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Study of gene expression has been arguably the most active research field in functional
genomics. Over the last two decades, various high-throughput technologies, from gene
expression microarray to RNA-seq, have been widely applied to the whole-genome profiling
of gene expression. The commonality of these experiments is that they measure the gene
expression levels of “bulk” sample, which pools a large number (often in the scale of
millions) of cells, and thus the measurements reflect the average expression of a population
of cells.

The recently developed single-cell RNA sequencing technology (scRNA-seq) allows the
transcriptomic profiling at the single-cell level (Tang et al. 2009). Compared with the bulk
experiments, SCRNA-seq provides important information for inter-cellular transcriptomic
heterogeneity, adding another dimension to understand gene expression regulation and
dynamics. The technology has gained considerable interests recently, and a number of
experiments have been performed to study highly heterogeneous samples such as cancer and
brain (Patel et al. 2014, Zeisel et al. 2015).

One major goal of sScRNA-seq experiment is to characterize the heterogeneity of gene
expression among cells, and then relate that to phenotypic variation. So far, the sScCRNA-seq
data analyses have been mainly focused on cell clustering (Bendall et al. 2014, Trapnell et
al. 2014) and differential expression (Kharchenko et al. 2014). However, since genes
function through a complex biological system, another important aspect of gene expression
analysis is to reconstruct and detect changes in the gene networks (Hase et al. 2013,
Siegenthaler and Gunawan 2014). Differential network analysis can reveal biological
responses to stimuli through the re-wiring of biological network (Ideker and Krogan 2012).
So far, the network analysis of SCRNA-seq data has not been fully explored.

Traditionally, from bulk expression data, the network construction and comparison are based
on repeated measure of expression such as time courses or population studies. Studying
differential network using population data is based on between-person correlation patterns,
which may not agree with the within-person dynamics of genes, especially when the
population is heterogeneous, such as cancer. This is similar to the situation in genetic
association study, where the association could be masked by sample heterogeneity (Wills et
al. 2013). Using scRNA-seq data, existing methods can be applied to study gene networks.
Since the cellular heterogeneity is no longer an issue, other confounding factors (such as age
and demographics) from the population studies are mostly removed, the gene network
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constructed from scRNA-seq data can potentially provide cleaner signals and more
biologically plausible results compared with that from the bulk expression data.

In this work, we conducted proof-of-concept analyses of SCRNA-seq data to construct and
compare gene networks from distinct biological conditions. We performed analyses on two
datasets: one for human brain cancer and the other for mouse embryonic stem cell
differentiation. We found that results from both studies are biologically meaningful: genes
showing different levels of connectivity on the network are related to the phenotypes of
interest. Overall, these results show that constructing and comparing gene network are very
promising directions for ScRNA-seq data analysis, and add another dimension to the
understanding of inter-cellular gene expression dynamics.

For gene network construction, we assumed the input data is an /by p matrix for expression
values from A cells and p genes denoted by X. The gene expression values could be
sequence read counts or normalized counts such as RPKM (Reads Per Kilobase of transcript
per Million mapped reads). Due to technical limitation, SCcRNA-seq data often contains
unusually high number of genes with zero expression values, which could be from
undetectable low expression or are missing due to technical error. In our analysis, the first
step is to discard these genes because they undermine the signal to noise ratio. In the results
presented, we set a “sparsity threshold” at 40%, meaning that genes with over 40% cells
having expression level 0 will be discarded.

We followed the approach for single cell gene differential connectivity test. The approach
was originally developed for gene expression microarray data (Gill et al. 2010). Assume X;
and X>are scRNA-seq data from two groups. For each group, we first constructed a pair-
wise gene connectivity matrix using Spearman's rank correlation for robustness. After this

step, we had two p by p connectivity matrices G, = (S,la.) and G, = (Si.) , where Sy;jis
pPXp Upxp

the connectivity score between gene kand /. Based on connectivity matrices, we applied the
method developed in (Gill et al. 2010) to perform the differential connectivity test. First,
mean absolute distance (MDA statistics is defined to measure the mean difference in
connectivity of the &N gene between Gy and Gy:

_ 1 1_2
d(k1G |, G,) = ﬁ;k'ski -85
1

P-value is calculated using the following permutation approach. X; and X»are pooled
together to have the pooled data X{;+)xp The rows of Xare then permuted, and the first /7
rows are deemed from condition 1, and the remaining /7 rows are deemed from condition 2.
The permutated MDA statistics are then calculated from these data. Repeat this procedure
for Ptimes and the permutation p-value is calculated as:

1
pd) = P Z 1(d(g) permuted 2 d(g Dobserved
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where /() is identity function and Pis set to be 1000. At last, we control the false discovery
rate (FDR) (Benjamini 1995). Given a significance threshold, differentially connected genes
(DCGs) can be selected.

