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all genes, but there is enough to perform reasonably large-scale 
analyses. The earliest study integrated the connection and expres-
sion profiles of 280 neurons and 292 genes (Varadan et al., 2006). 
Varadan and colleagues employed a systems-based approach to 
discover logical gene expression-based rules that predict connec-
tivity. Within the resulting gene modules they found high levels 
of “multivariate synergy,” suggesting statistically interacting genes 
were more important than single genes. The authors extracted sev-
eral gene sets that correlate expression in pre- and post-synaptic 
neurons to presence of gap and chemical synapses. Interestingly, 
gene sets which contained the most information about the forma-
tion of synapses included cell adhesion molecules, transcription 
factors and axon guidance cues.

Kaufman et al. (2006) performed a similar analysis. They found 
a more general statistical relationship between gene expression and 
connectivity. Their analysis employed a co-variation correlation 
assay, also known as a Mantel test. The Mantel test correlates simi-
larity or distance measures across common objects (in this case, 
neurons). The Mantel correlations found by Kaufman et al. (2006) 
were up to 0.18. This signal, while statistically significant, is not 
strong enough to allow prediction of connectivity from gene expres-
sion. Using an optimization method, Kaufman et al. (2006) identi-
fied a set of 15 genes whose expression patterns carried the most 
information about connectivity. Similar to the results of Varadan 
et al. (2006), they found that a statistically significant number of 
these were previously linked to synaptogenesis, neuron type, axon 
guidance, and development.

A third C. elegans study, by Baruch et al. (2008) focused on finding 
relationships between gene expression and certain aspects of syn-
apse formation (Baruch et al., 2008). They used expression profiles 
to model the type of synapse (e.g., electrical or  chemical) between 

IntroductIon
Understanding gene function requires the analysis of interactions 
among them, and ultimately unraveling the function of the genome 
will require comprehending how all of the parts interoperate in 
complex networks. An analogous situation exists for the brain 
and its regional connectome (Bota et al., 2003; Sporns et al., 2005; 
Lichtman and Sanes, 2008; Biswal et al., 2010; Sporns, 2011). Given 
the relationships between these two systems (genome and con-
nectome), as well as the fact they are both complex networks, it is 
natural to ask how analysis of one can inform understanding of 
the other. Indeed, the integrated analyses of the connectome with 
other modalities will be critical to understanding brain function. 
In this paper our modality of interest is gene expression, for which 
extensive information exists.

It is obvious that the connectome is related to the genome. Axon 
pathfinding, target recognition, synapse formation, and plastic-
ity are tightly controlled by gene expression (Ressler et al., 2002; 
Polleux et al., 2007). The function of synapses requires the coordi-
nated expression of genes directing the synthesis of neurotransmit-
ters in the presynaptic cell and of receptors in the post-synaptic cell. 
Because high throughput experimental technologies for studying 
the genome are well developed, in many ways our understanding 
of gene expression and gene networks is better than for the con-
nectome (though this situation is changing rapidly). This allows 
the collection of large data sets describing gene expression patterns 
at high levels of resolution. It is increasingly feasible to use this 
molecular level information to elucidate neuroanatomy.

Analysis of connectomes with transcription data began with the 
nematode C. elegans because neuron-level connectivity and gene 
expression levels are known. (White et al., 1986; Harris et al., 2010). 
Neuron-level gene expression data in C. elegans is not available for 
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potentially related to connectivity. We were specifically interested 
in gene pairs with expression patterns showing strong negative cor-
relations across multiple brain regions. We then use connectivity 
data as well as information on cell-type-specific gene expression 
to further dissect and ascribe biological meaning to the patterns 
we identified. In addition to identifying a novel pattern of gene 
expression in the mouse brain, our analysis serves as a demonstra-
tion of how a complex gene expression pattern can be dissected 
using multiple data types including connectivity.

MaterIals and Methods
Data and methods were based on that used in our previous study 
(French and Pavlidis, 2011). Briefly, mouse brain gene expression data 
is from high-resolution colorimetric in situ hybridization observations 
in the Allen Mouse Brain Atlas (ABA; Lein et al., 2007). To obtain brain 
region connection degree we counted the number of incoming or out-
going connections from the up-propagated rat brain connectivity data 
we previously extracted from the Brain Architecture Management 
System (BAMS; Bota et al., 2005). For neuroanatomical matching and 
selecting we again used non-overlapping regions and included virtual 
regions that better mapped between the ABA and BAMS brain region 
names. The region mappings are accessible as Supplementary Table S1 
in French and Pavlidis (2011). Supplementary data and software are 
available at http://www.chibi.ubc.ca/NEOE.

