for fast MN electrophysiological 

properties and is dispensable for the slow MN population. 
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Figure 3.7 | AS Kir4.1 is required for MN function. A) Electrophysiology schematic. B) Two 

representative current steps at 3x rheobase (2 separate MNs per condition). C-E) Rheobase, input 

resistance, and steady state (SS) firing frequency (at 3x rheobase) demonstrate altered intrinsic 

electrophysiological deficits in MNs from AS-Kir4.1cKO animals at P12-15 (n = 12 control MNs, n = 14 

AS-Kir4.1cKO MNs, student’s t-test). F) Input resistance vs. rheobase scatter plot shows shift in 

electrophysiological properties from fast-like to slow-like in AS-Kir4.1cKO compared to control MNs. 

Dark points are averages with errorbars denoting sem. 

3.4.5 Loss of peak strength and large fast-twitch muscle in AS-Kir4.1cKO mutant animals 

To assess a behavioral correlate to the findings above, we first investigated the baseline motor 

activity of AS-Kir4.1cKO animals using the open field test in adult animals. As shown (Fig. 3.8), 
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we observed no gross impairments in the amount of movements made, consistent with our 

observations that MN survival is unaffected in AS-Kir4.1cKO animals. Since fast αMNs are 

necessary for the generation of maximal force output (Müller et al. 2014), we next used the grip 

strength test to assess peak force generation and found that AS-Kir4.1cKO animals showed a 

significant decrease in maximal peak strength (Fig. 3.9A). Consistent with fast MN alterations, 

AS-Kir4.1cKO mutants had reduced front and hind limb gait velocity (Fig. 3.9B) and were 

unable to run the fast speeds necessary to complete the accelerating rotarod task (Fig. 3.9C). 

 

 

Figure 3.8 | Baseline measurements of motor activity are unaltered in AS-Kir4.1cKO animals. Open 

field test shows no differences in distance moved or number of movements between AS-Kir4.1cKO and 

control adult animals (>P50, n = 10 control animals, n = 14 AS-Kir4.1cKO animals, mean + sem, 

student’s t-test). Edges of boxplots denote interquartile range (25th – 75th percentile) with whiskers 

denoting 1.5 times the interquartile range and black line denoting the median value. 
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Figure 3.9 | Reduced peak force generation, motor behavior deficits, and loss of fast-twitch muscle 

fiber area in AS-Kir4.1cKO animals. A) AS-Kir4.1cKO animals generate less peak force (>P50, n = 10 

control animals, n = 14 Kir4.1cKO animals, mean + sem, student’s t-test). B) AS-Kir4.1cKO animals have 

slower front and hind limb movements as assessed by gait analysis in the catwalk (same animals as in A, 

student’s t-test). C) AS-Kir4.1cKO  animals have shorter latency to fall on the accelerating rotarod at P30-

P35 (n > 7, student’s t-test). D-E) Cross sections of tibealis anterior (TA) muscle immunolabeled for 

Laminin and markers of fast-twitch (myosin type 2) and slow-twitch (myosin type 1) muscle at P30 in 

AS-Kir4.1cKO and cre-negative control animals. F) Quantification of TA muscle fiber cross-sectional 

area (n = 3 animals, n > 200 fibers, boxplot, student’s t-test). **p < 0.01. **** p < 0.0001. 

3.4.6 Evidence from mouse models that AS Kir4.1 reduction in ALS uncouples loss of peak strength and 

fast αMN survival 
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Initial studies of Kir4.1 demonstrated ventral horn downregulation in a mouse model of ALS 

(Kaiser et al. 2006). Since this model also exhibits selective vulnerability of fast αMNs (Pun et 

al. 2006; Kaplan et al. 2014), we investigated whether Kir4.1 loss has a causal role in disease 

pathology. We first confirmed Kir4.1 ventral horn reduction in the SOD1G93A ALS mouse 

model (Fig. 3.10). To determine whether AS Kir4.1 is required for MN survival in ALS we 

analyzed intercrossed AS-Kir4.1cKO mutants with SOD1G93A mice. At P80, an early-

symptomatic time point, we did not observe significant differences in total or fast lumbar αMN 

numbers between SOD1G93A and AS-Kir4.1cKO;SOD1G93A mice (Fig. 3.11) suggesting that 

the Kir4.1 loss observed in ALS models does not lead to early MN death. 

