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Abstract
Key message Aggregation across multiple networks highlights robust co-expression interactions and improves the 
functional connectivity of grapevine gene co-expression networks.
Abstract In recent years, the rapid accumulation of transcriptome datasets from diverse experimental conditions has enabled 
the widespread use of gene co-expression network (GCN) analysis in plants. In grapevine, GCN analysis has shown great 
promise for gene function prediction, however, measurable progress is currently lacking. Using accumulated microarray 
datasets from the grapevine whole-genome array (33 experiments, 1359 samples), we explored how meta-analysis through 
aggregation influences the functional connectivity (performance) of derived networks using guilt-by-association neighbor 
voting. Two annotation schemes, i.e. MapMan BIN and Pfam, at two sparsity thresholds, i.e. top 100 (stringent) and 300 
(relaxed) ranked genes were evaluated. We observed that aggregating across multiple networks improves performance dra-
matically, with the aggregate outperforming the majority of functional terms across individual networks. Network sparsity 
and size (i.e. the number of samples and aggregates) were key factors influencing performance while the choice of annotation 
scheme had little. Systematic comparison with various state-of-the-art microarray and RNA-seq networks was also performed, 
however, none outperformed the aggregate microarray network despite having good predictive performance. Repeating these 
series of tests using a functional enrichment-based performance metric also showed remarkably consistent findings with 
guilt-by-association neighbor voting. To demonstrate its functionality, we explore the function and transcriptional regula-
tion of grapevine EXPANSIN genes. We envisage that network aggregation will offer new and unique opportunities for 
gene function prediction in future grapevine functional genomics studies. To this end, we make the aggregate networks and 
associated metadata publicly available at VTC-Agg (https ://sites .googl e.com/view/vtc-agg).
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Introduction

Fundamental to the construction and analysis of gene co-
expression networks (GCN) is the ’guilt-by-association’ 
(GBA) principle (Gillis and Pavlidis 2012). This princi-
ple is based on the notion that genes that share common 
functions are often coordinately regulated across multiple 

experiments (Verleyen et al. 2015). Conventionally, GCNs 
are constructed from correlations (or related similarity meas-
ures) derived from the analysis of several experimental pro-
jects as a whole, in which tens to the low hundreds of sam-
ples often constitute each project. Such an approach is now 
a commonplace in numerous plant GCNs (Ruprecht et al. 
2017; Obayashi et al. 2018; Proost and Mutwil 2018) and 
has allowed gene-function predictions to be made with high 
statistical confidence or more recently, allow the evolution 
of biological pathways across multiple species to be studied, 
among others (Ruprecht et al. 2017). For these reasons, GCN 
analysis has gained recent attention in grapevine functional 
genomics research (reviewed in Wong and Matus 2017). In 
grapes, gene co-expression network analyses have been used 
to ascribe potential gene functions to specific genes (Loyola 
et al. 2016; Malacarne et al. 2016; Amato et al. 2017; Sun 
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et al. 2018) and gene families (Grimplet et al. 2016; Moretto 
et al. 2016; Wong et al. 2016, 2018) and to understand the 
regulation of various metabolic pathways (Wong et al. 2013; 
Malacarne et al. 2018). Other studies have focussed on 
GCNs within a ‘condition-dependent’ context such as stress 
responses (Dal Santo et al. 2016; Savoi et al. 2016; Savoi 
et al. 2017) and fruit development/ripening (Palumbo et al. 
2014; Massonnet et al. 2017) or the identification of cis-
regulatory element (CRE)-driven GCNs (Wong et al. 2017).

In grapevine, the bulk majority of GCN analysis in 
the last decade have been performed with the Nimblegen 
whole-genome array datasets, however, recent endeavors to 
construct RNA-seq GCNs have also been reported (Ohy-
anagi et al. 2015; Wong et al. 2017; Obayashi et al. 2018; 
Proost and Mutwil 2018; Vannozzi et al. 2018). In almost 
all known recent reports, conventional (non-aggregated) 
means of GCN construction has been performed. The latter 
involves summarizing all datasets as a whole and applying 
some form of co-expression metric. The rank of correla-
tion measure (e.g. PCC rank, MR, and HRR) (Obayashi and 
Kinoshita 2009; Ruprecht et al. 2017; Obayashi et al. 2018; 
Proost and Mutwil 2018) is one such robust and widely-
adopted metric in many recent plant GCN including grape-
vines. Causal GCNs based on the gaussian graphical model 
(GGM) have also been constructed using the VESPUCCI 
expression compendium (Malacarne et al. 2018). Compared 
to GCN resources for model plant systems that are plentiful, 
there are only a few publicly-available databases for GCN 
analysis in grapevine. Resources such as VTCdb (Wong 
et al. 2013), VESPUCCI (Moretto et al. 2016), ATTED-II 
(Obayashi et al. 2018), and CoNekT (Proost and Mutwil 
2018) provide excellent resources for customized gene-
function interrogation.

In non-plant systems where transcriptome datasets are 
plentiful, cumulative evidence have indicated that meta-anal-
ysis approaches—by means of aggregating individual GCNs 
from multiple network inference methods (Verleyen et al. 
2015) or individual experiments/projects (Gillis and Pav-
lidis 2011; Ballouz et al. 2015; Liesecke et al. 2019)—can 
improve the recovery of biologically-relevant associations. 
The underlying rank-and-summate aggregation strategy is 
simple, yet effective in producing a robust network of high 
biological relevance by prioritizing recurrent interactions 
across individual networks or inference methods. Further-
more, in the case where new datasets become available, indi-
vidual GCN can be constructed and seamlessly integrated 
into the aggregate. The area under the receiver operator char-
acteristic curve (AUROC) is a popular metric to evaluate 
the functional connectivity (performance) of GCNs (Bal-
louz et al. 2017). It assesses the degree to which association 
within a given gene set can be predicted by an input set 
using a given annotation scheme such as Gene Ontology 
(GO), Protein families (Pfam), and MapMan BIN. Therefore, 

when genes within a given gene set are more likely to have 
one another as neighbors, a high AUROC value, and thus 
better-performing network generally applies: i.e. in most net-
work settings, AUROC of 0.5, 0.7, and 0.9 are well-accepted 
proxies for random, good, and high function performance, 
respectively (Ballouz et al. 2017).

