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Abstract

Background Protein—protein interactions are the primary means through which proteins carry out their functions.
These interactions thus have crucial roles in life activities. The wide availability of fully sequenced animal and plant
genomes has facilitated establishment of relatively complete global protein interaction networks for some model spe-
cies. The genomes of cultivated and wild peanut (Arachis hypogaea L.) have also been sequenced, but the functions
of most of the encoded proteins remain unclear.

Results We here used homologous mapping of validated protein interaction data from model species to generate
complete peanut protein interaction networks for A. hypogaea cv. Tifrunner’ (282,619 pairs), A. hypogaea cv. 'Shitougi’
(256,441 pairs), A. monticola (440,470 pairs), A. duranensis (136,363 pairs), and A. ipaensis (172,813 pairs). A detailed
analysis was conducted for a putative disease-resistance subnetwork in the Tifrunner network to identify candidate
genes and validate functional interactions. The network suggested that DX2UEH and its interacting partners may
participate in peanut resistance to bacterial wilt; this was preliminarily validated with overexpression experiments

in peanut.

Conclusion Our results provide valuable new information for future analyses of gene and protein functions and reg-
ulatory networks in peanut.
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Background

Proteins often cooperate with one another to carry out
specific functions, and gene expression often depends on
interactions between proteins [1]. At the molecular level,
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protein—protein interactions (PPIs) play important roles
in processes including transcription factor recruitment,
enzyme activation or inactivation, cytoskeleton assem-
bly, protein phosphorylation, and transporter activation
[2—4]. PPIs are involved in various biological regulatory
processes, including stress responses, signal transduc-
tion, organ formation, and even dynamic balance control
[5, 6]. In plants, PPIs are critical in the regulation of sig-
nal transduction. Protein kinases and phosphatases are
important components of signal transduction pathways.
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Thus, PPIs are necessary for critical physiological, patho-
logical, and developmental processes [7].

Various methods falling into two general categories can
be used to identify PPIs: physical interaction inferences,
based on experimental methods; and functional relation-
ship predictions, based on computational analyses. After
the yeast two-hybrid (Y2H) technique was developed in
the 1980s, many other experimental methods emerged
for physical validation of PPIs. These approaches include
fluorescence resonance energy transfer, bimolecular
fluorescence complementation, luciferase complemen-
tation (LUC), and co-immunoprecipitation assays [8,
9]. Each method has unique features and shortcomings.
Thus, PPIs generally require the use of multiple methods
to verify their authenticity. However, such experimental
methods generally require extensive manpower, time,
and financial resources, and produce results with low
accuracy and efficiency [8—11]. PPIs can therefore be pre-
dicted with computational methods such as homologous
mapping, protein sequence-based prediction, and predic-
tions with classical machine learning or deep learning
techniques [10, 11]. Significant progress has been made
in predicting PPIs using these methods [12-16].

A PPI network (PPIN) refers to a conceptual represen-
tation of physical interactions between proteins. Analy-
sis of a complete protein interactome provides a valuable
framework for understanding the functional organization
of protein groups. Based on interactions with proteins of
known function, PPINs can increase our understanding
of the functions of unannotated proteins and the molec-
ular bases of target traits. The gradual maturity of high-
throughput sequencing technologies and experimental
protein detection methods have enabled comprehensive
PPIN construction for humans and several other model
species; researchers can use bioinformatics methods to
integrate data from the fields of biology, computer sci-
ence, physics, chemistry, mathematics, and other disci-
plines to obtain genome-scale PPINs.

There are several high-profile examples in the litera-
ture of PPINs yielding valuable biological insights into
plants. For example, to identify the potential functions of
known protein kinases, a comprehensive protein kinase
network was established for rice to predict the molecu-
lar and biological functions of kinases, especially those
related to plant defense activities [6]. To understand plant
abiotic stress responses, a PPIN was constructed from
Y2H data, which included over 200 rice genes related
to abiotic stress and seed germination [17]. Integra-
tion of a PPIN with gene expression data and quantita-
tive trait locus data can enable systemic analyses of plant
responses to abiotic and biotic factors; in rice, such a net-
work facilitated discovery of genes previously unknown
to be related to disease resistance [17]. A wheat protein
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interactome for abiotic stress and development has also
been constructed based on Y2H data, including 73 pro-
teins involved in 97 interactions [18]. In that network,
all of the bait proteins and the corresponding interactors
were connected, which revealed complex interactions
among transcription factors during flower development,
abscisic acid signal transduction, and abiotic stress [18].
A genome-wide protein interactome of tea tree has also
been constructed to improve understanding of molecular
defense mechanisms against biotic and abiotic stresses
[19]. These prior studies demonstrate that the huge data-
sets generated from combinations of sequencing and
experimental efforts can uncover protein complexes and
establish the biological roles of protein interactions [20].