Gene expressIon data
We employed the expression energy quantifications of the ABA 
images. For each image set the expression energy of every voxel 
is defined as the product of expression area and expression inten-
sity (Ng et al., 2009). Pixels are averaged within voxels and brain 
regions to provide a single expression energy value for each brain 
region. To reduce computation time and filter genes of low and 
constant expression values we restricted our analysis to genes for 
which ABA has expression patterns in coronal sections. This set of 
4261 image series (3976 genes) were assayed by ABA in the coronal 
plane because they showed marked regional expression patterns 
in the sagittal plane (Ng et al., 2009). Most “housekeeping” genes 
which tend to have widespread expression are not present in the set. 
Some genes were represented by more than one imageseries (that 
is, there are replicate data sets in the Allen Atlas), which were kept 
separate in our analysis. To create a single expression profile for a 
set of genes we averaged the expression values per region.

For analysis of expression data alone, we used 150 non-overlap-
ping ABA regions. When connectivity data was used the regions 
were limited to those for which we had connectivity data: 112 
regions for outgoing, 141 for incoming connectivity, and 142 result-
ing from joining the two.

statIstIcal analysIs
To compare expression energy to spatial location and connectivity 
degree we compute Spearman rank correlation coefficients (r). 
Statistical significance was established by resampling 1000 gene 
sets of the same size to generate empirical null distributions. This 
provides the probability that an equally sized gene set randomly 
chosen from the set of all genes scores a higher correlation. We 
used linear regression for computing partial correlation coefficients. 
Principal component analysis (PCA) was performed after rescaling 

connected neurons. Like Varadan et al. (2006) they employed a 
machine learning method to find gene expression-based logical 
rules, and the genes found to be most predictive of connection type 
often had known functional roles in neural development.

Similar analyses are starting to appear for the mammalian brain, 
though in terms of data the situation is the opposite of that for the 
worm: gene expression is more fully described than connectivity. 
Dong et al. (2009) provided a fascinating glimpse into the relation-
ships between brain wiring and gene expression in the mammalian 
brain (Dong et al., 2009). They studied the Allen Mouse Brain Atlas 
(ABA) for spatial gene expression profiles that segmented the hip-
pocampal field CA1 along its longitudinal axis. Nine of the genes 
that segmented the CA1 field had concordant expression patterns 
in the lateral septal nucleus, apparently reflecting the patterns of 
projections between the respective dorsal and ventral aspects of 
the two regions. Dong et al. (2009) were able to interpret the CA1 
segmentation from the perspective of brain function and connec-
tivity. They noted that the ventral half is linked to goal-oriented and 
autonomic response while the dorsal half plays roles in navigation.

Recently we contributed a larger-scale analysis of gene expres-
sion and connectivity, considering 142 rodent brain regions (French 
and Pavlidis, 2011). While the connectivity data we used is not a 
complete connectome, extensive expression data is available for 
17,530 genes. Using methods similar to those of Kaufman et al. 
(2006), we found a Mantel correlation of 0.25 between connectiv-
ity and gene expression. An important aspect of our analysis was 
to account for the fact that connectivity and gene expression are 
spatially correlated (nearby brain regions are more likely to share 
connections and expression patterns). Explicit control for this spa-
tial autocorrelation allowed us to identify a signal attributable to 
connectivity (Mantel correlation of 0.13). A reduced set of genes 
with a higher Mantel test score was obtained by using the same 
greedy optimization procedure as Kaufman and colleagues. This 
reduced set of genes was enriched for axon guidance genes and 
contained a few of the genes noted in the CA1 study (Dong et al., 
2009). This set was also enriched for genes previously linked to 
autism. While the forebrain and interbrain divisions showed the 
strongest signals, the interpretation of the results was focused on 
properties of the genes instead of the connections or brain regions. 
Recently, a second study replicating the finding of correlations 
between gene expression and connectivity appeared (Wolf et al., 
2011). Wolf and colleagues showed that machine learning methods 
could be used to predict connectivity from gene expression patterns 
in a statistically significant manner, for approximately one half of 
tested brain regions. They showed that genes known to be associ-
ated with schizophrenia, autism, and attention deficit disorder are 
enriched in their gene sets that predict connectivity. Although the 
authors did not perform correction for the effect of spatial auto-
correlation, they tested the robustness of the connectivity data and 
the quality of the expression images from the Allen Brain Atlas.