In plants, the role of network aggregation on the func-
tional connectivity of GCNs has not been thoroughly inves-
tigated until recently (Huang et al. 2017; Liesecke et al. 
2019). In one comprehensive study, Liesecke et al. (2019) 
leveraged several large datasets ranging between 600 and 
10,000 samples from Arabidopsis, tomato, and maize and 
found a moderate positive correlation between aggregate 
size (i.e. the number of aggregates) and GO AUROC per-
formance. Nonetheless, they showed that a few networks 
obtained from full (or randomly sampled subsets) datasets 
of reasonably large size (i.e. > 100 samples) showed com-
parable performance with the aggregate, suggesting that the 
former are already sufficiently robust and do not necessarily 
benefit from network aggregation. As exemplified in one 
study using human, rice, and yeast datasets, GCNs con-
structed from large sample sizes (ca. 1000–2000) or a subset 
of these (ca. 300–500) often suffice to infer a large number 
of robust associations (Gibson et al. 2013). Furthermore, 
in model species such as Arabidopsis, humans, mouse, and 
rat where transcriptomic datasets are plentiful, a saturation 
of performance was often evident with GCNs constructed 
from very large datasets (e.g. > 10,000 samples) (Aoki et al. 
2016; Obayashi et al. 2019). Therefore, the prospect of uti-
lizing network aggregation may be limited in these circum-
stances or deserve deeper investigation. Indeed, Liesecke 
et al. (2019) showed that the use of different platforms 
(microarray and RNA-seq), partitioning strategies (random-, 
k-means-, and project-partitioned), and aggregation methods 
(co-occurrence, HRR-based) are among the key factors that 
can influence the performance of individual and aggregate 
plant GCNs. Consequently, several recommendations were 
put forth based on their extensive evaluation, however, care-
ful optimization was still required, as controlling for factors 
that maximize performance in one plant system and expres-
sion platform combination (Arabidopsis RNA-seq dataset) 
may not generally apply to others (i.e. tomato and maize 
microarray dataset) (Liesecke et al. 2019).

By taking advantage of a large compendium of microar-
ray datasets, we explore how meta-analysis through network 
aggregation influences the functional connectivity (perfor-
mance) of grapevine GCNs. A systematic comparison of 
the aggregate against individual and several state-of-the-art 
microarray- and RNA-seq-derived GCNs were also con-
ducted. This study will prioritise the MapMan BIN annota-
tion and GBA-based neighbor voting for performance eval-
uation across two sparsity thresholds suited for designing 
functional studies (Obayashi et al. 2018): i.e. top 100 and 
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300 co-expressed genes. Finally, examples of how the aggre-
gate networks can be used to confirm established functions 
and identify novel associations will be presented.

Materials and methods

Compilation of microarray data sets and functional 
gene annotation

Thirty-three separate experiments encompassing 1359 
microarray data sets performed on the 29 K NimbleGen 
Grape Whole-genome platform capable of profiling the 
expression of 28,811 genes were downloaded from Gene 
Expression Omnibus (Barrett et al. 2013) and Arrayexpress 
(Rustici et al. 2013). Raw intensity data were summarized 
for each experimental project independently and as a whole 
with oligo R package using the robust multiarray average 
method (Carvalho and Irizarry 2010). The pre-annotated 
protein family (Pfam) functional category of the 12Xv1 
genome prediction was downloaded from CRIBI Grape 
Genome Database (Vitulo et al. 2014). Additional functional 
annotation of genes using the plant-specific MapMan BIN 
category (Thimm et al. 2004) was performed using Mercator 
with default settings (Lohse et al. 2014).

Individual (non‑aggregate) and aggregated gene 
co‑expression network construction

For each expression dataset (i.e. individual GCN), a PCC 
rank (PR) network was constructed (Obayashi and Kinoshita 
2009). Briefly, the Pearson’s correlation coefficient (PCC) 
of each gene against all other genes was first calculated and 
ranked according to descending PCC. The top 100 (strin-
gent) and 300 (relaxed) ranked genes, roughly equating to 
a per-gene sparsity/threshold of 0.34% and 1.04% of the 
28,811 represented genes, were evaluated. For the aggre-
gated GCN, the frequency of co-expression interaction(s) 
present across individual GCNs was used as edge weights 
and ranked in descending order. As for the case of indi-
vidual GCNs, per-gene sparsity of 0.34% and 1.04%, regard-
less of a minimum number of co-expression interactions, 
were also used for constructing the final aggregate GCN. 
For comparative purposes with non-aggregated microarray 
networks, the PR, mutual rank (MR) and highest reciprocal 
rank (HRR) correlation rank networks were constructed by 
summarizing all 1359 samples (33 experiments) as a whole. 
RNA-seq-derived correlation rank networks were retrieved 
from ATTED-II (https ://atted .jp/) and CoNekT (https ://
conek t.sbs.ntu.edu.sg/) plant gene co-expression database 
and from earlier studies (Wong et al. 2018; Sun et al. 2018, 
2019; Vannozzi et al. 2018).

Network performance evaluation and gene function 
prediction

Networks were assessed for functional connectivity (per-
formance) via GBA neighbor voting- and enrichment-based 
performance metrics. GBA neighbor voting—a machine 
learning algorithm based on the GBA principle—was per-
formed in cross-validation across all given annotations and 
genes using the EGAD R package with default settings (Bal-
louz et al. 2017). Each network was scored by the area under 
the receiver operator characteristic curve (AUROC) across 
MapMan BIN and Pfam functional categories using threefold 
cross-validation. MapMan BIN and Pfam annotations were 
limited to groups containing 20–1000 genes to ensure robust-
ness and stable performance when using neighbor-voting (Bal-
louz et al. 2015; Verleyen et al. 2015).

Enrichment-based performance metrics were conducted 
as previously described (Ulitsky and Shamir 2009). Briefly, 
for each gene and all connected genes forming a group (i.e. 
subnetwork), multiple testing corrected enrichment P-values 
(false discovery rate, FDR) of MapMan BIN terms were first 
determined as previously described (Wong et al. 2016, 2017). 
Next, the fraction of terms enriched in at least one subnetwork 
at FDR < 10–4 (sensitivity) and the fraction of subnetwork 
enriched with at least one term at FDR < 10–4 (specificity) 
were determined and the overall performance score, F-measure 
was then calculated by taking the harmonic mean between 
sensitivity and specificity [2 × (sensitivity × specificity)/
(sensitivity + specificity)].

Functional term and cis‑regulatory element 
enrichment analysis

Enrichment of cis-regulatory elements (CREs) within each 
EXPANSIN gene subnetwork was performed as previously 
described with several modifications (Wong et al. 2016). 
Briefly, CREs inferred from the high-throughput TF bind-
ing site discovery method—the DAP motifs—were used 
(O’Malley et  al. 2016). After the removal of redundant 
motifs, 404 DAP motifs encompassing 48 distinct TF fami-
lies were retained and subjected to enrichment test consider-
ing the 1 Kb promoter region from the transcription start site 
and the + strand only. Multiple testing corrected enrichment 
P-values (FDR) < 0.05 determines significantly enriched CRE 
in each EXPANSIN gene subnetwork while an FDR < 0.01 
determines significantly enriched BIN term (results obtained 
from the enrichment-based performance evaluation of the 
aggregate).

https://atted.jp/
https://conekt.sbs.ntu.edu.sg/
https://conekt.sbs.ntu.edu.sg/
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Results

The rationale of parameter settings in performance 
assessments

Gene co-expression network performance is often sen-
sitive to multiple parameters, either individually or in 
combination (Obayashi and Kinoshita 2009; Usadel et al. 
2009; Ballouz et al. 2015; Serin et al. 2016; Obayashi 
et al. 2018). These include, but are not limited to the type 
of platform, correlation metric and thresholds used to 
establish co-expression, the type of gene annotation and 
functional ontology, and network evaluation metrics. In 
this study, two per-gene sparsity levels that are commonly 
adopted for gene function prediction and designing func-
tional studies were considered. The top 100 and 300 co-
expressed genes (Obayashi et al. 2018), hereafter referred 
to as stringent and relaxed thresholds in this study, typi-
cally corresponds to the top 0.33–0.34% (stringent) and 
1.00–1.04% (relaxed) of co-expressed genes in each gene 
list when using the Nimblegen whole-genome array and 
RNA-seq datasets with the widely adopted 12Xv1 gene 
annotation (29,970 genes).