Full genome sequencing has now been completed
for several wild ancestors of modern peanut (Arachis
hypogaea L.) in addition to multiple domesticated culti-
vars. Fully annotated genomes are available for the dip-
loid wild species A. duranensis and A. ipaensis [21-23],
the tetraploid wild species A. monticola [24, 25], and the
tetraploid A. hypogaea cultivars ‘Tifrunner’ [26] and ‘Shi-
touqi’ [27]. However, peanut PPINs are extremely scarce
to date. Deeper understanding of biological functionality
in peanut thus require urgent supplementation via meth-
ods including PPIN analysis.

We here used homologous mapping to predict PPIs in
peanut based on data from model species, then generated
a full genome-wide peanut PPIN. This allowed us to fill
gaps in our understanding of PPIs in peanut using known
protein interactions in model species to shed light on the
peanut proteome. The results provide a solid foundation
for future analyses of PPIs in peanut. Importantly, the
peanut PPIN also suggested candidate genes for future
targeted breeding efforts to increase yield, disease resist-
ance, and abiotic stress resistance in this economically
important crop.

Results

Prediction of peanut PPIs

PPI data from nine model species were mapped to Tif-
runner, Shitouqi, A. monticola, A. duranensis, and A.
ipaensis (Fig. 1, Table 1, Supplementary Tables S1-S5).
Tifrunner and Shitouqi are tetraploid cultivars and
showed similar numbers of PPIs. The number of PPIs in
A. duranensis and A. ipaensis combined was comparable
to the number in Tifrunner alone. Perhaps due to the rel-
atively high quality of the A. monticola assembly [24, 25],
this species contained a greater number of identified pro-
teins than either of the two tetraploid cultivars, resulting
in a significantly higher number of mapped PPIs. Because
Tifrunner is the most commonly used reference genome
in peanut research, all subsequent analyses were con-
ducted using data from this cultivar.
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Fig. 1 Workflow showing generation of the predicted peanut protein interactome

Table 1 The summary of proteins and predicted protein interactions among various peanut reference genome

Type Material Total protein  KEGG number GO number Predicted protein-protein Proteins in PPI
number interaction number
Tetraploid cultivars Tifrunner 84,714 22,536 38,092 282,619 17,626
Shitougi 88,601 14,694 10,199 256,441 17,166
Tetraploid wild species Arachis monticola 75,226 22,605 35,586 440,470 19,932
Diploid wild species Arachis duranensis 36,734 6230 4134 136,363 11,998
Arachis ipaensis 41,840 4503 6692 172,813 13,202

Topological analysis of the peanut PPIN
Homology mapping yielded a total of 282,619 PPIs
among 17,626 proteins in Tifrunner. These interac-
tions were used to generate a predicted peanut PPIN
(Fig. 2A, Supplementary Figure S1). Analysis of the net-
work topology (Supplementary Table S6) showed that
the PPIN formed one large main network with several
smaller networks; the main network comprised 17,242
proteins, accounting for 97.82% of the total number of
proteins present in the PPIN. Each protein had between
one and 1054 degrees of connection (i.e., interactions)
(mean=32) (Fig. 2B). A majority of the proteins had
between one and 20 degrees of interaction, and there was
a negative correlation between the degree value and the
number of proteins with that number of interactions. The
shortest path length in the predicted peanut PPIN was
generally between one and six (Fig. 2C), indicating rela-
tively short path lengths between any two proteins in the
network. This suggested strong fault tolerance and stabil-
ity in this network.

Stress centrality was determined by calculating the
number of shortest paths that included a given protein.

