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Abstract 
Assigning gene function from genome sequences is a rate-limiting step in molecular biology research. A protein’s position within an interaction network 
can potentially provide insights into its molecular mechanisms. Phylogenetic analysis of evolutionary rate covariation (ERC) in protein sequence has been 
shown to be effective for large-scale prediction of functional relationships and interactions. However, gene duplication, gene loss, and other sources of 
phylogenetic incongruence are barriers for analyzing ERC on a genome-wide basis. Here, we developed ERCnet, a bioinformatic program designed to 
overcome these challenges, facilitating efficient all-versus-all ERC analyses for large protein sequence datasets. We simulated proteome datasets and 
found that ERCnet achieves combined false positive and negative error rates well below 10% and that our novel “branch-by-branch” length 
measurements outperforms “root-to-tip” approaches in most cases, offering a valuable new strategy for performing ERC. We also compiled a 
sample set of 35 angiosperm genomes to test the performance of ERCnet on empirical data, including its sensitivity to user-defined analysis 
parameters such as input dataset size and branch-length measurement strategy. We investigated the overlap between ERCnet runs with different 
species samples to understand how species number and composition affect predicted interactions and to identify the protein sets that consistently 
exhibit ERC across angiosperms. Our systematic exploration of the performance of ERCnet provides a roadmap for design of future ERC analyses 
to predict functional interactions in a wide array of genomic datasets. ERCnet code is freely available at https://github.com/EvanForsythe/ERCnet.
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Introduction
Proteins that interact with each other often exhibit correlated 
rates of sequence evolution across a phylogeny, which have 
been attributed to shared selective pressures or reciprocal co
evolution (Clark et al. 2012). The statistical signature of these in
teractions is known as evolutionary rate covariation (ERC). ERC 
analyses have been applied in a wide variety of organisms (Goh 
et al. 2000; Ramani and Marcotte 2003; Sato et al. 2005; 
Clark and Aquadro 2010; De Juan et al. 2013; Wolfe and 
Clark 2015; Yan et al. 2019; Forsythe et al. 2021; Steenwyk 
et al. 2021, 2022; Rei Liao et al. 2022; Tao et al. 2024), and bio
informatic tools have been developed to use ERC to identify nov
el interaction partners (Priedigkeit et al. 2015; Wolfe and Clark 
2015; Steenwyk et al. 2021; Little et al. 2025) and correlated mo
lecular and phenotypic evolution (Asar et al. 2023; Duchêne et al. 
2024). Moreover, ERC analyses are beginning to be applied in a 
genome-wide manner to yield large sets of predicted protein–pro
tein interactions (i.e. interactome networks) (Steenwyk et al. 
2021, 2022). A network view of genetic interactions has proven 
valuable in revealing the interconnected nature of biological sys
tems (Mao et al. 2009; Rao and Dixon 2019; Wright et al. 2024), 
and ERC has the potential to be a powerful and efficient method 
to infer such interaction networks.

As we scale ERC analyses to more taxonomic groups and to 
larger numbers of genes, phylogenetic incongruence arising 
from gene duplication/loss, reticulate evolution, and incomplete 
lineage sorting becomes increasingly problematic (Degnan and 
Rosenberg 2013; Hahn and Nakhleh 2015). These processes 
can all lead to trees inferred from different loci (i.e. gene trees) hav
ing different branching patterns (i.e. topologies) from each other. 
Discordant gene trees make it difficult to directly compare evolu
tionary rates across gene trees because it is unclear, which 
branches correspond to each other. Prior studies have overcome 
this challenge through combinations of (i) focusing on groups 
with low levels of phylogenetic incongruence and gene duplica
tion/loss, (ii) filtering gene families to retain only gene families 
with one-to-one orthology, (iii) constraining gene-tree topologies 
to the accepted species tree, and (iv) measuring branch lengths in a 
root-to-tip manner that does not depend on topology. These strat
egies have worked well when the underlying level of phylogenetic 
incongruence is minimal; however, they may be insufficient in 
taxonomic groups such as plants that tend to experience more 
complex genome evolution with extensive gene and whole- 
genome duplication (Wendel 2015; Panchy et al. 2016; Forsythe 
et al. 2020). Thus, additional methods are needed to perform 
ERC analyses in such taxa. A common approach to performing 
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analyses in the face of phylogenetic incongruence is to incorporate 
gene-tree/species-tree (GT/ST) reconciliation (Vernot et al. 2008; 
Stolzer et al. 2012; Wu et al. 2014; Comte et al. 2020). GT/ST rec
onciliation regards phylogenetic incongruence not as noise, but as 
a signal with which to infer evolutionary events such as gene du
plication. Importantly, GT/ST reconciliation also provides a 
framework for interpreting multiple gene trees in the shared con
text of a prevailing species tree, which can provide a valuable basis 
for making direct comparisons between discordant gene trees.

We previously developed a GT/ST reconciliation-based ap
proach to performing genome-wide ERC in plants (Forsythe 
et al. 2021) that operated at the level of a “one-versus-all” com
parison strategy, in which a single locus was tested against a 
genome-wide set of genes. The biological findings from this ap
proach suggested that large groups of functionally interacting pro
teins exhibit correlated evolution. However, the limited lens of 
one-versus-all comparisons only allowed for indirect tests of this 
hypothesis. A network view of the interactome is needed to assess 
whether large sets of proteins with correlated rates of evolution 
share functional relationships. Such a network view requires 
ERC to be applied in an “all-versus-all” manner that tests all pair
wise combinations of proteins. This added dimensionality intro
duces and exacerbates scaling challenges to ERC analyses.

Here, we present ERCnet, a program for performing 
all-versus-all ERC analyses in the presence of phylogenetic incon
gruence. We describe our phylogenomic workflow, which auto
mates and parallelizes the computationally intensive analytical 
steps, and our novel approach to performing branch-by-branch 
ERC analysis even in trees with gene duplicates. We compile si
mulated and empirical test datasets to test ERCnet performance 
in response to user-defined analysis parameters and experimental 
design choices, thus providing an evidence-based roadmap for fu
ture ERC analyses.