A limitation of previous studies integrating gene expression and 
connectivity is the challenge of interpreting the patterns observed 
in terms of other parameters such as cellular composition of differ-
ent brain regions. In the current paper, we extend our earlier work, 
starting with a directed search for expression patterns of interest. 
We hypothesized that expression patterns that strongly distinguish 
brain regions from each other might be functionally relevant and 
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astrocyte, neuron, and oligodendrocyte enriched genes. After 
removing genes that are not in the ABA coronal gene set, 716 astro-
cyte, 831 neuron, and 571 oligodendrocyte enriched genes remain.

Gene ontoloGy enrIchMent
We used the ErmineJ software to extract overrepresented Gene 
Ontology (GO) groups (Ashburner et al., 2000; Gillis et al., 
2010). The set of 3976 coronal genes formed the background 
gene list for the over-representation analysis. GO groups were 
limited to the biological process division and required 5–300 
annotated genes.

the gene profiles to a common mean and variance. We employed the 
complete-linkage agglomeration method for hierarchical clustering 
with the Euclidean distance function.

cell-type enrIched Gene lIsts
Cell-type enriched gene sets were extracted from the “The 
Transcriptome Database for Astrocytes, Neurons, and 
Oligodendrocytes” (Cahoy et al., 2008). The database contains gene 
expression profiles of cell-type purified mature mouse forebrain 
samples. Mouse gene symbols were extracted from Supplementary 
Tables S4–S6 of Cahoy et al. (2008). These tables provide lists of 

Figure 1 | expression patterns of genes involved in the top 912 
negative expression correlations. Normalized expression is color coded, 
ranging from blue (low) to yellow (high) and in white for missing values. 
Genes mentioned in the article are labeled. Gene membership in the 
transcriptome database for astrocytes (green), neurons (red), and 

oligodendrocytes (blue) is marked (Cahoy et al., 2008). The dendrogram 
shows the split between pattern NE and pattern OE. Brain regions are 
colored as orange for endbrain, cyan for hindbrain, purple for interbrain, and 
gray for midbrain. Expression data for each gene was normalized to mean 
zero and variance one for contrast.
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ortholoG assIGnMent
For each gene we extracted its homologous sequences from the 
HomoloGene database (build version 64; Wheeler et al., 2007). 
HomoloGene groups were used to convert the mouse gene identi-
fiers to genes from S. cerevisiae (yeast), C. elegans (worm), and D. 
melanogaster (fly).

results
To identify genes showing strong negatively correlated expression 
patterns with other genes, we ranked all pairs of genes in the data 
set by their Spearman correlations across 150 ABA brain regions, 
and considered pairs with the strongest negative correlations. By 
filtering gene–gene correlations at a maximum Spearman’s rank 
correlation coefficient (r) of −0.72 we selected the 912 most anti-
correlated gene pairs. We choose this stringent but arbitrary thresh-
old because we wanted a small list that could be manually examined 
for interesting relationships, though our findings proved to hold 
for other reasonable selection thresholds.

Our first observation was that this list of 912 pairs includes 
only 102 different genes, indicating there would be strong positive 
correlations present within this set, rather than numerous distinct 
patterns. Hierarchical clustering and visualization of the expres-
sion patterns of these genes (Figure 1) shows that the original 912 
inversely correlated patterns are essentially one inverse relation-
ship corresponding to two gene expression profiles. Visualization 
of all gene–gene correlations within the set demonstrates this 
relationship with a clear bimodal distribution with peaks at −0.6 
and 0.7 (Figure A1 in Appendix). To further examine the inverse 
relationship we use clustering to divide the data into two sets: 
pattern NE (43 image series, 40 genes, Table 1) and pattern OE 
(68 image series, 62 genes, Table 2). This choice of names will be 
clarified later in our results. Supplemental Data sheets 1 and 2 list 
NCBI and Allen image series identifiers. Figure 2 shows expression 
energy images in the sagittal plane for a pattern NE (CamK2a) 
and OE gene (S100b). The average profiles of these patterns 
are strongly negatively correlated (Spearman’s rank correlation 
(r) = −0.88). Given the strength of this pattern, although it only 
includes a small fraction of the genes studied, we asked if it might 
correspond to patterns uncovered by PCA. We found the pattern 
NE and OE genes are strongly separable in PC2 (Figure 3) and the 
mean loadings in PC1 differ significantly (p-value < 0.001). Thus 
these patterns correspond to major trends in the data.