Here, we present the results from the sScRNA-seq data from a human brain cancer study
(Patel et al. 2014). It focuses on the intratumoral diversity in primary glioblastoma (GBM),
where the heterogeneity and the associated redundant signals in GBM often make the
traditional therapies ineffective. The major goal of the study is to characterize the cellular-
level gene expression variation in GBM. The study includes expression data from 430 single
cells isolated from five GBM patients (MGH26, MGH28-31) and 102 single cells from two
gliomasphere cell lines (GBM6, GBMS8). The data are obtained from GEO (GSE57872).

After preprocessing to remove genes with excessive zero expression values, 5939 genes are
retained for differential connectivity test. We first explored the distribution of the Spearman
rank correlation among gene expression from all samples (five patients and two cell lines).
Fig. 1A shows the marginal distribution of the correlation. It is clear that the correlation
among five GBM patients are stochastically weaker than those from two cell lines (density
curves are more concentrated at zero), which is reasonable since one would expect greater
heterogeneity from primary cancer samples.

Next, we conducted differential connectivity analyses under several settings: (1) the overall
connectivity difference between primary GBM (five patients) and gliomasphere (two cell
lines); (2) the pair-wise difference among all five GBM patients; (3) the difference between
two gliomasphere cell lines. As a control, we tested each of the five patients by randomly
spliting the cells into two sub-samples with equal sizes and test between them.

We used a stringent criterion to select DCGs (FDR < 0.001). The numbers of DCGs from all
tests are summarized in Fig. 1C. First, there are substantial number of genes showing
differential connectivity between primary GBM and two cell lines. We discovered 1992
DCGs which is 33.5% of the total number of genes tested. This demonstrates that the gene
networks are significantly different between the primary tumors and the cell lines. The tests
among GBM patients yield much less DCGs: on average there are about 50 DCGs which is
about 1% of all genes. This is consistent with the results reported in the original publication
(Patel et al. 2014), that the intratumoral heterogeneity was found to be greater than normal
oligodendrocytes. In addition, many cells from one tumor crossed into the transcriptional
space of another tumor. On the other hand, even though the GBM shows greater
heterogeneity than the cell lines, the differences in gene connectivity patterns among GBM
patients are not as pronounced as between GBM and cell lines. These results indicate that
the cell lines may not be sufficiently representative of the primary tumor, at least in the sense
of gene co-expression patterns. The comparison between the two cell lines results in 12
DCGs, which is reasonable since we expect less diversity from the cell lines. Finally, the
within-patient comparison (shown in the diagonal elements of the table) gives a very small
number of DCGs, which are false positives. This demonstrates that the false positive rates
are very low from the differential connectivity test procedure. Overall, the numbers of DCGs
discovered from the tests make biological sense.

J Genet Genomics. Author manuscript; available in PMC 2018 May 07.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Wang et al.

Page 4

To check whether the detected DCGs are biologically relevant or not, we searched each gene
plus a specific keyword, the biological condition of the study, on PubMed and utilize the
number of returned citations as an indicator of the previous exposure. For consistency
analysis, we conducted a Poisson regression:

C itationi~P0isson(7»i),

}‘i =0y +oyp— value

where 7is gene index and a.; can be viewed as an indicator of the reliability of the results.

Here, we use “glioblastoma” as keyword in the PubMed search. Fig. 1B shows the p-values
of the DCGs versus the numbers of citations returned from the search. A clear negative
association can be observed. Based on Poisson regression, the association between p-value
and Citation is significantly negative, where aq = —2.06 with p-value <2x10716, This
indicates that genes with smaller p-values (showing greater differences in connectivity
between GBM and gliomasphere cell lines) tend to be reported more previously. These
results further validate the biological relevance of the differential connectivity results from
this dataset. We took the DCGs between primary GBM (five patients) and gliomasphere
(two cell lines) and performed the GO biological process enrichment analysis using GOstats
(Falcon and Gentleman 2007). The top GO biological processes are focused around energy
production, ion transport, RNA/protein synthesis, and small molecule metabolism.