The peanut PPIN contained a large number of highly
stress-central nodes (Fig. 2D), with 72.32% of nodes hav-
ing a stress centrality>1x 10% this indicated high inter-
connectivity of the network. Nodes through which a large
number of shortest paths passed were likely to corre-
spond to key proteins that carry out important functions
and have significant impacts on peanut life activities. The
neighborhood connectivity showed a decreasing trend
as the degree of connection increased (Fig. 2E). Some
low-degree proteins interacted with highly connected
proteins in their surroundings, whereas the proteins
interacting with moderate-degree proteins tended to
have similarly high degrees of connection. The neighbor-
hood connectivity values of some proteins with degrees
of connection between 200 and 400 were also high.

Functional annotation of the peanut PPIN

Of the 84,714 proteins encoded by the Tifrunner genome,
38,092 had Gene Ontology (GO) annotations, account-
ing for 44.96% of the total. However, among the 17,626
Tifrunner proteins in the PPIN, 12,558 (71.25%) had
GO annotations. Thus, compared to the full protein set,
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Fig. 2 Topological structure of the predicted peanut protein interaction network for Tifrunner. A Predicted Tifrunner master protein interaction
network. B Distribution of protein interaction degrees. C Distribution of average shortest path length between all possible protein pairs. D Stress

centrality. E Neighborhood connectivity

proteins present in the PPIN had higher GO annotation
coverage. Statistical and clustering analyses were con-
ducted for the GO terms, including the biological process
(BP), molecular function (MF), and cellular component
(CC) annotations. The most abundant BP annotation
in the PPIN was “oxidation—reduction process’, which
accounted for 7.8% of BP annotations. The most abun-
dant MF term was protein binding, which accounted for
10.97% of MF annotations. The CC annotations “mem-
brane’, “intracellular anatomical structure’, and “nucleus”
had similarly high proportions, which accounted for
14.48%, 13.82%, and 16.68% of CC annotations, respec-
tively (Fig. 3A).

Clustering was also performed on the entire set of pea-
nut proteins with GO annotations and on the proteins in
the PPIN with GO annotations. The most abundant BP,
ME, and CC terms were similar between the two datasets
(Fig. 3B), demonstrating that the GO annotations of pro-
teins in the PPIN were consistent with those of the full
proteome. There were 175,382 PPI pairs for which both
members had GO annotations. The G-SESAME algo-
rithm was therefore used to calculate the GO-specific
annotation similarity. The Relative specificity similarity
(RSS) scores were unevenly distributed, and the propor-
tions of GO-RSS scores were very high for each annota-
tion type: 43.22% for BP-RSS scores, 24.39% for MF-RSS
scores, and 49.64% for CC-RSS scores (Fig. 3C). These
PPIs therefore had high specificity and similarity in GO
annotations. Overall, the results showed that most pairs

of proteins predicted to interact via homologous map-
ping had annotations for identical or similar functions,
supporting the validity of the predicted interactions
between members of that pair.

A similar analysis was next conducted for Kyoto Ency-
clopedia of Genes and Genomes (KEGG) biochemical
pathway annotations. In the entire peanut proteome,
22,536 proteins had KEGG annotations, accounting for
26.60% of all proteins. Of the 17,626 proteins in the pea-
nut PPIN, 7615 had KEGG annotations, corresponding
to 43.20%. Thus, comparable to the GO annotations, the
KEGG annotation coverage was higher in the PPIN than
in the whole proteome. The 7615 PPIN proteins with
KEGG annotations were distributed in 128 pathways
and participated in 210,308 PPIs. The coverage of these
128 pathways ranged from 0-1 (Supplementary Figure
S2A), with the autophagy pathway having the highest
coverage at 95.65%. Of the 23 proteins in the autophagy
pathway, 22 were present in the PPIN. The pathway with
the second-highest coverage was the plant hormone sig-
nal transduction (PHST) pathway (91.11%); the coverage
values of the ribosome, plant mitogen-activated protein
kinase (MAPK) signaling, plant circadian rhythm, and
spliceosome pathways all exceeded 80%. KEGG enrich-
ment analysis demonstrated that pathways with higher
coverage in the PPIN were also more highly enriched
(Supplementary Figure S2B). The exception was the
PHST pathway, which had high coverage but was not
among the 20 most highly enriched pathways. However,
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Fig. 3 Gene Ontology (GO) statistics for the predicted peanut protein interaction network for Tifrunner. A GO annotation statistics
for the interaction network. B Comparison of GO clustering for the entire peanut proteome and for proteins included in the interaction network. C
Relative specificity similarity scores distribution of the predicted peanut protein interaction network

the PHST pathway contains a small number of proteins,
which contributed to the relatively high p-value and thus
the low ranking.