Inspection of the gene names and symbols suggested that pat-
tern NE was enriched for neuron-associated genes such as calcium/
calmodulin-dependent protein kinase II alpha (CamK2a; Ouimet 
et al., 1984) and calbindin-28K (Calb1; Pfeiffer et al., 1989). In 
contrast, several glial cell markers appear in the pattern OE list: 
carbonic anhydrase II (Car2; Ghandour et al., 1979, 1980), S100b 
(Ghandour et al., 1981; Rosengren et al., 1986), and glutamine 
synthetase (Glul; Wu et al., 2005). Also, one neuron marker, neu-
rofilament high molecular weight (Nefh) appears in the pattern OE 
list (Letournel et al., 2006). We note that none of the ABA regions 
are white matter tracts (most are small nuclei), so the pattern 
does not reflect a simple contrast between gray and white matter.

Gene Ontology enrichment analysis allowed us to objectively 
quantify these trends. The GO provides extensive annotations 
of genes that allow testing for enrichment of specific functions, 

Table 1 | Pattern Ne gene symbols and names.

gene symbol Name

6720401G13Rik RIKEN cDNA 6720401G13 gene

Calb1 Calbindin-28K

CamK2a Calcium/calmodulin-dependent protein kinase II alpha

Camkv CaM kinase-like vesicle-associated

Cenpf Centromere protein F

Cox6a2 Cytochrome c oxidase, subunit VI a, polypeptide 2

Cpne2 Copine II

Cpne7 Copine VII

Cyln2 Cytoplasmic linker 2

Dusp6 Dual specificity phosphatase 6

E2f1 E2F transcription factor 1

Egr3 Early growth response 3

Fos FBJ osteosarcoma oncogene

Gria1 Glutamate receptor, ionotropic, AMPA1 (alpha 1)

Gria2 Glutamate receptor, ionotropic, AMPA2 (alpha 2)

Grik5 Glutamate receptor, ionotropic, kainate 5 (gamma 2)

Heatr5b HEAT repeat containing 5B

Hpcal4 Hippocalcin-like 4

Itm2c Integral membrane protein 2C

Kalrn Kalirin, RhoGEF kinase

Ly6h Lymphocyte antigen 6 complex, locus H

Mef2c Myocyte enhancer factor 2C

Mef2d Myocyte enhancer factor 2D

Nnat Neuronatin

Ntrk2 Neurotrophic tyrosine kinase, receptor, type 2

Ogt O-linked N-acetylglucosamine (GlcNAc) transferase 

 (UDP-N-acetylglucosamine:  

 polypeptide-N-acetylglucosaminyl transferase)

Pdgfra Platelet derived growth factor receptor, alpha polypeptide

Pea15 Phosphoprotein enriched in astrocytes 15

Pkia Protein kinase inhibitor, alpha

Ppap2b Phosphatidic acid phosphatase type 2B

Prkcc Protein kinase C, gamma

Psg16 Pregnancy specific glycoprotein 16

Ptprz1 Protein tyrosine phosphatase, receptor 1 

 type Z, polypeptide

Rtn4rl1 Reticulon 4 receptor-like 1

Shisa9 Shisa homolog 9 (Xenopus laevis)

Sirpa Signal-regulatory protein alpha

Slc27a1 Solute carrier family 27 (fatty acid transporter), member 1

Tiam1 T-cell lymphoma invasion and metastasis 1

Tnrc4 Trinucleotide repeat containing 4

Unc84a Unc-84 homolog A (C. elegans)

subcellular localizations, or processes. By looking for annotations 
overrepresented in patterns NE or OE we find several interesting 
groups, though none reach significance after multiple test correc-
tion. For pattern NE the top ranked groups include “regulation 
of transport” (GO:0051049, p-value = 8.3 × 10−5) and “regulation 
of neurotransmitter secretion” (GO:0046928, p-value = 0.0035). 
Pattern OE is enriched for groups such as “potassium ion trans-
port” (GO:0006813, p-value = 0.0047), “cellular ion homeostasis” 
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(GO:0006873, p-value = 0.013), and “regulation of membrane 
potential” (GO:0042391, p-value = 0.0015). The full GO analysis 
is available as Data sheet 3 in Supplementary Material.