Results
Overcoming Gene Duplication/Loss/Incongruence 
With Branch Length Reconciliation
ERCnet (https://github.com/EvanForsythe/ERCnet) is a compu
tational pipeline designed to predict functional interactions 

among proteins based on phylogenetic signatures of correlated 
evolution and overcome key scaling challenges associated run
ning all-versus-all analyses on a genome-wide level (Fig. 1). 
ERCnet uses the output of the gene family clustering program 
Orthofinder (Emms and Kelly 2015, 2019), thus making it 
easy to plug ERCnet into existing genomic workflows. Our pipe
line employs phylogenetic bootstrap resampling and GT/ST rec
onciliation strategies to account for phylogenetic incongruence 
and uncertainty, thus accommodating gene families that have 
undergone duplication and loss. ERCnet automates and parallel
izes the computational steps needed to achieve genome-wide net
work analyses of ERC and consists of 4 major analytical steps, (i) 
phylogenomic analyses, (ii) GT/ST reconciliation, (iii) ERC ana
lyses, and (iv) network analyses (See Methods; Fig. 1a).

In addition to automating standard phylogenetic analyses, 
ERCnet provides a novel procedure for comparing rates in a 
branch-by-branch (BXB) manner even when comparing gene 
trees with paralogs, missing taxa, and/or topological incongru
ence. Some previous implementations of ERC have employed 
a root-to-tip (R2T) methodology for measuring branch lengths. 
The R2T approach simplifies the task of parsing gene trees (es
pecially when incongruence is present); however, it results in 
statistical nonindependence among datapoints used in correl
ation analyses because different species can share internal 
branches within a tree. This statistical shortcoming has been pre
viously recognized (Yan et al. 2019; Forsythe et al. 2021; Smith 
et al. 2024), but was largely viewed as a “necessary evil” due to 
lack of a method for traversing discordant gene trees to extract 
relevant branches for direct comparisons.

Our novel method, branch-length reconciliation (BLR), pro
vides a strategy for avoiding the statistical shortcomings of the 
R2T method. BLR extracts individual internal and external 
branch length measurements in a species-tree-aware manner, 
which allows for direct comparisons across gene trees. The ma
jor barrier to performing BXB-based ERC between incongruent 
phylogenetic trees has been that it is difficult to systematically 
define which branches (if any) are shared between 2 gene trees 
with potentially different taxon-composition and topology. 
The premise of GT/ST reconciliation methods is that all gene 
trees evolve within the context of an overarching species tree. 

(a) (b)

Fig. 1. ERCnet workflow and algorithm development. a) Four-step analytical workflow used to analyze Orthofinder results (input) and generate an 
ERC-based interaction network and accompanying summary statistics (output). Stars indicate steps that employ parallel computing. b) The major 
analytical steps of the novel “BLR” procedure used to calculate branch lengths on a branch-by-branch basis, using species tree (ST) and gene tree (GT) 
information. Rounded arrows indicate iterative processes.

2                                                                                                                                  Forsythe et al. · https://doi.org/10.1093/molbev/msaf089

https://github.com/EvanForsythe/ERCnet


This means that the species tree is the common denominator that 
connects all gene trees in a phylogenomic dataset. BLR uses the 
species tree as the common comparison point by tallying branch 
length information from individual gene trees in context of the 
species tree. BLR accomplishes this task by incorporating the la
beled coalescent tree reconciliation structure employed in 
DLCpar (Wu et al. 2014), which provides information that 
maps gene tree nodes to species tree nodes. Using this informa
tion, BLR iteratively extracts the branch(es) on each gene tree 
that correspond to each species tree branch. During this process 
BLR also tracks whether a duplication event occurred in the 
gene tree and, if so, takes the average branch length from the re
sulting paralogs. When a gene tree lacks information for a given 
species tree branch, BLR stores an “NA” for that branch. The 
output of BLR is a table of branch length measurements for 
each gene tree that are standardized by the species tree branches, 
allowing comparison across gene trees. This approach provides 
the ability to extract branch-specific evolutionary rate informa
tion from gene trees with incongruent topologies and histories of 
gene duplication and loss, enabling ERC analyses to include lar
ger gene sets and be applied to a wider range of taxa.

The all-by-all ERC analyses implemented in ERCnet yield 
large tables of ERC results, including P-values calculated from 
Pearson, Spearman, and/or Kendall correlation analyses. 
These ERC results are filtered according to user-defined cutoffs 
to retain the pairwise combinations displaying significant 
P-values and R2 values, which we refer to as “ERC hits”. The 
full set of significant ERC hits form the edges in an interactome 
network, which can be further analyzed to identify emergent 
properties, such as clustered modules of cofunctional proteins. 
Below, we systematically explore the performance of ERCnet 
on simulated and empirical genomic datasets to identify and op
timize the parameters that influence computational prediction of 
interaction networks.

Accuracy of ERCnet on Simulated Datasets
We simulated protein sequences for 21 species under a model in 
which 100 of the 1,000 gene families underwent coaccelerated 
rates of protein evolution (Fig. 2a and b). We used our simu
lated dataset to assess false positive and negative rates of 
ERC hits under different P and R2 value significance cutoffs 
and with alternative methodologies for measuring branch 
lengths (Fig. 2c–f). We found that our BXB method is more con
servative than the R2T method and that the Spearman correl
ation method is more conservative than the Pearson method. 
The rates obtained from filtering with Pearson, Spearman, 
and Kendall were very similar to the rates obtained from the 
Spearman filter alone, meaning Spearman correlation filter 
acts as the bottleneck in nearly all cases. The combination of 
BXB and Spearman leads to an especially conservative ap
proach, yielding fewer than 10 total ERC hits and false positive 
and negative rates approaching 0 and 1, respectively. We 
summed the false positive and negative rates to identify the 
overall parameter combination with the lowest combined error 
rate and found [BXB; Pearson; P < 0.05; R2 > 0.5] to show the 
best performance, with a false positive rate of 6.5 × 10−4 

(0.065%) and false negative rate of 0. By this metric, the top 
5 error-minimizing combinations all made use of the BXB 
method and Pearson correlation coefficient, indicating these 
methods are favorable for minimizing false positive and nega
tive error. The best performing R2T run [R2T; Pearson; 
P < 0.00001; R2 > 0.2] yielded a false positive rate of 0.032 
(3.2%) and a false negative rate of 0.