For the choice of annotation scheme used for functional 
gene prediction and performance evaluation, we prior-
itized the MapMan BIN annotation (Thimm et al. 2004) 
over conventional ones (e.g. Gene Ontology, GO) for a few 
reasons: MapMan annotation is i. specifically designed 
for plant-specific processes and pathways, ii. contain less 
ambiguous terms that impede interpretation (e.g. enrich-
ment results), and iii. was shown to be superior in gene 
function prediction performance compared to GO in GCN 
analysis (Thimm et al. 2004; Klie and Nikoloski 2012; 
Bolger et al. 2018). As an alternative reference for per-
formance assessment, we will take advantage of the Pfam 
domain—a protein family- and domain-based functional 
identification scheme known for its comprehensiveness in 
ascribing many plant gene families (Bolger et al. 2018).

For the choice of metric used to assess performance, 
we prioritized the AUROC metric for its robustness but 
also its scalability across hundreds to thousands of func-
tional terms and very large network sizes (i.e. > 10,000 
genes) (Ballouz et  al. 2017).To ensure robustness and 
stable performance when using AUROC in GCN perfor-
mance evaluations, functional annotations (e.g. GO) were 
often subsetted to the terms containing 20–1000 genes in 
human and yeast (Ballouz et al. 2015; Verleyen et al. 2015) 
and 20–300 genes in maize (Huang et al. 2017). In this 
study, only MapMan BIN and Pfam terms with 20–1000 
annotated genes were used for AUROC performance 
evaluation. From a total of 1333 MapMan BIN terms 
(17,644 genes), only 285 terms (16,965 genes) satisfied 

this criterion. Similarly, of the 2927 Pfam terms (17,954 
genes), 187 (8920 genes) were retained for evaluation.

To benchmark the robustness of our preferred reference 
annotation and performance metric choices, we assessed the 
informativeness of using functional enrichment analysis of 
gene sets across the underlying gene network to evaluate 
the performance of predicting functional terms (Ulitsky and 
Shamir 2009). This enrichment-based performance assess-
ment will consider all 1333 MapMan BIN terms to evaluate 
the specificity, sensitivity, and F-measure performance of 
each network under investigation.

Network performance across individual 
experiments

To gain an understanding of how well each experimental 
project performed in our compendia prior to aggregation, 
33 individual networks were first constructed with stringent 
(IndNet100) and relaxed (IndNet300) thresholds. Regardless 
of sparsification, the average AUROC performance across 
the corpus of individual experiments was only of modest 
performance, often AUROC < 0.7 (Fig. 1a). For example, 
performance of BIN AUROCs across individual networks 
were clustered around an average of 0.62 (IndNet100) and 
0.65 (IndNet300) while the Pfam AUROC were 0.60 (Ind-
Net100) and 0.64 (IndNet300), respectively. A positive 
trend  (R2 of 0.47–0.49) of improved performance was also 
observed with increasing sample sizes across experimen-
tal projects (Fig. 1b). For example, bIndNet300 networks 
constructed from large sample sizes (> 100 samples) in 
particular achieve close to or greater than AUROC 0.7. 
They include only two experimental projects–the grapevine 
expression atlas that captures the transcriptomes of diverse 
organs/tissues across a wide range of development (Fasoli 
et al. 2012) and the berry development transcriptome ‘plas-
ticity’ study under various environmental and agricultural 
regimes (Dal Santo et al. 2013a). Conversely, networks con-
structed from small sample sizes (< 20 samples) often show 
poorer AUROC performance (AUROC 0.55–0.65).

Closer inspection of individual BIN and Pfam AUROCs 
revealed that some terms exhibit good performance 
(AUROC > 0.7) across all individual networks, however, 
they make up a small proportion with 8–18% of the total 
terms evaluated fitting this criterion (Fig.  1c). Simi-
larly, terms that showed exceptionally poor performance 
(AUROC < 0.55) were also a relative minority, occupying 
3–16% of the total terms evaluated. With a primary focus 
on BIN terms, we found that 32 (11%) and 53 (18%) of 
the 285 terms tested had average performances exceed-
ing AUROC of 0.7 across IndNet100 and IndNet300 net-
works, respectively (Supplementary Table  S1). These 
include terms related to photosynthesis (e.g. BIN1.1, 
BIN1.3), secondary metabolism (BIN16.8.2, BIN16.1.5), 
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stress (BIN20.1.7, BIN20.2.1), and protein (BIN29.2), 
among others. Conversely, those that performed poorly 
(AUROC < 0.55) include those within nucleotide metabo-
lism (BIN23.1, BIN23.3), transport (BIN34.7, BIN34.14, 
BIN34.21), and several transcription factor families 
(BIN27.3.9, BIN27.3.20, BIN27.3.35), among others. 
Consistent findings were also observed with Pfam terms 
across IndNet100 and IndNet300 networks (Supplemen-
tary Table S1). For example, Pfam terms such as PF00195 
(Chalcone and stilbene synthases), PF03936 (Terpene 
synthase family), PF00931 (NB-ARC domain), and 
PF00011 (Hsp20/alpha crystallin family) sharing strong 
correspondence with BIN16.8.2, BIN16.1.5, BIN20.1.7, 
and BIN20.2.1 respectively, were also shown to perform 
well (AUROC > 0.7). Similarly, Pfam terms that showed 
exceptionally poor performance such as PF00293 (NUDIX 
domain), PF00999 (Sodium/hydrogen exchanger family), 
PF00083 (Sugar and other transporters), and PF07716 
(Basic region leucine zipper), also have their related 
BIN counterparts BIN23.3, BIN34.14, BIN34.7, and 
BIN27.3.35, performing poorly.