By linking homologous sequences we quantified how evolution-
ary recent the pattern NE and OE genes are. Surprisingly, only 
three of the pattern NE genes had a homolog in yeast, worm, or 
fly genomes (7.5%, p-value = 0.00023, hypergeometric test). The 
pattern OE group had 23 (37%, p = 0.067) of earlier origin, slightly 
more than the faction seen in the entire coronal gene set (32%). 
Both sets had about the expected number of detected orthologs 
in the human genome.

We used a third bioinformatics approach to test whether these 
two patterns might reflect differences in cellular populations, 
using the Transcriptome Database for Astrocytes, Neurons, and 
Oligodendrocytes (Cahoy et al., 2008). Figures 1 and 4 show that 

gene symbol Name

Kctd9 Potassium channel tetramerization domain containing 9

Klk6 Kallikrein 6

Lgi3 Leucine-rich repeat LGI family, member 3

Limk1 LIM-domain containing, protein kinase

Map2k6 Mitogen activated protein kinase kinase 6

Mmel1 Membrane metallo-endopeptidase-like 1

Nefh Neurofilament, heavy polypeptide

Nifun NifU-like N-terminal domain containing

Nrg1 Neuregulin 1

Pacs2 Phosphofurin acidic cluster sorting protein 2

Plekhb1 Pleckstrin homology domain containing, family B  

 (evectins) member 1

Plp1 Proteolipid protein (myelin) 1

Pnkd Paroxysmal non-kinesigenic dyskinesia

Prune2 Prune homolog 2 (Drosophila)

Pvalb Parvalbumin

Qdpr Quininoid dihydropteridine reductase

Rnd2 Rho family GTPase 2

Rnf13 Ring finger protein 13

S100a16 S100 calcium binding protein A16

S100b S100 protein, beta polypeptide, neural

Scn1a Sodium channel, voltage-gated, type I, alpha

Sema7a Sema domain, immunoglobulin domain (Ig), and GPI  

 membrane anchor, (semaphorin) 7A

Serpinb1c Serine (or cysteine) peptidase inhibitor, clade B,  

 member 1c

Sgpp2 Sphingosine-1-phosphate phosphatase 2

Slc12a2 Solute carrier family 12, member 2

Slc39a14 Solute carrier family 39 (zinc transporter), member 14

Slc44a1 Solute carrier family 44, member 1

Slc4a2 Solute carrier family 4 (anion exchanger), member 2

Slc6a5 Solute carrier family 6 (neurotransmitter transporter,  

 glycine), member 5

Syt2 Synaptotagmin II

Vamp1 Vesicle-associated membrane protein 1

Zfyve9 Zinc finger, FYVE domain containing 9

Table 2 | Pattern Oe gene symbols and names.

gene symbol Name

3632451O06Rik RIKEN cDNA 3632451O06 gene

Acyp2 Acylphosphatase 2, muscle type

Adssl1 Adenylosuccinate synthetase like 1

Ankrd34b Ankyrin repeat domain 34B

Arhgef10 Rho guanine nucleotide exchange factor (GEF) 10

Armc2 Armadillo repeat containing 2

Aspa Aspartoacylase (aminoacylase) 2

B630019K06Rik RIKEN cDNA B630019K06 gene

Bcat1 Branched chain aminotransferase 1, cytosolic

Cables2 Cdk5 and Abl enzyme substrate 2

Car2 Carbonic anhydrase 2

Cldn11 Claudin 11

Cnp1 Cyclic nucleotide phosphodiesterase 1

Cnp1 Cyclic nucleotide phosphodiesterase 1

Cryab Crystallin, alpha B

Cyp27a1 Cytochrome P450, family 27, subfamily a, polypeptide 1

Daam2 Disheveled associated activator of morphogenesis 2

Ddt d-Dopachrome tautomerase

Dip2a DIP2 disco-interacting protein 2 homolog A (Drosophila)

Elovl5 ELOVL family member 5, elongation of long chain fatty  

 acids (yeast)