 

Figure 3.10 | Kir4.1 loss in ALS model mice. Left: Low power view of sacral spinal cord Kir4.1 in 

symptomatic SOD1G93A and control mice at P120. Right: Higher power view of ventral horn in the 

same animals. 
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Figure 3.11 | AS Kir4.1 loss does not affect αMN survival in ALS. Top: representative images of 

ventral horn lumbar spinal cord at P80 from control, SOD1G93A, and SOD1G93A;AS-Kir4.1cKO 

(SOD1G93A;Kir4.1fl/fl) animals. Bottom: Quantification of MN numbers in the indicated conditions (n = 

3 animals, student’s t-test). *p < 0.05. ** p < 0.01. 

3.5 Discussion 

This work constitutes the first investigation of AS contributions to fast and slow αMN function. 

We show that AS-Kir4.1 deletion leads to deficits in fast αMN size, loss of fast-firing MN 

frequency, and results in decreased animal peak strength without affecting MN survival. 

Moreover, we demonstrate that AS encoded-Kir4.1 is regionally distributed with particular high 
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localization around fast αMNs suggesting a reciprocal and specific relationship between neuron 

and AS function. 

Previous work indicated that global knock-out or glial-restricted knock-out (using the 

GFAP promoter) of Kir4.1 results in early animal lethality by P30 with severe white matter 

pathology (Neusch et al. 2001; Djukic et al. 2007). It is difficult to dissociate the cell-type 

specific contribution of Kir4.1 to CNS function from these studies, since Kir4.1 is expressed in 

both AS and oligodendrocytes. In our work, using Aldh1l1-cre to target AS, we observed near 

complete loss of Kir4.1 in AS with minimal oligodendrocyte loss in spinal cord. Surprisingly, 

these animals survived to at least one year of age. This could reflect a more restricted AS knock-

out by Aldh1l1-cre and / or use of a different genetic background: previous studies used the 

inbred B6 strain whereas our colony was maintained on an outbred mixed background. Future 

studies combining distinct cell-type cre-lines could help clarify the AS and oligodendrocyte 

specific functions of Kir4.1 in maintaining animal survival. 

3.5.1 Ventral horn AS Kir4.1 function indicates an exquisite subtype relationship with αMNs 

It is generally thought that inward rectifying potassium channel function in AS is important for 

potassium homeostasis, which ensures optimal function of all neurons. Although the relative 

importance of AS inward rectifying potassium channels compared to AS sodium / potassium -

ATPase transporters in maintaining extracellular potassium levels is a matter of debate (for 

review see (Larsen & MacAulay 2014)). Nevertheless, it is clear that Kir4.1 is required to 

establish the high potassium conductance and hyperpolarized resting membrane potential of AS 

(Djukic et al. 2007; Seifert et al. 2009), which are both important properties for the uptake of 

neuronal-activity released potassium. For example, in vivo studies have shown that Kir4.1 loss 

leads to altered extracellular potassium dynamics in the hippocampus (Chever et al. 2010) and 
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that Kir4.1 is sufficient to rescue extracellular potassium increases seen in Huntington’s disease 

models in the striatum (Tong et al. 2014). 

In contrast to general environmental effects, we found that AS-encoded Kir4.1 was 

needed for the function of fast, but not slow, αMNs and its loss did not appear to affect γMNs. 

While numbers of α- and γ-MNs were normal and survival of all populations was intact, we 

observed a highly selective and specific impact of Kir4.1 loss-of-function on fast αMNs, in 

particular. This was manifested by decreased size, loss of characteristic electrophysiological 

signature, loss of peak strength and, ultimately, a reduction in fast-twitch muscle fiber area. We 

conclude that fast αMNs have a particular requirement for AS-encoded Kir4.1; therefore, this 

function is necessary for generation of peak strength. The reasons for this highly specific 

relationship are unclear. Biophysical modeling studies have shown that AS Kir4.1 is particularly 

important for potassium clearance during high levels of neuronal activity (Sibille et al. 2015), 

which could explain the selective deficits of high firing-frequency MNs. It is also possible that 

AS expression of Kir4.1 elicits other trophic factors to maintain full activity of fast αMNs. 