To further investigate the different connectivity patterns, we select the significantly
associated genes with any DCG at a local false discovery rate (Ifdr) < 0.05 in either of the
two groups, glioblastomas and gliomasphere. The Ifdr values were obtained by fitting a
mixture model based on Spearman’s Rho values using farfool package (Strimmer 2008). We
took PTPRZ1 as an example. PTPRZ1 is a receptor protein tyrosine phosphatase that mainly
functions in the central nervous system (CNS). Its normal function is regulating
developmental processes in the CNS (Wang et al. 2010). As shown in Fig. 1D, the
connectivity pattern of PTPRZ1 differs substantially between two conditions. Fig. 1E shows
the top five GO biological process terms associated with the PTPRZ1-connected genes
under two conditions. In glioblastoma cells, PTPRZL1 is correlated with genes that function
in nervous system development, which is close to its normal biological function. On the
other hand, in gliomasphere cells, PTRPZ1 is correlated with large molecule metabolism and
localization. The results indicate that in gliomasphere cells, genes associated with tissue-
specific functionalities may be dysregulated. The full results of gene-level connectivity
pattern change and related biological functions can be found at http://web1.sph.emory.edu/
users/tyu8/SCDGN/GBM.html. We note that having a large number of changed connections
does not necessarily imply that the DCG is a functional hub, but only represents that the
detected DCG has different significantly connected genes under different conditions, which
may reflect the change of an underlying regulatory mechanism as demonstrated in the
PTPRZ1 example.

We further conducted cell clustering using monocle (Trapnell et al. 2014) based on the
expression values of the DCGs (Fig. S1). The DCGs can separate the samples reasonably
well. The cell line data points form very close clusters, and the two cell line clusters are very
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close to each other. The primary tumor data points roughly separate by patients, and the data
points are more spread than the cell line data, supporting the conclusion that the cell line
data are more homogeneous than the primary tumor data. There are some cross-over of data
points between primary tumors, which was also observed in Patel et al.’s original
publication (Patel et al. 2014) using all genes with a different dimension reduction method.

Another study of mouse ES cells and mouse embryonic fibroblasts (MFE) can be found in
Supplementary data. In this work, we performed gene network analysis from scRNA-seq
data. The main purpose of this work is to perform proof-of-concept analyses to demonstrate
and validate the possibility of differential network analysis from single cell data. Gene
network construction and comparison have been widely applied in bulk expression data to
discover gene regulation mechanism. The network analysis from bulk expression suffers
several drawbacks. First, gene networks constructed from the bulk expression is based on
averaged gene expressions of a large number of cells. In highly heterogeneous samples such
as cancer, the heterogeneity could mask the true biological signals and provide biased
results. Secondly, the bulk data were often performed in several batches, and the
measurements could potentially be contaminated by technical artifacts such as batch effects.
Furthermore, other confounding factors in the bulk data such as age, gender, disease status,
could further weaken the biological signals. In contrast, SSRNA-seq experiments are well-
controlled for those artifacts, thus providing cleaner results.

As the analyses of scRNA-seq data are mostly focused on clustering and differential
expression so far, our discoveries and results provide new perspective to the analysis of
scRNA-seq data. Similar principals can potentially be applied to other single cell genomics
data (Buenrostro et al. 2015) to further mine the rich information provided by this new and
exciting technology. Our analyses are performed for all cells from an experiment, which
could be heterogeneous and each subtype of cells has its own gene network. It will be better
to perform cell clustering, and then perform network analysis within each subtype. This will
be our research plan in the near future.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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GOBPID | P value | Term
Glioblastoma
GO:0007610 | 2.39E-07 | Behavior
GO:0007399 | 4.68E-06 | nervous system development
GO:1901841 | 6.58E-06 | regulation of high voltage-gated calcium channel activity
GO:0061061 | 1.40E-05 | muscle structure development
GO:0050877 | 2.31E-05 | neurological system process
Gliomasphere
GO:0000184 | 1.20E-05 | nuclear-transcribed mRNA catabolic process, nonsense-mediated decay
GO:0006614 | 1.20E-05 | SRP-dependent cotranslational protein targeting to membrane
GO:0022411 | 3.91E-05 | cellular component disassembly
GO:0019083 | 1.04E-04 | viral transcription
GO:0006415 | 1.26E-04 | translational termination
Fig. 1.

Differential single cell gene connectivity analysis of human glioblastomas data A:

Histogram of the Spearman' Rho on five patients and two cell lines; B: Consistency analysis

between the testing significance with the number of citation from PubMed; C: The number
of significant differentially connected genes based on local false discovery rate (Ifdr) <

0.001; D: Different connectivity pattern of PTPRZ1 under two conditions (glioblastoma and

gliomasphere), where the edge is thresholded by fdr < 0.05; E: Top five GO biological
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processes of the genes connected to PTPRZ1 under two conditions, after manually removing
redundancies.
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