Aggregating across multiple networks improves 
network performance dramatically

To investigate whether aggregating across multiple networks 
improves network performance, we aggregated individual 
networks in random order and perform this in a stepwise 
manner beginning with 2 until to 32 datasets/experiments. 
Briefly, in each iteration (i.e. addition of each network), 
the number of co-occurring interactions were used as edge 
weights, ranked in descending order, and thresholded at a 
per-gene sparsity of 0.34% and 1.04% (See Methods for 
details). Notably, our analysis clearly showed that aggre-
gation across all 33 experiments improves performance 
dramatically as captured by BIN and Pfam (Fig. 2a). In all 
per-gene sparsity and annotation combinations tested, we 
observed that performance variability and gains decrease 
with increasing iterations. The first 14 iterations showed 
the largest performance variability but also the most gains 
(AUROC > 0.1). In subsequent iterations, variability 
becomes minimal and performance gains have begun to pla-
teau. Nonetheless, performance gains were still appreciable 

Fig. 1  Individual microarray 
gene co-expression network 
performance at predicting gene 
function. a The distribution of 
BIN and Pfam AUROC perfor-
mance of 33 individual experi-
ments at stringent (top100) and 
relaxed (top300) sparsity thresh-
olds. Dashed lines indicate the 
average AUROC performance 
across all individual experi-
ments at each sparsity threshold 
under evaluation. b The rela-
tionship of individual network 
AUROC performance with their 
underlying experimntal project 
sample size. Linear regression 
lines and  r2 values of each spar-
sity threshold under evaluation 
are depicted. c Heatmap of each 
BIN and Pfam term perfor-
mance (ranked by descending 
mean term AUROC) across all 
individual experiments (ranked 
by ascending AUROC)
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Fig. 2  Aggregate microarray 
gene co-expression network 
performance at predicting gene 
function. a The distribution of 
BIN and Pfam AUROC perfor-
mance across random networks 
(2–32 experiments) and the full 
aggregate (33 experiments) at 
stringent (top100) and relaxed 
(top300) sparsity thresholds. 
At each iteration, aggregation 
curves were obtained from 10 
random orderings of experi-
ments. b Relationship of ran-
dom aggregate sample size with 
increasing iterations. Linear 
regression lines and  r2 values 
are depicted. c The distribution 
of BIN and Pfam AUROC per-
formance of the final aggregate. 
Dashed lines indicate the aver-
age performance across all BIN 
and Pfam terms at each sparsity 
threshold under evaluation
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even when comparing them within this range (i.e. perfor-
mance at iteration 20 vs 30). The total size of networks 
used for aggregation also scaled linearly  (R2 = 0.948) with 
increasing iterations (Fig. 2b). The full aggregated network 
encompassing 33 datasets was of very good performance 
(Fig. 2c) surpassing the very few good-performing indi-
vidual datasets in our assessments (Fig. 1b, Supplementary 
Table S1). The average BIN AUROC performance in the 
full aggregated network at 0.34% (AggNet100) and 1.04% 
sparsity (AggNet300) was 0.74 and 0.78, while the Pfam 
AUROC were 0.73 and 0.78, respectively.

Considerable mean performance improvement of ~ 0.13 
was observed when comparing the aggregate to the aver-
ages across individual (non-aggregated) networks (Fig. 3a). 
Dramatic performance gains (AUROC > 0.1) were often 
observed with terms that did not perform well across indi-
vidual networks (average AUROC < 0.7). In the aggregate, 
these terms clustered around an AUROC of 0.65–0.80 (Agg-
Net100) and 0.7–0.85 (AggNet300) respectively (Fig. 3b). 
Conversely, terms that performed well in individual net-
works (AUROC > 0.7) often show depreciating performance 
gains from aggregation (Fig. 3a). Furthermore, the major-
ity of annotations (188 of 285, 66%) never outperform the 
aggregate network across any individual network (Supple-
mentary Figure S1). However, terms that often do, show 

lower performance on average (AUROC < 0.65) in both the 
aggregate and across individual networks. We repeated these 
series of tests using Pfam annotations and found consistent 
findings.

With an emphasis on BIN terms, we observed that 67% 
(191 of 285) and 80% (233 of 285) of total terms have an 
AUROC > 0.7 in the AggNet100 and AggNet300 networks, 
respectively. In comparison with the individual networks, 
189 additional terms have an AUROC > 0.7 in the aggre-
gate (Supplementary Table S1). Of these, 128 BIN terms 
are in common, while 9 and 52 are unique to AggNet100 
and AggNet300, respectively. Terms that shown the most 
dramatic gains (AUROC > 0.15) are also plentiful and 
diverse in the aggregate—72 and 121 terms in AggNet100 
and AggNet300, respectively. Among others include those 
that belong to amino acid metabolism (BIN13.2), secondary 
metabolism—wax (BIN16.7), lipid metabolism (BIN11.1), 
cell wall metabolism (BIN10.1, BIN10.5), hormone metab-
olism (BIN17.7), and TCA/organic acid transformation 
(BIN8.1) pathways. Notwithstanding the widespread perfor-
mance boost seen in the aggregate networks, there were still 
a few (< 10) terms that still perform poorly (AUROC ~ 0.55) 
and do not benefit substantially with aggregation (Supple-
mentary Table S1). Nonetheless, there was no parent/top-
level BIN category showing consistently poor predictive 

Fig. 3  Properties of performance improvement in the aggregate gene 
co-expression network. Distribution of each BIN and Pfam AUROC 
performance improvement curves relative to a the average term 

AUROC performance across individual networks and b the final 
aggregate network at stringent (top100) and relaxed (top300) sparsity 
thresholds
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performance except for nucleotide metabolism (BIN23) at 
stringent thresholds. Repeating these series of tests using 
Pfam annotations also revealed consistent trends (Supple-
mentary Table S1).

The relationship of sparsification on i) the co-expression 
frequency edge weights and ii) their underlying PCC val-
ues in the were also investigated. We found that the median 
co-expression frequency in the AggNet100 and AggNet300 
network was 5 and 4 occurrences, respectively (Supple-
mentary Fig. 2). The majority of these co-expression links 
were characterized by strong positive PCC values, having a 
median PCC of 0.77 and 0.74, respectively (Supplementary 
Fig. 2). In comparison, at extreme sparsification thresholds 
(~ 0.001%), the median occurrence and PCC were slightly 
higher between 8–9 occurrences and 0.8–0.82 PCC, respec-
tively. Furthermore, a minimal overlap in PCC distribution 
between the observed and random aggregate (i.e. derived 
from aggregating individual experiments whose expression 
was fully randomized) in both stringent and relaxed spar-
sity thresholds further substantiates the robustness of the 
aggregate.