Endod1 Endonuclease domain containing 1

Enpp2 Ectonucleotide pyrophosphatase/phosphodiesterase 2

Fa2h Fatty acid 2-hydroxylase

Fts Fused toes

Galnt6 UDP-N-acetyl-alpha-d-galactosamine: polypeptide  

 N-acetylgalactosaminyltransferase 6

Gatm Glycine amidinotransferase (l-arginine: glycine  

 amidinotransferase)

Glra1 Glycine receptor, alpha 1 subunit

Glul Glutamate–ammonia ligase (glutamine synthetase)

Gprc5b G protein-coupled receptor, family C, group 5,  

 member B

Hcn2 Hyperpolarization-activated, cyclic nucleotide-gated  

 K+ 2

Kcng4 Potassium voltage-gated channel, subfamily G,  

 member 4

pattern NE is enriched for genes identified by Cahoy et al. (2008) 
as being neuron enriched (p-value = 0.0016, hypergeometric test). 
In contrast, pattern OE has half the number of expected number 
of neuron-enriched genes (p-value = 0.015). For the Cahoy oligo-
dendrocyte genes the opposite pattern appears, with 29 genes in 
pattern OE (p-value < 0.0001). Genes from the Cahoy “astrocyte” 
gene set were represented approximately equally in both sets at the 
expected proportions. Similar results were obtained by using the 
lists of oligodendrocyte and neuron-enriched gene sets from the 
ABA (Lein et al., 2007). These strong cell-type signals led us to label 
the two gene sets as neuron enriched (NE) and oligodendrocyte 
enriched (OE).

The results presented thus far are limited to information 
obtained at the gene level. While the two profiles seem to have a 
relationship to cell type, we wanted to test if they provide infor-
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mation about higher-level brain structure. Our next analysis stage 
incorporated information on spatial locations within the brain 
and connectivity.

We first summarized patterns NE and OE as the average of the 
expression patterns of the gene sets. While pattern OE has slightly 
lower expression levels on average, the two patterns have very simi-
lar variance. This expression pattern across regions was found to 
be significantly correlated with the anterior–posterior axis: regions 
that have high pattern OE expression tend to be at the posterior end 
of the brain (Spearman’s r = 0.81), with the opposite true of pattern 
NE (r = −0.76). We previously noted that regions in the posterior 
end of the brain had fewer connections (r = 0.55; French and 
Pavlidis, 2011). Accordingly we found that the expression patterns 
correlated with the number of connections the regions have. For 
incoming connectivity degree the Spearman correlations are 0.49 
and −0.54 for pattern NE and OE respectively (141 brain regions). 
For the 112 regions that have at least one report of an outgoing 
connection the correlations are 0.32 and −0.44 for pattern NE and 
OE respectively. Joining the incoming and outgoing connections 
provides 142 brain regions with correlations of 0.48 (pattern NE) 
and −0.59 (pattern OE). This means that higher expression of pat-
tern NE is found in “hub-like” regions with many connections, and 
high expression of pattern OE is observed in “relay-like” regions 
with few connections. The relationship is shown in Figure 5 with 
regions of high connectivity degree with low pattern OE expres-
sion and high pattern NE expression. All of the above correlations 
are significant at p < 0.001. It is important to note that the entire 
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Figure 3 | Principal components analysis. Gene loadings for pattern NE (red circles), pattern OE (blue triangles), and all other genes (small black circles) are 
plotted. The first two principal components, PC1 (16.4% of the variance) and PC2 (11.8% of the variance), separate the two patterns.

Figure 2 | Sagittal expression energy images of a pattern Ne and Oe 
gene. CamK2a displays pattern NE (image series 79360274) and S100b shows 
pattern OE (image series 924). Images were downloaded from the ABA web 
site (http://www.brain-map.org). While all expression information for the 
analysis is from coronal assays, we selected a sagittal view to better show 
interregional variability in a single section.
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bias in the coronal set gene selection, which favored genes expressed 
in the cortex and hippocampus (Ng et al., 2009). Against this base-
line, the anterior–posterior expression gradient of the pattern NE 
and pattern OE genes is still very high.