Subcellular colocalization of peanut PPIN members
Predicted subcellular localization data were available
for 17,623 proteins in the PPIN; these proteins were

distributed among 14 cellular regions (Supplementary
Table S7). The most enriched regions were the nucleus
(27.84%), the membrane (15.91%), the cytoplasm
(15.54%), and the chloroplast membrane (12.42%). Of the
282,619 total predicted PPIs, members of 59,622 interac-
tions (21.10%) had consistent predicted subcellular local-
izations. The largest number of predicted co-localized
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protein pairs (27,728, 46.51%) were annotated as local-
ized to the nucleus. There were 14,661, 11,288, and
2807 interacting proteins co-localized to the cytoplasm,
membrane, and chloroplast membrane, respectively,
accounting for 24.59%, 18.93%, and 4.71% of the total,
respectively (Fig. 4A).

Interacting proteins co-localized to the nucleus formed
an internal core network, with some proteins also partici-
pating in several sub-networks (Fig. 4B). KEGG analysis
showed that nuclear-localized peanut proteins and their
partners belonged to 70 biochemical pathways. The most

A (Number) B
0 40 80 2000 4000 10000 20000
L1 1 [ L1
Chloroplast ]
Endoplasmic reticulum I
Cytoplasmic |
Extracellular (Secreted) | |
Membrane bound Chloroplast
Membrane bound Peroxisomal | ]
Membrane bound Golgi
Golgi
Membrane bound Vacuolar .
Mito chondrial ]
Nucear I
Peroxisomal
Plasma membrane I
Vacuolar
C
0000000900,
/ XK O
X %o,

PHST & PPAI & MAPK

AAAK

Page 6 of 13

highly enriched pathways were the PHST, MAPK sign-
aling, protein processing in the endoplasmic reticulum
(PPER), ubiquitin-mediated proteolysis (UBMP), and
plant—pathogen interaction (PPAI) pathways (Fig. 4C).
Furthermore, 29 nuclear proteins were shared by the
PHST and MAPK pathways; 31 were shared by the PPER
and UBMP pathways; 22 were shared by the MAPK
and PPAI pathways; and five proteins (LL1IKB, RI4L2F,
FS6JVA, 3M3KZ3, 7VWF6Q) were shared by the PHST,
PPAI, and MAPK pathways. There were direct corre-
lations between the PHST and MAPK, the PPER and
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Fig. 4 Subcellular localization analysis of members of the predicted peanut protein interaction network for Tifrunner. A Subcellular localization
annotations. B Visualization of the predicted peanut nuclear interactome. C Subnetwork of the five most enriched pathways among nuclear
proteins
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UBMP, and the MAPK and PPAI pathways through these
co-node proteins.

Disease resistance subnetwork construction

and expression analysis

Based on the KEGG data of disease resistance, 53
potential disease-resistance genes/proteins and their
interacting proteins were screened in the peanut PPIN
(Supplementary Table S8). These proteins were involved
in 1040 PPIs. The network of disease-resistance genes
was relatively dispersed (Supplementary Figure S3A).
Three proteins with degrees>50 were identified:
DX2UEH, JRZT96, and 458UQU. These three proteins
participated in 209 PPIs and formed the center of a star-
shaped subnetwork. DX2UEH was predicted to have 82
PPIs, including 13 interactions with proteins annotated
as having kinase activity, 11 with proteins having ser-
ine/threonine kinase activity, and six with proteins hav-
ing phosphotransferase activity (Fig. 5A). DX2UEH was
connected to FSMKWZ in a branch that also included
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AhIDU4K1; in a previous study from our lab, the latter
protein was shown to enhance peanut resistance to Ral-
stonia solanacearum [28, 29].