Next, we simulated a separate proteome dataset under a 
model in which rate acceleration takes place in an uncorre
lated manner, meaning any ERC hit obtained from this dataset 
would be considered a “spurious” ERC hit (supplementary fig. 
S1, Supplementary Material online). Consistent with the re
sults above, BXB performed in a far more conservative manner 
compared to R2T on the nonaccelerated dataset. R2T showed 
more than 60,000 spurious hits, whereas the highest number 
of spurious hits in a BXB run was 19,395. Taken together, 
these results show that ERCnet achieves very promising levels 
of accuracy on simulated data and that our BXB method will 
be a valuable tool in minimizing error in ERC analyses.

Proteome Coverage and Statistical Power for 
ERCnet Analyses of Sample Datasets
ERC has been applied in a variety of organisms with consider
able success. However, a systematic evidence-based explor
ation of the power, accuracy, and efficiency of the ERC 
method on real genomic datasets has never been performed. 
A consequential decision in ERC analyses is the number of 
species to include. Currently, researchers have little guidance 
in making taxon-sampling choices for ERC analyses, resulting 
in somewhat arbitrary choices that can likely have a substan
tial impact on ERC performance. To address this limitation, 
we compiled a set of 35 plant proteomes (i.e. protein sequences 
from all annotated genes in the genome), spanning angiosperm 
diversity (supplementary table S1, Supplementary Material
online). We randomly subsampled sets of these proteomes to 
create test datasets of varying sizes. The resulting datasets con
tained n = 10, n = 15, n = 20, and n = 25 ingroup taxa (see 
Methods). Five random replicates were performed for each n 
value, resulting in a total of 20 datasets, each of which was 
subjected to full ERCnet analyses (Fig. 3).

The first step of ERCnet is to filter Orthofinder data to iden
tify the gene families (“orthogroups”) that are suitable for phy
logenomic analyses by applying filtering cutoffs based on 
minimum number of species represented and maximum num
ber of gene copies per species. ERCnet provides a parameter 
scan option for users to make an informed choice on filtering 
settings (see Methods). To understand how filtering parameters 
affect dataset size, we applied a filtering formula across all data
sets (see Methods) and found that datasets with a larger number 
of species yield a smaller number of genes retained after filtering 
(Fig. 4a). While datasets with a larger number of species tend to 
have more total gene families, these gene families tend to be fil
tered out at a disproportionally high rate based on both the 
minimum species representation filter and the maximum num
ber of gene copies per species filter (supplementary table S2, 
Supplementary Material online), leading to a net loss of prote
ome coverage at larger dataset sizes.

The gene families that pass initial filtering are next run through 
the phylogenomic pipeline and ultimately subjected to 
all-versus-all ERC correlation analyses. Each pairwise ERC com
parison between 2 gene trees constitutes a correlation analysis. 
The number of points for each correlation corresponds to the 
number of branches shared between the 2 gene trees being com
pared, which is variable because each gene may have experienced 
different degrees of gene duplication and loss. The number of 
overlapping branches is also dependent on the method used to 
measure branch lengths (i.e. R2T vs. BXB). We found that data
sets with larger number of species yield a higher average number 
of overlapping branches (Fig. 4b and c). This result is expected 
because larger datasets yield larger gene trees, which inherently 
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(a) (b)

(c) (d)

(e) (f)

Fig. 2. Simulated protein sequences to assess ERCnet error rates. a) The random phylogenetic tree used to simulate the background rates of 
protein evolution. b) Tree with the same topology but in which 5 randomly selected branch lengths (bold branches) were multiplied by 10 to simulate 
coacceleration for 100 of the 1,000 protein families. c–f) False positive/negative error rates of ERCnet runs using different branch length methods 
(R2T vs. BXB) as well as different correlation calculation methods (Pearson vs. Spearman vs. Kendall) and P-value and R2 cutoffs as significance 
thresholds. Legend shows the branch length method and correlation methods. “Pearson, Spearman, Kendall” means that ERC hits were only 
deemed significant if passing filters according to all 3 methods. False positive (c) and negative (d) rates assessed across several P-value cutoff 
values. R2 cutoff was held constant at ≥0.20. False positive (e) and negative (f) rates assessed across several R2 cutoff values. P-value cutoff was 
held constant at ≤0.05.
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have more branches. Comparing R2T results (Fig. 4b) to BXB re
sults (Fig. 4c), we see that BXB tends to yield a higher number of 
overlapping branches, which stems from including internal 
branches under BXB, while the R2T methodology is limited to 
the number of species in the ingroup. For example, a gene tree 
with 4 ingroup species will only have 4 R2T measurements but 
will have 6 branches when internal branches are included. In gen
eral, the number of overlapping branches will directly impact the 
sample size of correlation analyses, suggesting that BXB has the 
potential to add statistical power to ERC analyses. Thus, there 
is a clear tradeoff between the proportion of the genome that 
can be probed with ERCnet (Fig. 4a) and the potential statistical 
power of ERC analyses (Fig. 4b and c).

Size and Functional Clustering of Networks Across 
Datasets
We used our simulation results (Fig. 2 and supplementary fig. S1, 
Supplementary Material online) to guide our choice of signifi
cance filtering criteria to use on our empirical datasets. We chose 
[Pearson; P < 0.0001; R2 > 0.4] to obtain a reasonable balance 
between false positive and negative error across both R2T and 
BXB-based networks. We applied this filter to obtain an interac
tome network for each ERCnet run (Fig. 5). In general, we found 
that R2T analyses returned a much higher number of ERC hits 
than BXB analyses, resulting in larger networks in terms of 
both nodes and edges (Fig. 5a vs. b). The large number of hits ob
served for R2T analyses could partially result from pseudorepli
cation due to statistical nonindependence of internal branch 
lengths (described above). Another general pattern is that net
works show more variability between replicates for lower 

n-values. This is likely at least partially driven by randomness 
playing a larger role at smaller sample sizes in our taxon sampling 
from a fixed-size pool (Fig. 3), highlighting that selection of indi
vidual species has a large impact on ERC-based networks at small 
n-values. Interestingly, we do not detect clear trends between n 
and the size of networks. For R2T-based networks, there is 
some evidence that small n-values yield networks with fewer 
edges (Fig. 5a), consistent with idea that R2T-based methods 
may not achieve a sufficient number of overlapping branches to 
yield significant ERC hits (see Fig. 4b). BXB ERC analyses, on 
the other hand, display the highest number of ERC hits for inter
mediate n-values (Fig. 5b). This result suggests that there could be 
a “sweet-spot” that balances the number of genes retained after 
filtering (see Fig. 4a) and the number of overlapping branches (see 
Fig. 4c) to achieve coverage and statistical power for BXB-based 
ERC analyses. Taken together, the differences in trends for R2T 
versus BXB-based analyses indicate that the optimal dataset size 
depends on the branch-length measuring method.