Comparative study of the aggregate with other 
state‑of‑the‑art microarray and RNA‑seq networks

In the last decade, the grapevine Nimblegen whole-genome 
array and recently, RNA-seq transcriptomes provided the 
bulk majority of datasets amendable for conventional (non-
aggregate) GCN construction in grapevine (e.g. Wong et al. 
2017; Obayashi et al. 2018; Proost and Mutwil 2018; Van-
nozzi et al. 2018). Most often, large gene expression matri-
ces (often hundreds to thousands of samples) and the rank 
of correlation were used to construct their corresponding 
correlation-rank GCNs directly without the need for aggre-
gating multiple GCNs. As the rank of correlations also 
permits equivalent performance comparisons at the same 
per-gene sparsity threshold across different co-expression 
data (Obayashi and Kinoshita 2009), we ask whether the 
aggregated network provide any appreciable gains (or none 
at all) in functional performance against a variety of micro-
array- and RNA-seq-derived correlation rank GCNs. In this 
study, we considered six distinct scenarios for performance 
comparison: Three microarray-derived GCNs constructed by 
summarizing all 1359 samples (33 experiments) as a whole 
(this study)—1. PR (micro_PR), 2. highest reciprocal rank 
(micro_HR), and 3. mutual rank (micro_MR)—and three 
RNA-seq-derived GCNs. The latter includes a 4. MR GCN 
(rnaseq1_MR) used in four recent reports (Wong et al. 2018; 
Sun et al. 2018, 2019; Vannozzi et al. 2018), a 5. HRR GCN 
(rnaseq2_HR) available from CoNekT (https ://conek t.sbs.
ntu.edu.sg/), and a 6. MR GCN (rnaseq3_MR) available 
from ATTED-II (https ://atted .jp/) plant gene co-expression 
database. These RNA-seq GCNs were constructed from 654 

(rnaseq1_MR), 612 (rnaseq2_HR), and 346 (rnaseq3_MR) 
RNA-seq datasets, respectively.

Performance rankings of all seven networks evaluated 
were highly congruent across the two sparsification thresh-
old and two references tested. The AUROC performance 
was generally good (average AUROC > 0.7) especially with 
relaxed sparsification, however, none outperformed the 
aggregate (Fig. 4, Supplementary Figure S3). The majority 
of BIN (51–74%) and Pfam (44–71%) terms showed good 
performance (AUROC > 0.7) in the microarray-derived 
networks (Supplementary Figure S4 and Table S2). Con-
versely, good-performing terms in RNA-seq-derived net-
works were much lower (27–66% of BIN and 29–56% of 
PFAM terms). We observed that the AUROC performance 
of all three rank of correlation metrics (i.e. micro_PR, MR, 
and HR) assessed using whole microarray datasets were very 
similar, with minimal variation among them. In addition, 
we observed that microarray-derived networks (the aggre-
gate and non-aggregate) generally perform better than those 
constructed with RNA-seq datasets. Similarly, the aggregate 
(i.e. at ~ iterations 8 and 16) and microarray correlation rank 
networks (i.e. at ~ subset size of 250 and 650) downsampled 
to that of corresponding RNA-seq network sizes consist-
ently showed superior performance (Fig. 2a, b, Supplemen-
tary Figure 5). Nonetheless, of the three RNA-seq networks 
evaluated, rnaseq1_MR was the only one that comes closest 
to the performance indices of the aggregate or microarray 
correlation-rank networks. 

Next, we explored in greater detail the performance gains 
of functional terms in the aggregate compared to the six net-
works evaluated. Across the comparisons, the performance 
of most terms (> 60%) never outperform the aggregate (Sup-
plementary Figure S6 and Figure S7). For example, when 
the aggregate was compared to the microarray-derived net-
works, 64–80% of total terms had higher performance, with 
the majority showing slight gains (AUROC of 0.015–0.035) 
across a broad range of high- and low-performing terms. 
Conversely, when compared with the RNA-seq-derived 
networks, not only were there a higher proportion of terms 
(78–90%) that are better-performing in the aggregate, strong 
gains in performance were often observed (AUROC > 0.05). 
Nonetheless, terms that show noticeably stronger predictive 
performance (AUROC > 0.05) in networks other than the 
aggregate, were often sporadic, albeit occurring more fre-
quently in the RNA-seq networks (Supplementary Figure 
S8 and Table S3).

GBA‑based neighbor voting is robust and consistent 
with enrichment‑based performance assessments

In this study, we wanted to understand how our extensive 
assessments with GBA-based neighbor voting might gen-
eralize broadly. Using a GBA-independent, functional 

https://conekt.sbs.ntu.edu.sg/
https://conekt.sbs.ntu.edu.sg/
https://atted.jp/
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enrichment-based performance metric, we recalculated the 
performance of individual networks, random aggregate net-
works (2–32 datasets), the full (33 datasets) aggregated net-
work, and six microarray- and RNA-seq-derived networks. 
As consistent findings were observed between BIN and Pfam 
terms in GBA-based performance assessments, we prior-
itize the former in this reevaluation. The BIN F-measure 
performance of individual networks at stringent and relaxed 
sparsification was highly congruent with their correspond-
ing AUROC scores  (R2 of 0.93) (Fig. 5a, Supplementary 
Table S4). Interestingly, sensitivity was more highly cor-
related with AUROC performance  (R2 of 0.96–0.97) while 
specificity was much poorer  (R2 of 0.71–0.82). Nonethe-
less, both methods demonstrated highly consistent rank-
ings across high- to low-performing experimental projects. 
In the random and full aggregate networks, performance 
trends remained surprisingly congruent across both metrics 
(Fig. 5b). Notably, aggregate networks constructed from a 
small number of datasets (i.e. 2–14) showed large variabil-
ity in BIN F-measure performance. Subsequent addition of 
datasets greatly improved performance stability, however, 
performance gains become minimal (or plateau) from > 28 
datasets. Upon closer inspection, we also observed that sen-
sitivity was remarkably consistent across strict and relaxed 
sparsification while specificity was notably higher in the lat-
ter across the range of aggregates.

Enrichment-based performance assessments also scaled 
linearly with AUROC scores across the aggregate and other 
microarray- and RNA-seq-derived networks and highlighted 
the superiority of the aggregate in many aspects (Fig. 5c). Dra-
matic performance gains were observed especially when com-
paring the aggregate against the rnaseq2_HR and rnaseq3_MR 
networks (F-measure improvement of 0.1–0.13) while appre-
ciable gains were still seen against the others (F-measure 
improvement of 0.01–0.03). In terms of sensitivity, none of 
the networks evaluated outperform the aggregate (Fig. 5d). 
When compared to the next best and weakest performer, 
aggregate achieved 1.10–1.2 and 1.71–1.84 fold higher sensi-
tivity, respectively. In terms of specificity, no single network 
emerged as a consistent top-performer. When compared to 
rnaseq1_MR and rnaseq3_MR, the other two best perform-
ing networks in terms of specificity, the aggregate had just 
1.03–1.15 × lower specificity. Thus, the higher performance 
of the aggregate may be attributed to an overall improvement 
in sensitivity as the specificity scores are comparable across 
the other networks evaluated.