Transcriptional profiling of AS-Kir4.1cKO mutant AS could suggest factors that might be 

involved in specific fast αMN support. However, it is also possible that a reciprocal relationship 

would make determination of this process difficult. 

3.5.2 Other inward rectifying potassium channels might have important AS functions 

While our analysis is focused on AS-encoded Kir4.1, there are several other inward rectifying 

potassium channels expressed in AS of uncertain significance. This includes Kir5.1, which can 

form an obligate heterodimer with Kir4.1 in AS (Hibino et al. 2010). While we cannot exclude 

these have redundant functions such that phenotypes might be more severe in the context of 
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complete abrogation of inward rectifying potassium regulation, we note that Kir4.1 is 

distinguished as showing disease relevance in epilepsy and ataxia (EAST) syndrome 

(Bockenhauer et al. 2009; Scholl et al. 2009). 

3.5.3 AS-encoded Kir4.1 uncouples loss of peak strength from fast αMN death 

Irreversible MN cell death is thought to be the principle cause of clinical decline in ALS. Fast 

αMNs have been shown to be vulnerable to SOD1G93A mutation in mice (Pun et al. 2006; 

Kaplan et al. 2014), and overexpression of Mmp9 increases fast αMN loss in this model. Several 

studies indicate that ALS patient-derived MNs are intrinsically hyperexcitable (Wainger et al. 

2014; Devlin et al. 2015), which is thought to be a precursor to cell death. Our study uncouples 

many of these findings to clarify the role of MN hyperexcitability and the importance of AS-

encoded factors in regulating the clinical phenotype of peak strength. 

First, while conditional knockout of Kir4.1 in AS leads to an early phenotype of MN 

hyperexcitability, we failed to observe any signs of MN loss at least through one year of age. 

This analysis included counts of total MN numbers (ChAT) and fast αMNs, slow αMNs, and 

γMNs specifically (MMP9, NeuN). These findings make the points that (i) MN hyperexcitability 

in ALS could be due to extrinsic effects of AS that lose Kir4.1 activity, and (ii) hyperexcitability 

in AS-Kir4.1cKO animals does not lead to progressive MN loss. Indeed, crossing conditional 

Kir4.1 knockouts into the SOD1G93A mutant background failed to accelerate MN loss in this 

animal model compared to controls, indicating that Kir4.1 does not have a neuroprotective effect 

in the disease setting. 

Second, loss of peak strength can be accounted for by the absence of AS-encoded Kir4.1. 

In several models of ALS, Kir4.1 is downregulated both in the mouse and rat SOD1G93A 

models in vivo (Kaiser et al. 2006; Bataveljić et al. 2012). We show that loss of Kir4.1 in AS is 
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sufficient to cause loss of peak strength in the absence of MN cell death. The significance of this 

is twofold: (i) Loss of AS Kir4.1 in ALS is maladaptive and (ii) that the restitution of Kir4.1 

levels in AS might be sufficient to reverse this clinical phenotype. In summary, our findings 

indicate that early loss of peak strength in ALS (or neuroinflammatory conditions) might stem 

from a potentially reversible state of AS Kir4.1 downregulation. If so, attention is needed to 

identify small molecules or gene overexpression strategies to promote Kir4.1 expression and 

bolster peak strength and assuage clinical phenotypes in conditions like ALS. 

  



! 108!

4. Conclusions and future directions 
 

The first study described in this dissertation demonstrated a novel approach for defining cellular 

identity and revealed the power of gene expression modeling in deciphering molecular 

differences associated with distinct cell types in the human CNS. Specifically, using gene 

expression modeling we identified (1) cell-type associated molecular changes in Alzheimer’s 

disease, (2) differences in cell type gene expression across neurotypical brain regions, and (3) 

species-specific cell-type genes in humans, non-human primates, and mice. Moving forward, it 

will be important to extend these analyses to include more cell types. At present, our work 

highlighted the transcriptional signatures of astrocytes, oligodendrocytes, microglia, and 