The number of ERC hits yielded by ERCnet analyses defines 
the total number of edges in the interaction network output 
with each run of ERCnet. The size of the network is an important 
component of ERCnet performance; however, it is also import
ant to understand contribution of biological signal versus noise 
in empirical ERC networks. We sought a summary statistic 
that can serve as a proxy for biological signal in ERC networks. 
To this end, we incorporated subcellular localization annotations 
from Arabidopsis thaliana and used the graph-theory assortativ
ity coefficient to quantify the degree to which colocalized proteins 
are clustered in interaction networks (Fig. 5c and d). For BXB 
analyses, we found that all but one of the ERCnet runs yielded 
networks with significantly positive assortativity coefficient, 

Fig. 3. Angiosperm taxon-sampling datasets used to assess ERCnet performance. (Left) Phylogenetic tree of the full pool of species included for random 
subsampling. (Right) Presence-absence plot indicating the species included in random datasets of each size. Five replicates were performed for each 
dataset size. A. trichopoda was included as an outgroup for all replicates and A. thaliana was included as a common ingroup representative for all 
replicates.
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providing another promising indication that ERCnet successful
ly detects “true” biological signal at a level that outweighs back
ground noise. BXB shows significantly positive assortativity 
across all replicates (Fig. 5d). There is not a clear trend between 
n and clustering, but, similar to network size (Fig. 5a and b), there 
is much more variability between replicates at n = 10. R2T shows 
a slight positive relationship between n and assortativity. This in
cludes a clear outlier replicate [n = 10; replicate = 4] that shows 
negative assortativity coefficient, suggesting that noise and error 
outweigh biological signal under this combination of species and 
the R2T branch length method. These results highlight that in
ternal biological validation will play an important role in inter
preting ERC-based interaction networks.

Overlap in Interactions Predicted Across Multiple 
Datasets
In addition to understanding how different datasets and pa
rameters affect the number of ERC hits produced by ERCnet, 
it is also important to understand the consistency with which 
individual protein–protein interactions are predicted across 
different datasets. Therefore, we compared the overlap of spe
cific ERCnet hits (i.e. pairs of proteins) across different taxon 

sampling datasets (Fig. 6). We found that there were no ERC 
hits that persisted across all 20 of the R2T and BXB ERCnet 
runs. More than half of the ERC hits runs were nonoverlapping 
“singletons” (i.e. found in a single ERCnet run); however, there 
were hits with a degree overlap was as high as 19-way overlap 
and 15-way overlap among R2T and BXB ERCnet runs, re
spectively. We might expect a background level of overlap, 
even if ERC hits were driven entirely by noise, so we generated 
randomized replicates in which the identities of the interaction 
partners were randomly swapped within each ERCnet run 
(Fig. 6, gray bars). We found that the observed level of overlap 
exceeds a randomized background, with far more ERC hits oc
cupying rightward tail of the distribution (high degree of over
lap) in our observed data. This result shows that ERC signal 
rises above background noise and persists across ERCnet 
runs that use different input data. However, the general orien
tation of distributions toward low-degree overlap highlights 
the importance of species sampling on ERCnet results.

Moreover, our sampling approach provides a unique oppor
tunity to identify pairs of proteins that show a consensus signa
ture of correlated evolution across ERCnet runs. We compiled 
the ERC hits from the 3 highest levels of overlap for R2T and 
BXB runs (Table 1). This shortlist of “consensus” ERC hits 

(a)

(b)

(c)

Fig. 4. Proteome coverage and overlapping branches after ERCnet filtering. a) The number of proteins retained for phylogenomic analysis after several 
phases of quality-control filtering that occur during the first steps of ERCnet. These numbers represents the number of proteins that are tested for 
interaction during “all-versus-all” ERC analyses at later steps of ERCnet. b, c) The number of overlapping branches (i.e. points on correlation plots) among 
pairs of proteins during all-versus-all ERC analyses. For the root-to-tip method (b), “branches” refers to paths from root of tree to each tip. For the 
branch-by-branch method (c), “branches” refers to the common branches determined by our “BLR” method.
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contains 17 R2T consensus hits and 8 BXB consensus hits. Using 
the A. thaliana homolog from each gene family, we obtained gene 
names, subcellular localization information, and descriptions 
and from The Arabidopsis Information Resource (TAIR) 
(Lamesch et al. 2012). We found that 8/17 and 5/8 ERC hits 
show evidence of subcellular colocalization for R2T and BXB 

runs, respectively; 9/17 and 2/8 ERC hits show at least some evi
dence of cofunctionality based on gene descriptions for R2T and 
BXB runs, respectively. Taking colocalization and cofunctional
ity information together, we find that 10/17 and 6/8 ERC hits 
show evidence of plausible interaction by at least one of these an
notation metrics for R2T and BXB runs, respectively.

(a) (b)

(c) (d)

Fig. 5. Composition and functional clustering of ERCnet interaction networks. a, b) The number of nodes (points) and edges (x’s) in networks obtained 
using the root-to-tip a) and branch-by-branch method (b). Note the log scale for panel (a). c, d) The assortativity coefficient estimated from. Filled points 
indicate the assortativity coefficient is significantly greater than the randomized null distribution (z-score from randomized permutation test). Significant 
positive assortativity indicates clustering of traits across a network. The trait measured here was the predicted targeting (plastid, mitochondrial, other) of 
the proteins in the network.