Example application: the grapevine expansin gene 
superfamily

Expansins (EXPs) are cell wall loosening enzymes 
implicated in the regulation of cell wall expansion and 

Fig. 4  Comparative analysis 
of the aggregate network per-
formance with other microar-
ray- and RNA-seq-derived 
co-expression networks. Violin 
plots depict the distribution of 
AUROC a BIN and b PFAM 
performance of various micro-
array (micro_PR, micro_MR, 
micro_HR)- and RNA-seq 
(rnaseq1_MR, rnaseq2_HR, 
rnaseq3_MR)-derived networks 
at stringent (top100) and relaxed 
(top300) sparsity thresholds. 
Points indicate the average 
AUROC performance across all 
functional terms for each net-
work at respective sparsification
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enlargement in a pH-dependent manner (Cosgrove 2015). 
In plants, there are four distinct EXP families—expansin 
A (EXPA), expansin B (EXPB), expansin A-like (EXLA), 
and expansin B-like (EXLB). Plant EXPAs and EXPBs are 
known to be involved in cell wall expansion and modifica-
tion while the exact functions of EXLAs and EXLBs remain 
to be ascertained. In grapes, only two of the 29 predicted 
EXPs have been functionally validated (VvEXPA14 and 
VvEXPA18). In this study, we attempt to explore the poten-
tial functions of grape EXPs and their regulatory control by 
interrogating the subnetworks within AggNet300 (Supple-
mentary Table S5) and determining what functional catego-
ries (Supplementary Table S6) and cis-regulatory elements 
(Supplementary Table S7) were enriched.

EXP subnetworks were often enriched with multiple dis-
tinct functional categories (Fig. 6, Supplementary Table S6). 
A summary depicting enriched functions restricted to high-
level BIN categories (depth ≤ 1) within EXP subnetworks 
showed that enrichment for cell wall (BIN10), miscella-
neous enzyme reactions (BIN26), secondary metabolism 
(BIN16), and transport (BIN34) are among the most com-
mon. Within the enriched cell wall (BIN10) category, four 
EXP subnetworks (VvEXPA6, VvEXPA11, VvEXPA16, 
and VvEXPA18) were enriched in cell wall degradation 
(BIN10.6), modification (BIN10.7), and pectin & esterases 
(BIN10.8) categories while six subnetworks (i.e. VvEXLA1, 
VvEXPA1, VvEXPA7, VvEXPA13, VvEXPA14, 
VvEXPA17) were enriched with two terms (i.e. BIN 10.6 
and 10.7).

Many other enriched functional categories that may be of 
potential biological relevance were also found. For exam-
ple, nine EXP subnetworks (7 EXPA and 2 EXPB) were 
enriched with photosynthesis-related light reaction terms 
(BIN 1.1). Four EXP subnetworks (VvEXPA5, VvEXPA7, 
VvEXPA11, and VvEXPA18) were enriched with trans-
port-related major intrinsic proteins (BIN 34.19). Four 
EXP (VvEXLB2, VvEXPA7, VvEXPA8, and VvEXPB2) 
and three (VvEXPA8, VvEXPB1, and VvEXPA19) EXP 
subnetworks were enriched with flavonoid (BIN16.2) and 
phenylpropanoid (BIN16.8) pathway genes, respectively. 

Two (VvEXLB2 and VvEXLB4) and two (VvEXPA11 and 
VvEXPA18) EXP subnetworks were also enriched with 
cytokinin (BIN 17.4) and brassinosteroid (BIN 17.3) hor-
mone metabolic pathway genes, respectively.

We also compared the enriched functional categories of 
EXP duplicate pairs. We reanalyzed the genomic structure 
of EXP genes in grapevine using MCScanX (http://chibb 
a.pgml.uga.edu/mcsca n2/) and found 9 EXP genes showing 
signatures of gene duplication. Proximal duplication events 
were detected for VvEXLB2-VvEXLB3 pair and VvEXPB3-
VvEXPB4 pair while WGD/segmental duplication events 
were detected for VvEXPA1-VvEXPA16-VvEXPA17 pair 
and VvEXPA6-VvEXPA11-VvEXPA13 pair. We found that 
subnetworks of WGD/segmental duplicated EXP genes tend 
to share a higher proportion of overlapping enriched cat-
egories (e.g. VvEXPA6 and VvEXPA11, VvEXPA16 and 
VvEXPA17) compared to the ones found in proximal dupli-
cated EXP subnetworks whereby functional categories seem 
to have diverged (e.g. VvEXLB2 and VvEXLB3).

To dissect the potential upstream transcription factors 
regulating EXP subnetworks, we investigated the frequency 
of TF occurrence(s) and tested for enrichment for known 
CREs (Supplementary Table S7). We found that EXP sub-
networks contain a diversity of binding sites from several TF 
families (Supplementary Figure S9A). However, some TF 
families were frequently present and have their correspond-
ing CREs significantly enriched (FDR < 0.05) in many EXP 
subnetworks. They include the homeodomain-associated 
leucine zipper (HB), zinc finger-homeodomain, AP2/ERF, 
bZIP, bHLH, and NAC TF families, among others (Supple-
mentary Figure S9B). For example, the CAC GTG  CRE, also 
known as G-box, commonly bound by bZIP and bHLH TFs, 
was the most frequently enriched CRE in EXP subnetworks. 
The CAC GTG  CRE was enriched in 1 EXLA, 2 EXLB, 
7 EXPA, and 1 EXPB subnetwork(s) and coincides with a 
high frequency of bZIP and bHLH TFs in them. Similarly, 
the enriched AP2/ERF CREs (e.g. RCC GAC A) were pre-
sent in 1 EXLA, 5 EXPA, and 1 EXPB subnetwork(s) while 
enriched NAC CREs (e.g. DVCGTR, WRC TTG ) were found 
in 1 EXLA, 3 EXLB 3 EXPA, and 3 EXPB subnetwork(s). 
Both AP2/ERF- and NAC-enriched subnetworks also con-
tained the corresponding TFs in them.

Discussion

Large transcriptome datasets with experiments or samples 
numbering in the hundreds or thousands have enabled net-
work aggregation across multiple experiments in both model 
plants (Liesecke et al. 2019) and in non-plant systems (Gil-
lis and Pavlidis 2011; Ballouz et al. 2015; Verleyen et al. 
2015). In these studies, thorough assessments of network 
performance under various settings that broadly generalize 

Fig. 5  Comparative analysis of guilt-by-association neighbor voting 
and enrichment-based performance at predicting function. a The rela-
tionship of sensitivity, specificity, and F-measure with AUROC BIN 
performance across 33 individual experiments at stringent (top100) 
and relaxed (top300) sparsity thresholds. b The distribution of sen-
sitivity, specificity, and F-measure BIN performance across random 
networks (2–32 experiments) and the full aggregate (33 experiments). 
At each iteration, aggregation curves were obtained from 10 random 
orderings of experiments. c The relationship between F-measure and 
AUROC BIN performance (linear regression lines and  r2 values are 
depicted) and d underlying sensitivity and specificity scores of the 
aggregate and other microarray- and RNA-seq-derived networks. Cir-
cles with and without the black border in c depict F-measure at strin-
gent and relaxed sparsity thresholds, respectively

◂

http://chibba.pgml.uga.edu/mcscan2/
http://chibba.pgml.uga.edu/mcscan2/
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has also been undertaken. One key (and consistent) finding 
in these studies is that aggregating across multiple networks 
(e.g. using a simple rank-and-summate strategy) improves 
network performance dramatically as assessed by GBA-
based neighbor voting.