Because of the known relationship between spatial location 
in the brain and patterns of connectivity, we sought to correct 
for this in our analysis of the NE and OE patterns, using partial 
correlations. We found that the correlations with incoming con-
nectivity degree are still significant after correction for anterior–
posterior location, with correlations of 0.20 (pattern NE) and 
−0.30 (pattern OE). Similarly, the outgoing degree correlations 
were still significant, though reduced in magnitude: 0.07 (pattern 
NE, p-value = 0.001) and −0.30 (pattern OE). Correlations to the 
combined degree across 142 regions are 0.16 (pattern NE) and 
−0.35 (pattern OE; all of the above correlations are significant at 
p < 0.001 unless otherwise noted). A similar analysis carried out 
using the full Cahoy “neuron” and “oligodendrocyte” lists show 
similar trends, albeit much weaker than patterns NE and OE. 
Expression of the Cahoy astrocyte-enriched genes is not signifi-
cantly correlated with connectivity degree or anterior–posterior 
axis (p > 0.1).

Given the relationship of the NE and OE sets to connectivity, 
it was of interest to test how these gene sets relate to our previ-
ous results (French and Pavlidis, 2011). In that work we presented 
gene sets that had optimal expression correlations with connectivity 
(see Introduction for more detail). Unlike the present study, those 
genes were selected on the basis of correlation with connectivity 
patterns, not the number of connections. Thirteen of the pattern 
NE genes and five pattern OE genes overlap with the connectivity-

coronal gene set has substantial correlations of expression levels to 
anterior– posterior axis (r = 0.29), incoming (r = −0.19), outgoing 
 connection degree (r = −0.25). This spatial correlation reflects a 

neuron oligodendrocyte astrocyte other

Fr
ac

tio
n 

of
  P

at
te

rn

0.
0

0.
1

0.
2

0.
3

0.
4

Pattern NE
Pattern OE

Figure 4 | Fraction of cell-type enriched genes appearing in the two 
patterns. p-values below 0.05 are marked by * and below 0.005 with **. 
Neuron-enriched genes are overrepresented in the NE list and 
underrepresented in the OE list. Oligodendrocyte genes are overrepresented 
in the OE list but not significantly underrepresented in the NE list.

0 50 100 150 200 250 300

−1
0

Connectivity Degree

Av
er

ag
e 

Pa
tt

er
n 

Ex
pr

es
si

on

Pattern NE
Pattern OE

1
3

2

Figure 5 | relationships between degree and expression patterns. Connectivity degree is plotted against average pattern NE (red circles) and OE (blue triangles) 
expression levels for each brain region. Degree for the 142 regions is the sum of both incoming and outgoing connections.

French et al. Gene expression and connectivity

Frontiers in Neuroinformatics www.frontiersin.org July 2011 | Volume 5 | Article 12 | 7

http://www.frontiersin.org/Neuroinformatics/
http://www.frontiersin.org
http://www.frontiersin.org/Neuroinformatics/archive


Patterns NE and OE are suggestive of differences in the relative 
proportion of neuronal and glial cell populations in the brain 
regions in which they are expressed. We further hypothesize that 
the correlations these patterns have with connectivity might be 
explained in terms of highly connected regions having more 
neurons, and concomitantly fewer oligodendrocytes. However, 
we could not rigorously test these ideas here because measure-
ments of glia-to-neuron ratios across many brain structures do 
not appear to be readily available. More detail about the nature of 
connectivity supported by the pattern NE and OE regions could 
also provide insight; in particular the connectivity data we used 
does not detail if the connections are highly myelinated, inhibi-
tory, or excitatory. We also found that the pattern NE genes have 
a more recent evolutionary origin, while the pattern OE genes 
tend to be more ancient. This agrees with past work that found 
evolutionary expansion and regional variation of synaptic genes 
that are expressed primarily in neurons (Pocklington et al., 2006; 
Emes et al., 2008).

We note that the connectivity data we employ does not form a 
complete connectome. The connectivity data we use lacks infor-
mation about connections that have been shown not to exist. 
In addition, many brain region pairs have not been studied in 
a curated tract tracing experiment and may or may not be con-
nected. Of these three cases only one (connected but not known) 
would increase connectivity degree of a region. Large increases 
in connectivity degree will affect our results but small changes 
in connectivity degree are unlikely to change the correlations 
because we measure Spearman’s rank correlation coefficient. 
However, we expect additional connectivity data for regions with 
few reported connections will allow deeper analysis. Further, use 
of the BAMS connectivity data requires pooling of the underlying 
voxel-based gene expression data into brain regions. This limits 
our results to less than half of the brain by volume but prevents 
large regions from dominating the analysis. A larger analysis at 
the voxel level may result in more robust inverse correlations. 
However, associations to connection degree could not be per-
formed because voxel level connectivity data is limited for mouse 
(Moldrich et al., 2010).