(a) (b)

Fig. 6. Overlap in ERCnet hits between runs. a, b) Bar plots describing the number of hits plotted by the number of ERCnet replicate runs they appeared 
in. Blue bars (left) show observed values, and gray bars (right) show averages from 10 randomized replicates. Lines indicate standard error from 
randomized replicates.
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A dominant pattern from both R2T and BXB consensus ERC 
hits is that chloroplast-localized proteins appear to be especially 
prevalent; 12/13 ERC hits that exhibit colocalization share lo
calization in the chloroplast, suggesting that there are funda
mental dynamics to chloroplast biology that drives consistent 
patterns of ERC across a variety of angiosperm datasets. 
Among the R2T consensus hits, members of the plastid casein
olytic protease (Clp) complex are especially prevalent; we ob
serve 2 ERC hits among members of the Clp complex sensu 
stricto as well as 3 ERC hits between a Clp protein and a plastid 
ribosomal protein. These results are consistent with prior re
sults, in which R2T and related methods revealed strong ERC 
among Clp and ribosomal proteins (Forsythe et al. 2021; 
Gatts et al. 2024). However, it is notable that previous studies 
specifically sampled species known a priori to exhibit acceler
ated plastid genome evolution, whereas the species sampled 
here chosen without regard to plastid evolutionary rates. 
Therefore, the results shown here provide the new insight that 
ERC signatures spanning the plastid proteostasis apparatus 
are prevalent in a more general and widespread sense in angio
sperms. Similar to R2T consensus hits, BXB consensus hits ap
pear to be enriched for organelle-localized proteins. However, 
they otherwise lack a clear pattern of functional enrichment, in
stead touching on several areas of plant cellular biology such as 
cellular signaling, the cell cycle, chloroplast and mitochondrial 
organization, and retrograde signaling.

Parallel Processing and Computational Runtime
Scaling ERC analyses to whole proteomes involves computa
tionally intensive statistical steps that are best suited for high- 
performance computing (HPC). ERCnet provided built-in and 
customizable parallelization at the most computationally in
tensive steps, allowing users to tailor ERCnet to perform op
timally in a variety of computing environments. We ran 
ERCnet on our test datasets on a server, utilizing 48 parallel 
threads (Fig. 7). Through our early testing of ERCnet, we 
found that the pairwise ERC analysis steps (implemented 
with ERC_analyses.py) suffered a performance deficit when 
run on more than 24 parallel threads, perhaps due to a parallel 
computing phenomenon known as “thrashing,” in which 

increased resource allocation comes at an overhead cost for 
the operating system to schedule, resulting in reduced effi
ciency. Therefore, we run this step using only 24 threads. 
Total runtimes for full ERCnet analyses ranged from ∼12 to 
43 h. We find that all-by-all ERC step constitutes a larger por
tion of the total runtime step at n = 10, whereas the phyloge
nomic analyses step rules the runtime at larger n-values 
(Fig. 7a). Somewhat counterintuitively, n = 10 runs exhibited 
some of the longest total runtimes. These patterns are likely 
a product of the complex relationship between proteome 
coverage after filters, size of individual genes trees, and the 
fact that processing in the phylogenomics step scale linearly 
with number of genes in the dataset, while all-by-all ERC ana
lyses is proportional to the square of the number of genes. We 
tested the performance of the phylogenomics steps in a highly 
parallel versus modestly parallel architecture and found that 
48-thread parallelization decreased runtime 4.2-fold on aver
age compared to 4 threads (Fig. 7b). While the maximum 
number of species included in our test datasets (25 ingroup 
species) is modest in comparison to some implementations in 
nonplant taxa (Steenwyk et al. 2022; Tao et al. 2024), the 
built-in parallelization features of ERCnet show potential to 
help enable high-throughput analyses in reasonable time
frames with modest computational resources.

Discussion
Assessing Significance Filters and Error Rates With 
Simulations of Protein Evolution
Our simulations revealed ERCnet can achieve low rates of 
false positive and negative error. Using the most conservative 
filters, ERCnet achieved false positive rates below 10% in 
most cases for R2T and below 1% in most cases for BXB, 
both of which are an encouraging indication that ERCnet 
will be a useful and reliable predictive tool. However, it should 
be noted that our simulations were designed for parameter ex
ploration and proof-of-principle and likely do not capture im
portant sources of noise that impact real datasets. Developing 
highly realistic simulations and incorporating gold-standard 
plant interaction data into ERC-based networks represents 
an important area of future research for the field.

(a) (b)

Fig. 7. Performance of ERCnet using parallel processing. (a) Runtime of the analytical steps of ERCnet parallelized with 48 threads. The reconciliation and 
network analyses steps omitted because they are very fast relative to the phylogenomics steps and pairwise ERC steps and contribute negligibly to the 
overall runtime. b) Runtime of the Phylogenomics steps of ERCnet on either 4 threads or 48 threads. The highly parallelized 48-thread runs were ∼4-fold 
faster than 4-thread runs.
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Our simulations revealed that our BXB method is a relative
ly conservative approach. This is desirable in applications in 
which researchers seek high-confidence interactions; however, 
our results demonstrate that BXB combined with the 
Spearman and/or Kendall correlation method produces false 
negative rates approaching 100%, meaning BXB should not 
be combined with the Spearman or Kendall method. Taken to
gether, our results outline a useful roadmap to help users select 
ERCnet options to tailor the stringency of significance thresh
olds to their experimental priorities.

Optimized Design for ERC Analyses
The choice of how many taxa to include is typically made in 
the early stages of planning an ERC study, yet the field lacks 
clear guidance in this area. A wide range of taxon sample sizes 
have been used in past studies, ranging from 18 budding yeast 
species (Clark et al. 2012) to 472 insect species (Tao et al. 
2024). To our knowledge, past choices are mainly driven by 
the availability of publicly available genome/proteome se
quences and are likely aimed at including the maximum pos
sible number of taxa under the rationale that this is 
favorable because it increases statistical power. The datasets 
tested here represent only a modest range in size and extend 
to smaller numbers of species than have typically been used 
in ERC, yet we were able to detect patterns across this range 
that draw the “more is more” rationale into question. Most 
notably, we demonstrate a tradeoff between the proportion 
of the proteome that passes filters as suitable to study via 
ERC and the potential statistical power of those ERC analyses 
gained in large datasets (Fig. 4). Our gene family filtering cri
teria are more lenient than the criteria typically applied in ERC 
studies, but even so, our largest datasets (25 ingroup species) 
restricted the number of gene families passing filters to 
<7,000 proteins (Fig. 4a), which contain only ∼30% of 
Arabidopsis proteins. This suggests that there is at least 
some benefit to limiting sampling sets to a modest number of 
species. Consistent with this idea, we did not observe a clear 
impact of dataset size on the functional clustering of ERC net
works, with datasets as small as n = 10 showing significant 
clustering (although with a larger degree of variance across 
replicate sample datasets) (Fig. 5). Indeed, branch-length 
measurement strategy (R2T vs. BXB) may have a largest influ
ence on ERCnet performance, with notable differences in er
ror rate on simulated data (Fig. 2 and supplementary fig. S1, 
Supplementary Material online), network size (Fig. 5), and 
network overlap (Fig. 6 and Table 1). The cases in which 
BXB showed a substantial (Figs. 2 and supplementary fig. 
S1, Supplementary Material online) or incremental (Fig. 5c 
and d) improvement over R2T may be owed to the additional 
internal branch length datapoints made available in the BXB 
method or by the ability to reduce the statistical nonindepend
ence/pseudoreplication problem inherent to the R2T method 
(see Results). In any case, our results suggest that combining 
a moderately sized dataset with the BXB branch length meth
od could present an optimal balance of proteome coverage and 
statistical power.