neurons. Creating gene expression models using these four cell types surprisingly was sufficient 

to predict nearly half of the gene expression variation in RNA-seq datasets. With the inclusion of 

more cell types, such as vascular cells and neuronal subtypes, it will be interesting to see whether 

improvements can be made in predicting gene expression variation. Moreover, it is presumed 

that genetic differences between individuals will also contribute to gene expression variation 

between samples. This was not addressed in our work and will be important to consider for 

future investigations that seek to determine the most important contributors of CNS gene 

expression variability. It is not too farfetched to imagine a time in the future where with 

sufficient samples, higher quality data, and more sophisticated models, it will be possible to 

predict expression levels for many genes in bulk CNS samples with extremely high accuracy. 

Implying that gene expression variation from bulk heterogeneous CNS tissue will be nearly 

entirely explainable from known sources of variation such as cell types and genetic differences 

between individuals. As this reality approaches, deviations from model predictions will become 
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more and more biologically interesting and relevant. Our work on Alzheimer’s disease was 

initial proof of concept of this approach, demonstrating the ability to identify cell type specific 

changes and altered pathways that were consistent across many datasets. Future studies 

incorporating genetic information may help determine the genetic basis of susceptibility variants 

across CNS cell types. In principle, as more pathological data becomes available and as our 

understanding of the non-pathological human brain expands, gene expression modeling in other 

neuropsychiatric conditions will further shed light on the cellular mechanisms of CNS disease. 

 An interesting result from the first study was the finding that astrocytes displayed 

regional differences in transcriptional output in the human CNS. This bolsters the idea among 

glial scientists (Freeman & Rowitch 2013; Y. Zhang & Ben A Barres 2010; Khakh & McCarthy 

2015) that astrocytes are a diverse population, with likely many varied functions that are 

essential for proper CNS performance. The second study in this dissertation followed up on this 

notion by focusing on inward rectifying potassium channel function in astrocytes. Interestingly, 

in humans we found the potassium channel KCNJ16 to be regionally expressed in astrocytes with 

notable high association in subcortical structures. KCNJ16 only forms functional channels as a 

heterotetramer with another inward rectifying potassium channel KCNJ10, known as 

Kir4.1(Hibino et al. 2010). In mice, focusing on Kir4.1 we showed that in fact this protein is 

regionally enriched in spinal cord astrocytes with particularly high expression around large 

motor neurons. Loss of function studies demonstrated that astrocyte Kir4.1 was required for 

large motor neuron size, high-frequency firing action potentials, animal peak strength, and large 

fast-twitch muscle fibers. An important implication of this work is that neuronal functional 

diversity and astrocyte diversity are coupled. This suggests that the maintenance of differences in 

physiological output among neuronal subtypes depends on surrounding astrocytes, which are 
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uniquely tailored to support a given neuronal cell type. It will be interesting to investigate 

whether this association is bidirectional. Might overexpression of Kir4.1 in astrocytes be 

sufficient to alter large motor neuron function and enhance animal strength? Similarly, we 

observed early downregulation of Kir4.1 in mouse models of ALS, a disease characterized by 

loss of strength. It will be important to address whether overexpression of astrocyte Kir4.1 in this 

model would be sufficient to delay disease progression. Another interesting implication of our 

work was the finding that neuronal synaptic activity was necessary for the upregulation of 

astrocyte Kir4.1, indicating that extrinsic-cues are an important contributor to astrocyte 

molecular differences. The dynamics and regulation of this association are presently unknown. 

Future studies that can visualize this process in real time in situ or in vivo will illuminate on how 

Kir4.1 is regulated in space and time in response to neuronal activity. It is also currently 

unknown why there is an apparent selective requirement of Kir4.1 on large motor neuron 

function and morphology. Are alterations in astrocyte potassium uptake solely responsible for 

this finding? Or does astrocyte loss of Kir4.1 lead to other down stream affects? For example, 

loss of Kir4.1 leads to changes in astrocyte intrinsic physiologic properties, such as a depolarized 

membrane potential, which might affect other astrocyte functions. Future studies delineating 

these mechanisms will be important to further our understanding of Kir4.1 function in health and 

disease.  
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