In this study, we found that performance was generally 
poor (average AUROC < 0.65) regardless of sparsity across 
the corpus of 33 individual networks (Fig. 1a, b). In com-
parison, performance gains were dramatic (AUROC > 0.1) 
when individual networks were aggregated (Figs. 2, 3). In 
this study, aggregating across 14 separate experiments was 
already sufficient to obtain a high-quality network. As with 
other aggregate co-expression networks (Gillis and Pavlidis 
2011; Ballouz et al. 2015), our evaluation suggests that 

we may be reaching a performance ceiling with microar-
ray datasets. Although additional datasets still yield better 
performance (rather than diminishing them), minimal gains 
were observed when the number of aggregated networks 
exceeded 30 experiments. Our findings, and others, reinforce 
the need for having a modest quantity of data, i.e. many 
experiments and samples, to obtain reliable functional infor-
mation when performing co-expression studies, especially 
with aggregation (Gillis and Pavlidis 2011; Ballouz et al. 
2015; Liesecke et al. 2019).

Although secondary to the key findings of this study, we 
also found a dependency of performance on network spar-
sity. Using our choice of stringent and relaxed sparsification 
thresholds, we found that an increase in sparsity decreases 

Fig. 6  Enriched functional categories of expansin gene co-expression 
networks. Square and circles nodes depict genes (expansin) and BIN 
functional categories, respectively. Filled color of circle nodes depicts 
the associated BIN categories (BIN depth ≤ 1). Circle size represents 

the frequency of expansin gene co-expression networks enriched with 
the corresponding BIN category. White edges connect each BIN cat-
egory with their relevant EXP gene co-expression networks they are 
enriched in
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network performance. It is well-known that sparsification 
affects network performance (Gillis and Pavlidis 2011; 
Liesecke et al. 2019). Networks constructed from informa-
tion-free matrices (i.e. when sparsification are either too high 
or too low) often result in poorer performance compared to 
a determined optimum, however, finding this balance is not 
trivial (Gillis and Pavlidis 2011). While finding this opti-
mum is favorable, our choice of sparsification has yielded 
networks of robust performance (average AUROC > 0.7) but 
also within realistic means for designing functional stud-
ies of prioritized candidates (Obayashi et al. 2018). Simi-
lar sparsification thresholds have also been used in several 
systems-oriented grape functional studies with much success 
(Loyola et al. 2016; Sun et al. 2018; Vannozzi et al. 2018).

Regardless of sparsification, we also found that the aggre-
gate network consistently outperforms a variety of microar-
ray- and RNA-seq-derived correlation rank (non-aggregate) 
GCNs (Fig. 4, Supplementary Figure S6 and S7). In our 
evaluations, summarizing all 1359 samples from 33 experi-
ments as a whole (i.e. micro_PR, HR, and MR) showed good 
performance, however, the aggregate still performed bet-
ter. Nonetheless, our findings suggest that correlation rank 
GCNs are robust and informative, but can certainly benefit 
from the use of aggregation approaches. Interestingly, we 
found that RNA-seq-derived GCNs showed consistently 
poorer performance compared to both aggregated and non-
aggregated microarray-derived GCNs in many aspects. One 
of the several straightforward reasons may be due to i. the 
type of annotations used and ii. the lack of sufficient RNA-
seq datasets used—in both the number of samples and its 
heterogeneity/diversity (i.e. types of experiments). Methodi-
cal variations introduced early on during the construction 
of RNA-seq transcriptome compendia alone may also be a 
contributing factor. These include how the RNA-seq reads 
were mapped (e.g. read depth constraints) and the type of 
normalization used (e.g. raw counts, FPKM, TPM, VST), 
among others (Giorgi et al. 2013; Ballouz et al. 2015; Huang 
et al. 2017).

While the micro-(PR, MR, and HR) and rnaseq1_MR 
GCNs conformed to the latest V1 annotation, the rnaseq2_
HR and rnaseq3_MR networks make use of the depreciated 
NCBI gene (LOC_) and 12xV0 (GSVIVT_) gene prediction 
that represents ~ 63% and 87% of genes relative to the latest 
12xV1 annotation (29,970 genes), respectively. Thus, func-
tion performance in the latter two networks may be compro-
mised due to the reduced number of genes and functional 
terms that can be effectively compared. However, we argue 
that even with the entire 12xV1 genes represented in the 
rnaseq1_MR network, the aggregate and non-aggregate 
microarray GCNs still outperform the latter considerably. 
Similarly, poorer performance in the RNA-seq GCNs may be 
due to smaller sample sizes (i.e. 300–700 samples) used in 
their construction as opposed to those used for microarrays 

(1359 samples). However, we show that the microarray 
aggregate and correlation rank networks downsampled to 
that of corresponding RNA-seq network sizes were consist-
ently better performing ((Fig. 2a, b, Supplementary Figure 
S5). It is noteworthy that relative underperformance of 
RNA-seq-derived networks as compared to microarrays in 
network reconstruction is not just observed here, but also in 
many other plant GCNs (e.g. Arabidopsis, maize, rice, and 
tomato) evaluated with other performance scoring strategies 
(Giorgi et al. 2013; Obayashi et al. 2018; Liesecke et al. 
2019).

Although RNA-seq co-expression analysis is still rela-
tively new and practical workflows for analysis remain 
poorly defined, we predict that grapevine RNA-seq GCNs 
still offer several advantages—complementing microarray-
derived GCN and revealing novel associations (Giorgi et al. 
2013; Ballouz et al. 2015), but also circumvent potential 
cross-hybridization issues of microarray probe sets (Cramer 
et al. 2014). Indeed, despite the microarray aggregate out-
performing the RNA-seq-derived networks both in the total 
number of terms and predictive performance, a large pro-
portion of good-performing terms (AUROC > 0.7) were in 
common between the two types of networks (Supplementary 
Figure S4). Nonetheless, there were still terms that were 
unique to and/or show noticeably stronger predictive per-
formance (AUROC > 0.05) in specific RNA-seq-derived net-
works (Supplementary Figure S4 and S8). These findings 
demonstrate the added benefit of RNA-seq GCNs in reveal-
ing associations that may be missed when using microarray 
networks as a sole source for gene function prediction. In 
practical terms, our recent endeavor to integrate new RNA-
seq to existing microarray GCNs also showcase that both are 
still relevant and functional, often playing complementary 
roles in enabling interesting biological and gene discover-
ies to be made (Wong et al. 2017, 2018; Sun et al. 2018, 
2019; Vannozzi et al. 2018). However, a formal assessment 
of how recent recommendations or ‘safe practices’ for RNA-
seq GCN analysis (Giorgi et al. 2013; Ballouz et al. 2015; 
Huang et al. 2017) affect network performance in grapevine 
RNA-seq GCN is still needed.