Our analysis required the integration of several complex data 
sets, illustrating several methodological problems that hinder such 
efforts. Mapping between anatomical atlases presents a signifi-
cant challenge in linking transcriptomics to connectomics. While 
genomics has mostly sorted out how to reference specific genes 
(Gerstein et al., 2007), it is much harder to identify and delineate a 
specific brain region (Bohland et al., 2009a; Hawrylycz et al., 2011). 
In C. elegans the stable number of neurons allows each one to be 
given a unique identifier, but in more complex organisms even 
within a specific atlas it can be hard to map brain regions across 
atlases. For example, in the BAMS database we found differences 
between the 1998 atlas and 2004 rat brain atlases (Swanson, 1999, 
2004). Although mappings between the two atlases are formalized 
and accessible, only 60% of the regions have mappings (Swanson 
and Bota, 2010). CoCoMac, a tract tracing database of Macaque 
connectivity has spent significant effort to reconcile the atlases 
and like BAMS it provides information on equal, overlapping, and 
enclosing brain regions (Stephan et al., 2000; Kotter, 2004; Kotter 
and Wanke, 2005). Using CoCoMac, Modha and Singh (2010) 

optimized gene set from French and Pavlidis (2011). Accordingly, 
using the same analysis method of French and Pavlidis (2011) to 
evaluate relationships between expression and connectivity pat-
terns, the pattern NE and OE genes (pooled) were not significant. 
In an analysis more closely related to the one undertaken here, 
French and Pavlidis (2011) also ranked genes by correlation of 
expression level with connectivity degree, but this was not studied 
in any detail. Unsurprisingly, the pattern NE and OE sets have 
strong overlaps with these lists: 89% of the pattern OE genes have 
significant negative degree correlations and 65% of pattern NE 
genes have significant positive degree correlations.

dIscussIon
In this paper we have shown how a complex expression pattern 
in the rodent brain can be dissected in terms of genes, cell types, 
spatial location, and connectivity. To our knowledge, the expres-
sion patterns we identified have not been previously described. 
However, previous work has uncovered possible links between 
neuroanatomy, gene expression, and cell type. Using a voxel-based 
PCA on a subset of the ABA data, Bohland et al. (2009b) noted 
that the two most separable structures, the striatum and cerebel-
lum, contain a relatively large number of GABAergic inhibitory 
neurons. There are a number of differences between the analysis 
of Bohland et al. (2009b) and ours, including the use of voxels vs. 
brain regions and the choice of genes analyzed, so it is not easy to 
compare them (indeed it appears the components in the two PCAs 
are not equivalent), but it is likely that at least some of the highly 
weighted genes in the pattern identified by Bohland et al. (2009b) 
are genes in the pattern we found. A second study has examined 
a link between expression and connectivity for two specific brain 
regions (Ng et al., 2009). Using the anatomic gene expression atlas 
(AGEA) Ng et al. (2009) visualized correlated expression profiles 
of the parafascicular nucleus and the ventral posterior complex. 
The ventral posterior complex is a “relay nucleus” and has fewer 
connections than the hub-like parafascicular nucleus. The AGEA 
visualization demonstrated that the regions have diverse expression 
correlation maps that might reflect their diverse function (Ng et al., 
2009). In agreement with this result, in our analysis the highly con-
nected parafascicular nucleus has high expression of the neuron-
enriched pattern NE compared to the ventral posterior complex. 
For the oligodendrocyte enriched pattern OE the opposite is true. 
Our results are consistent with the idea that degrees of connectivity 
might be reflected in expression pattern.

By comparing to our previous results on connectivity correla-
tions with expression (French and Pavlidis, 2011), we found the 
patterns seems to contain weak information about connection 
partners. However, when compared to the background gene set 
neither of pattern NE and OE gene lists carry significant informa-
tion about connectivity patterns beyond number of connections. 
As expected the pattern NE and OE lists do overlap significantly 
with the previously extracted lists of 887 and 1127 genes that 
had expression levels positively and negatively correlated with 
degree (p-value < 0.0001, hypergeometric test). In contrast our 
lists provide a much smaller set of genes that provide an interest-
ing link to cell-type distribution. Thus patterns NE and OE are 
distinct from the connectivity-related patterns of French and 
Pavlidis (2011).
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appendIx

Figure A1 | Density plot of expression correlations within pattern Ne and Oe genes.
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