It should be noted that the test set of species included here 
were selected based on model organism status and phylogen
etic representation, but not based on organismal biology or 
ecology features. This is a major difference from some prior 
studies (Williams et al. 2019; Forsythe et al. 2021) that have 
incorporated a priori knowledge of important transitions in 
evolutionary rates into taxon sampling decisions. The use of 

ERC to explore functional modules that coevolve during spe
cific evolutionary transitions (Gatts et al. 2024) or to explore 
how rate variation interacts with complex categorical (Redlich 
et al. (2024)) or quantitative trait evolution (Kowalczyk et al. 
2019) is an exciting new direction (Hu et al. 2019; Treaster 
et al. 2023; Yan et al. 2023). In such cases, it may make sense 
to prioritize sampling species that represent important evolu
tionary transitions or trait values. Although we have not ex
plored this dimension of taxon sampling here, it is possible 
that a priori information about phenotypic and evolutionary 
rate variation could alter the dynamics of how dataset size in
fluences ERC analyses.

Dataset Dependence and Consensus Signatures of 
ERC Across Angiosperm Datasets
There are countless biological and technical factors that could 
lead to a given ERC hit not being detected in a given sampling 
set. The highly dimensional nature of all-by-all ERC analyses 
mean that differences in genome quality and organismal biol
ogy can become amplified, leading to vastly inconsistent 
ERC-based networks. These factors could explain why the 
ERC hits produced by different runs of ERCnet show only a 
modest degree of overlap (Fig. 6). While the level of overlap 
we observed clearly exceeds a random background, the obser
vation that most ERC hits were found in only a single run 
raises concerns about the reproducibility of ERC results. On 
the other hand, the lack of overlapping hits may suggest that 
ERC signatures reflect the specific biology of the taxa included 
in an ERCnet analysis. This demonstrates that applying ERC 
in unique sets of taxa has the potential to identify novel inter
actions. Our results also highlight that ERC does not return all 
protein–protein interactions in the cell. Instead, ERC is 
equipped to return the interactions that have been influenced 
by variable selection pressures across the chosen taxa. It will 
be revealing to study whether similar dataset-dependence dy
namics persist as we extend ERC analyses to larger swaths 
of plant species and increase sample size to include hundreds 
of species, as has been performed in nonplant lineages 
(Steenwyk et al. 2022; Tao et al. 2024; Little et al. 2025).

Given the dataset dependence of many ERC hits, it could be 
especially informative to identify the shortlist of ERC hits that 
are detected across multiple datasets and ERCnet runs because 
the identity of the proteins involved in these interactions could 
reveal fundamental drivers of plant molecular evolution. We 
find that interactions among chloroplast-localized proteins 
constitute a large portion of our consensus ERC hits 
(Table 1), including interactions among functional categories 
that have been documented in previous plastid-nuclear ERC 
work. However, the prevalence of chloroplast-related proteins 
in this study is especially novel and striking because the taxa 
used here were not selected with chloroplast function in 
mind. Despite this (and perhaps because of this), our consen
sus ERC hits revealed several new interactions that had not 
been identified in prior plastid-nuclear focused ERC analyses. 
These hits include proteins with little functional information 
on TAIR, meaning understanding these interactions could 
lead to novel insights into chloroplast biology. Beyond the 
novel predictions of gene function provided by our consensus 
ERC hits, our results raise the question: why do 
chloroplast-localized proteins exhibit ERC to such an excep
tional degree? The answer to this question remains elusive 
and is outside of the scope of this study, but perhaps the 
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consensus approach that is made possible by ERCnet will lay 
the groundwork for addressing this type of question.

In general, our consensus ERC results resemble prior at
tempts to identify the “strongest” set of ERC hits (Forsythe 
et al. 2021; Gatts et al. 2024) in that our shortlist is a “mixed 
bag” that includes some extremely intuitive predicted interac
tions but also pairs of proteins that seemingly lack a clear func
tional connection, at least based on summary information 
from TAIR. For example, we predict an interaction between 
SHOT1-binding ATPase 4 and SHOT1-binding ATPase 2, 
which share identical TAIR descriptions, supporting cofunc
tionality. On the other hand, our ERC hit connecting 
Fibrillin10 (located in the nucleus and chloroplast; involved 
in structural activity) with Ribosomal Protein UL15 M (lo
cated in the mitochondrion) does not inherently suggest co
functionality at first glance; however, this ERC hit could 
represent a functional pathways that spans compartments, 
such as proteostasis or retrograde signaling, which ERC may 
be adept at detecting (Forsythe et al. 2021; Gatts et al. 2024; 
Little et al. 2024). In any case, understanding which of these 
“surprising” ERC hits constitute novel functional insights ver
sus noise remains an ongoing challenge to interpretating ERC 
results; however, our approach of identifying ERC hits span
ning randomly sampled datasets could present a valuable 
means of pinpointing the groups of proteins whose interaction 
and coevolution are indicative of the most widespread drivers 
of intermolecular coevolution in plants.