Variants of GBA-based neighbor voting are now amongst 
the most popular network evaluation metrics (Ballouz et al. 
2015, 2017; Verleyen et al. 2015; Obayashi et al. 2018), 
however, their use may not necessarily generalize broadly 
across different platforms and biological systems as a high 
quality functional annotation is often essential (Obayashi 
et al. 2018, 2019). Thus, the extensive use of GBA-based 
neighbor voting with MapMan BIN and Pfam throughout 
this study is perhaps the most easily critiqued. First, we 
opted for the use of MapMan BIN annotation (Thimm et al. 
2004) over conventional ones (e.g. Gene Ontology, GO) for 
a few reasons as discussed previously (Thimm et al. 2004; 
Klie and Nikoloski 2012; Bolger et al. 2018). As such, we 
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are not surprised to see a high-frequency of good BIN pre-
dictions (AUROC > 0.7) across our evaluations, especially 
in the aggregate. As an alternative reference for performance 
assessment, we took advantage of Pfam and found compa-
rable (albeit slightly lower) performance ratings with BIN 
annotation (Figs. 1, 2, and 3). Good congruence across high- 
to low-performing terms with the rankings of their function-
ally-related BIN counterpart was also seen (Supplementary 
Table S1). Together, these findings suggest that the Map-
Man and Pfam annotations were already of sufficient quality 
and are equally suited for gene function prediction in grape. 
Nonetheless, we do not want to disregard other popular plant 
annotation schemes (e.g. GO and KEGG) that could also 
be potentially useful. Although exhaustively testing each 
annotation is beyond the scope of this study, we predict that 
performance outcomes using GBA-based neighbor voting 
are expected to be robust to most popular reference annota-
tions (Bolger et al. 2018) with the well-annotated grapevine 
genome (Vitulo et al. 2014).

Similarly, the use of GBA-based neighbor voting as the 
sole performance metric is another element that is most 
easily critiqued. Therefore, using a functional enrichment-
based performance metric (Ulitsky and Shamir 2009) that is 
independent of GBA-based neighbor voting, we reassessed 
the BIN performance across individual, aggregated, and six 
microarray- and RNA-seq-derived networks. Remarkably, 
both enrichment-based F-measure and GBA-based AUROC 
metrics were highly congruent with one another across our 
extensive evaluations, often showing a strong linear relation-
ship  (R2 of 0.9–0.93) (Fig. 5). Our findings indicate that both 
metrics and underlying reference annotation are robust and 
equally suited for evaluating grapevine GCNs, however, the 
functional enrichment-based metric was orders of magni-
tude slower (~ 10–20×, exact runtimes not shown) than the 
fully-vectorized implementation of GBA-based neighbor 
voting (Ballouz et al. 2017) used in this study. Therefore, 
the GBA-based AUROC metric is strongly favoured due to 
its exceptional scalability.

To demonstrate the functionality of the aggregated net-
work, the function and transcriptional regulation of grape-
vine EXPANSIN genes were explored. Presently, the function 
of a few EXP genes (Suzuki et al. 2014) and their regula-
tory control have been elucidated (Nicolas et al. 2013). 
Large-scale transcriptional coordination of genes involved 
in the biosynthesis and regulation of primary and second-
ary cell wall can be found in many plants, often wherever 
cells are undergoing growth or modification of their cell wall 
composition (Mitchell et al. 2007; Ruprecht and Persson 
2012; Cosgrove 2015; Sundell et al. 2017). Here, a strong 
co-expression relationship within the EXP family itself is 
highlighted between genes involved in various cell wall 
metabolic processes (e.g. degradation, modification, and 
pectin esterification), as well as those involved in transport 

and flavonoid/phenylpropanoid metabolism (Fig. 6). Across 
the EXP subnetworks, a wide range of TFs was also found 
to be co-expressed. However, a few (e.g. AP2/ERF, bZIP, 
bHLH, HB, NAC families) were frequently represented and 
have their corresponding CREs enriched in several EXP 
subnetworks.

It comes as no surprise as many grapevine EXP genes 
exhibit distinct expression patterns across various organs, 
development stages, and responses to the environment are 
potentially implicated in secondary cell wall formation, 
berry growth and ripening, response to the environment, 
among others (Dal Santo et al. 2013b). Coordinated regula-
tion of other EXP co-expressed genes linked to these pro-
cesses, i.e. modulation of major intrinsic proteins during 
berry growth and ripening (Schlosser et al. 2008; Nico-
las et al. 2013) and flavonoid/phenylpropanoid metabo-
lism during dehydration stress (Fasoli et al. 2012; Zenoni 
et al. 2016), provides robust evidence for a functional link 
between these groups of genes. While upstream control of 
many grapevine EXP genes remains to be ascertained, sev-
eral members of prioritised TFs in other plants are known to 
regulate EXP pivotal for various facets of growth, develop-
ment, and stress responses. For example, the regulation of 
EXP(s) during i. banana fruit ripening by an AP2/ERF TF, 
MaDREB2 (Kuang et al. 2017), ii. rose petal expansion and 
dehydration stress response by a NAC TF, RhNAC2 (Dai 
et al. 2012), and iii. growth and development in Arabidopsis 
by several bHLH TFs (Bai et al. 2012; Ikeda et al. 2012).

Summary and future directions

In summary, network aggregation methods offer unique 
opportunities for gene function prediction in grapevine. 
Across our extensive assessments, we found that the final 
aggregated network attained exceptional performance, out-
performing networks constructed from all 33 individual 
experiments and a variety of state-of-the-art microarray- 
and RNA-seq-derived correlation rank (non-aggregate) net-
works. One major caveat of this study, albeit hard to avoid 
and commonly used, is that only one form of partitioning 
(i.e. experimental project-partitioned) and aggregation 
method (i.e. co-occurrence) were used. Nonetheless, other 
methods also exist (i.e. random- and k-means-based parti-
tioning), and in some circumstances, networks constructed 
with them showed better performance than commonly used 
experimental project-partitioned co-occurrence aggrega-
tion methods (Liesecke et al. 2019). Thus, we predict that 
there may still be some room for improvement using such 
methods.

Another major caveat lies in the choice of using grape-
vine microarray datasets for this exercise because the lat-
ter platform will eventually be superseded by RNA-seq 



Plant Molecular Biology 

1 3

transcriptomes. Thus, defeating the primary purpose of net-
work aggregation approaches (i.e. allowing emerging data-
sets to be efficiently incorporated). However, we argue that 
the microarray datasets not only provided a proof of concept 
to investigate the role of network aggregation but showed 
great promise for superior gene function inference using 
aggregated networks. We predict that the benefits of net-
work aggregation methods will also be amendable to RNA-
seq transcriptomes, however, to what degree it may be more 
advantageous, will need to be ascertained in future studies.

To help guide future hypothesis-driven studies aimed at 
understanding the function and transcriptional regulatory 
networks of grapevine genes, we make our aggregate net-
works and associated metadata (e.g. functional BIN and 
CRE enrichment results) publicly available at https ://sites 
.googl e.com/view/vtc-agg. We envisage that network aggre-
gation will offer new and unique opportunities for superior 
gene function prediction in future grapevine functional 
genomics studies.
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