Materials and Methods
Proteome Simulations
We used the python module, pyvolve (v. 0.9.0), to simulate 
protein evolution of 1,000 gene families and combined the re
sulting protein sequences into proteomes for 21 species 
(Spielman and Wilke 2015). To simulate each gene family, first 
we generated a randomly branching bifurcating tree with each 
branch length randomly sampled from a distribution between 
0.01 and 0.05. Trees generated in this way were used as guide 
trees to simulate protein sequences using pyvolve. Protein se
quence lengths were randomly set to between 200 and 1,000 
amino acids. All proteins with simulated with the “jtt” model 
of evolution. We designated tree 1 to 100 as our “coaccelera
tion” trees, which were used to simulate protein sequences 
that underwent accelerated evolution along specific branches 
of the tree. We simulated this acceleration by randomly select
ing 5 branches on the tree and multiplying the branch length 
by 10. Protein families 1 to 100 were simulated using this ac
celerated tree as guide tree. Protein families 101 to 1000 were 
simulated with the original unaccelerated guide tree. After all 
protein families were simulated, the protein family sequences 
were deconstructed and moved into 21 proteome files, which 
were input into the standard ERCnet workflow (Fig. 2). For 
this dataset, a true-positive ERC hit was defined as a signifi
cant ERC hit in which both interaction partners were from 
protein families 1 to 100. The false positive rate was calculated 
as the number of significant ERC hits in which at least one 
interaction partner was from protein family 101 to 1000 div
ided by the total number of comparisons of that type. The false 
negative rate was defined as 1 minus the number of true- 
positives divided by the total number comparisons between 
pairs of proteins families from 1 to 100.

As a separate simulation-based test, we simulated a separate 
set of proteomes with a critical difference being that the 5 

accelerated branches were randomly chosen separately for 
each of the 100 accelerated gene trees. While this dataset still 
includes 100 accelerated protein families, each is accelerated 
in a different set of branches, meaning they are not “coacceler
ated,” thus serving as a negative control for ERCnet detection 
of correlated evolution (supplementary fig. S1, Supplementary 
Material online). In this dataset, any significant ERC hit was 
considered a “spurious” ERC hit.

All simulations used in this study can be reproduced with 
the Simulations.py script. Calculations of false positive/nega
tive rates can be reproduced with the Sim_error_track.py 
script. Both scripts are available on the ERCnet GitHub page.

Obtaining and Processing Randomized Plant 
Proteome Datasets
We created a pool of 35 plant proteome sequence dataset 
(supplementary table S1, Supplementary Material online), 
which included a mixture of crop species and model organ
isms, chosen for their general high-quality genomic resources. 
Sequences were obtained from the Phytozome plant compara
tive genomics portal (release 13) (Goodstein et al. 2012). We 
downloaded the “primary transcripts only” version fasta files 
for each species to avoid splice isoforms being mistaken for pa
ralogs. Fasta files were reformatted to standardize sequence ID 
formatting (e.g. “Atha__AT1G06950” for an A. thaliana pro
tein sequence), using SeqKit Unix tools (Shen et al. 2016).

From our pool of 35 plant genomes, we randomly selected 
species for datasets of size n = 10, n = 15, n = 20, and n = 25, 
where n refers to the number of ingroup species included. 
We performed 5 replicates for each n value, each with its 
own randomly selected set of taxa. All datasets included 
Amborella trichopoda as an outgroup and A. thaliana as a 
common focal species for cross-dataset comparisons. Three 
replicates of randomly selected taxa were performed for 
each n value, resulting in a total of 20 datasets, each of which 
was subjected to full ERCnet analyses.

ERCnet analyses require clustered gene families as input, 
which we obtained by running Orthofinder (v2.2.5) (Emms 
and Kelly 2015, 2019). We ran Orthofinder separately on 
each test dataset using the following command.
orthofinder -f <path/to/dir/containing/ 

proteomes/> -y -X -M msa -t< number of threads 
available on computing system >

Orthofinder species tree outputs were manually inspected to 
verify that Amborella trichopoda was the outgroup. When this 
was not the case, we re-ran Orthofinder with a constrained spe
cies tree consistent with established species relationships (Jansen 
et al. 2007). Orthofinder “hierarchical orthogroups” (HOGs) 
for each dataset were used as input for each ERCnet run.

Setting up Computing Environment and Installing 
ERCnet Dependencies
ERCnet has been tested extensively on multiple MacOS and 
Linux-based computers. For this study, we ran all ERCnet 
analyses on a node on a HPC Linux server equipped with 
dual AMD EPYC 7713 processors, each featuring 64 physical 
cores with a base clock speed of 2.0 GHz, for a combined total 
of 128 physical cores. The system includes 1 TB (16 × 64 GB) 
of PC4-25600 3200 MHz DDR4 ECC RDIMM RAM, 2 240 
GB Micron 5,400 PRO Series SATA SSDs for the operating 
system, and a 256 TB storage capacity. We created 2 Conda 
virtual environments to accomplish ERCnet steps that require 

ERCnet · https://doi.org/10.1093/molbev/msaf089                                                                                                                                            13

http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf089#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf089#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf089#supplementary-data


Python 3 and Python 2. Our environments utilized Python 
3.9.7 and Python 2.7.18, respectively. The Conda environ
ments, including ERCnet dependencies, can be recreated using 
the.yml files provided with the ERCnet package on GitHub. 
All ERCnet runs presented in this study were performed using 
ERCnet (v1.2.0) (see ERCnet documentation for release 
information).

Phylogenomic Analyses
The first steps of ERCnet are implemented in the 
Phylongenomics.py script, which filters gene families by user- 
defined parameters (see -r and -p flag below). Next, multiple 
sequence alignments are generated using the L-INS-I algo
rithm in MAFFT (v7.515) (Katoh and Standley 2013). Next, 
TAPER (Zhang et al. 2021) is (optionally) used to identify 
outlier sequences and filter out noise from heterogeneity. 
GBLOCKS (v0.91b) (Castresana 2000) is then used to trim 
poorly aligned regions from alignments. Alignments that are 
shorter than 100 amino acids (set with the “-l 100” flag) fol
lowing trimming are discarded. After alignment trimming, 
IQ-TREE (Nguyen et al. 2015) is used for phylogenetic recon
struction, including model selection, bootstrap resampling, 
and branch length optimization. Bootstrap support scores 
are used to collapse poorly supported (<85% bootstrap sup
port by default) relationships in gene trees to prevent errone
ous inference of gene duplication events due to phylogenetic 
uncertainty. Below is an example command used to call 
Phylogenomics.py, including descriptions of all required argu
ments. For detailed descriptions of optional arguments, see the 
ERCnet GitHub page.
./Phylogenomics.py -j<Job Name>-o< 

OrthoFinder Results Files>-m<Threads>-s -p 4 
-r 11

The -j flag indicates the desired name for the output folder 
for all ERCnet outputs. This “jobname” is used to help 
ERCnet find needed input/output files throughout the 
ERCnet workflow. The -o flag indicates the path to 
Orthofinder results used in the analyses. The -m flag allows 
for parallel multithreading to speed up analysis time by using 
Joblib (see below). The -s flag allows the user to provide a cus
tom species mapping file to help ERCnet assign gene names to 
species. The -p and -r flags are used during an initial filtering 
step to remove gene families with too many paralogs or too lit
tle species representation, which are unlikely to be useful in 
ERCnet analyses (e.g. gene families consisting of only 100 pa
ralogs from 1 species). The -p flag indicates the maximum 
number of paralogs per species allowed in each gene family. 
For example, “-p 3” would cause ERCnet to exclude a gene 
family that contains 4 or more paralogs for any species. 
Note that Orthofinder’s HOGs (Emms and Kelly 2019) split 
deep paralogs into separate gene families, so the paralogs de
tected during this filtering step represent only relatively recent 
gene duplicates. We set -p to 3 for all ERCnet runs used in this 
study. The -r flag controls the minimum number of species rep
resented in each gene family. For example, “-r 6” indicates 
that at least 6 unique ingroup species must be present in a 
gene family in order for ERCnet to retain the gene family. 
For the randomized datasets of varying size used in this study, 
we used set -r to the ceiling of (n/2) + 1. For example, for n = 20 
dataset, r was set to 11.

To achieve parallelization for the steps that represent poten
tial computational bottlenecks (Fig. 1), we use Joblib, an open- 
source Python library that uses C and loky to circumvent 

Python’s Global Interpreter Lock and spawn parallel worker 
processes.

Gene-Tree/Species-Tree Reconciliation
Once gene trees are generated for all retained gene families, 
ERCnet performs a GT/ST reconciliation step via the 
GTST_reconciliation.py script. GTST_reconciliation.py em
ploys DLCpar (v2.0.1) to infer gene duplication, coalescence, 
and loss, which allows ERCnet to reconcile conflicting gene 
trees and species and perform BLR (See Results and Fig. 1b). 
While ERCnet generally runs inside a Python 3 environment, 
DLCpar requires Python 2. We use Conda environments to 
easily toggle between Python 2 and Python 3. Once a 
Python 2 environment is activated, GTST_reconciliation.py 
can be called with the following command:
./GTST_reconciliation.py -j<Job Name>

ERC Analyses With BLR
After GT/ST reconciliation, ERCnet performs ERC analyses 
in an all-versus-all fashion by comparing the branch lengths 
for every possible pairwise combination of gene trees. To ac
count for lineage-specific differences in rate of evolution, 
each branch length on each gene tree is normalized by the 
genome-wide average for the corresponding branch before 
correlation analyses are performed. Below is an example script 
used to call ERC_analysis.py.
./ERC_analyses.py -j<Job Name>-m<Threads> 

-s<Focal Species>-b<Branch Reconciliation 
Method>

The -m flag determines how many threads used for parallel
izing the analysis. The -s flag indicates which species should be 
the focal species for the analysis. The -b flag controls which 
branch length correlation method (R2T or BXB) is used. For 
this study, we ran ERCnet with both methods in order to com
pare results.

Network Analyses
The final step of ERCnet filters ERC results to retain ERC hits 
according to user-defined cutoffs and filtering criteria. 
Network_analysis.py includes options to filter results by R2 

values and P-values obtained from Pearson, Spearman, and/ 
or Kendall correlation analyses. If Kendall is selected, 
ERCnet uses an unsquared Kendall’s Tau value in place of 
an R2 value for filtering. Users choose to filter by raw 
P-value or P-values that are multiple-test corrected with the 
Benjamini–Hochberg false discovery rate method (Benjamini 
and Hochberg 1995). The script also includes options for 
building network graphs to visualize interaction networks. 
Nodes indicate gene families and edges between nodes indicate 
significant ERC signal. Many options for network visualiza
tion, clustering, and export are available (see ERCnet 
GitHub page). Additionally, Network_analysis.py provides 
the option to evaluate clustering of user-defined functional 
gene annotations by calculating the assortativity coefficient 
(Newman 2003) using the igraph package (Csardi and 
Nepusz 2006). Network_analyses.py was run with the follow
ing command:
./Network_analyses.py -j<Job Name>-m< 

Branch method used>-y<Clustering algorithm> 
-s<Focal Species>-f<ERC results filename>

The -m flag informs the script which branch length method 
was used from the previous step. The -f flag indicates which 
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ERC results file should be analyzed in the event that prior step 
was run multiple times. The -y flag allows the user to specify 
which clustering method they would like for generating 
network plots. The -s flag specifics which focal species the 
user is providing. The -f flag provides the script with the 
ERC results tsv file the user wishes to use for this portion of 
the analysis. Multiple ERC results files can be generated by 
ERC_analysis.py.

Analysis of ERC Hit Overlap
To ask if ERC hits from multiple ERCnet runs overlap more 
than would be expected by chance, we performed a permuta
tion test in which we randomized the ERC results table. The 
ERC results table includes a “Gene A” and “Gene B” corre
sponding to the 2 gene families being compared for ERC sig
nature in a given pairwise combination. First, to gauge 
overall overlap between different ERCnet runs, we simply 
counted the number of ERCnet runs in which a given Gene 
A and Gene B combination are present among the ERC hits. 
To achieve a “null distribution,” we randomized the Gene B 
column of the tables and again calculated ERC hit overlap 
across ERCnet runs. We replicated this procedure 10 times 
to get an average degree of overlap for ERCnet runs with dif
ferent parameters. To analyze consensus ERC hits, we ex
tracted the ERC hits present in the top 3 levels of overlap 
for R2T and BXB ERCnet runs (Table 1) and obtained func
tional annotation data for the A. thaliana paralog in each 
gene family from TAIR (Lamesch et al. 2012).

Supplementary Material
Supplementary material is available at Molecular Biology and 
Evolution online.

Data Availability
ERCnet code is freely available at https://github.com/ 
EvanForsythe/ERCnet. Output networks from ERCnet runs 
on 20 angiosperm datasets analyzed in this study can be found 
in the supplemental online material.
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