To assess the reliability of the candidate disease-resist-
ance subnetwork, the expressions of potential disease-
resistance genes/proteins and their interacting genes/
proteins were visualized and analyzed using previously
published peanut RNA-seq data for two A. hypogaea
cultivars after inoculation with R. solanacearum: the
resistant and susceptible cultivars ‘H108’ and ‘H107,
respectively (Supplementary Figure S4). Further, we ana-
lyzed expression levels of AhDX2UEH, AhJRZT96, and
Ah458UQU in H108 and H107 by qPCR. All three genes
were expressed at significantly higher levels in H108 than
in H107 after infection. In H108, the genes were upregu-
lated at 1 d post-inoculation (dpi) and downregulated at
7 dpi. In H107, the genes were gradually downregulated
over the entire period (Fig. 5B). In the branch of the net-
work connecting AhDX2UEH to AhFSMKWZ, expression
patterns were more complex. AhZQ326X, AhXP9K23,

9GG7VO
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Fig. 5 Analysis of putative disease-resistance proteins based on the predicted peanut protein interaction network for Tifrunner. A Putative peanut
disease-resistance subnetwork (DX2UEH interactors). B Validation of predicted peanut disease-resistance protein—protein interactions via luciferase
complementation assays. C Expression levels of selected genes in the disease-resistance subnetwork after inoculation with R. solanacearum.

Error bars represent the mean +SD of three biological replicates, and different letters indicate statistically significant differences at p <0.05 based
on the Tukey-Kramer test. D-F Symptoms (D), trypan blue staining (E), and 3, 3-diaminobenzidine (DAB) staining (F) in peanut leaves transiently
overexpressing AhDX2UEH, AhFK8434, or AhLYV1YH after inoculation with R. solanacearum
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AhYQ853S, and AWFSMKWLZ each showed an initial
increase followed by a decrease in expression in both
cultivars, but AhZQ326X, AhXP9K23, and AWFSMKWZ
were expressed at significantly higher levels in H108 than
H107. AhF5SMKWZ was upregulated by nearly six-fold at
1 dpi in H108, compared to an increase of just two-fold
in H107. In H107, AhIS2QLD and AhIDU4K1 were down-
regulated at 1 dpi, but expression levels later recovered; in
H108, the same genes were first upregulated, then down-
regulated (Fig. 5B, Supplementary Figure S3B).

Six proteins predicted to interact with DX2UEH were
randomly selected from the disease-resistance subnet-
work for validation with LUC assays: LYV1YH, FK8434,
BX8PA5-1, BX8PA5-2, 57FE7T and 9S25LQ. All of these
proteins except 2RYD9Q exhibited significant fluores-
cence signals, indicating interactions with DX2UEH
in vivo. Interestingly, amplification of AZBX8PAS for the
LUC assay yielded a previously unidentified transcript,
AhBX8PAS5-2. This transcript contained an additional
156-bp fragment in the middle of the previously identi-
fied coding sequence (CDS), and the corresponding pro-
tein was found to interact with AhDX2UEH (Fig. 5C).

To further validate the functions of these proteins,
peanut leaves transiently overexpressing AhDX2UEH,
AhFK8434, or AhLYV1YH were inoculated with R. solan-
acearum, then the level of resistance was estimated. Con-
trol leaves were susceptible, showing wilting at 3 dpi. In
contrast, leaves transiently overexpressing AhDX2UEH-
GFP, AhFK8434-GFP, or AhLYVIYH-GFP showed a
normal (uninfected) phenotype (Fig. 5D). After trypan
blue staining, the empty-vector control leaves were a
much deeper shade of blue than leaves overexpress-
ing any of the three putative resistance-related genes
(Fig. 5E). Finally, H,O, accumulation in the leaves was
estimated with 3, 3’-diaminobenzidine (DAB) staining.
H,0, accumulation was comparable between the leaves
overexpressing any of the three genes and uninoculated
leaves (Fig. 5F). Overall, peanut leaves transiently over-
expressing AhFK8434 or AhLYVI1YH showed strong R.
solanacearum resistance, whereas those overexpressing
AhDX2UEH showed significant but weak resistance.

Discussion

Predicted peanut PPIs

We here conducted a comprehensive analysis of PPIs
in several peanut species via homologous mapping. For
comparison, the STRING database (https://cn.string-db.
org/) [30] was used to predict PPIs among several pea-
nut cultivars using the homologous mapping method,
which yielded 71,122 PPIs. This was much smaller than
the number of PPIs obtained with the method used in the
present study, validating our approach.

Page 8 of 13

Numerous studies have used homologous mapping
to identify putative PPIs in model species. For example,
PPI data collected from yeast, nematode, fruit fly, and
human were used to predict PPIs in Arabidopsis thali-
ana via homologous mapping; this generated 19,979
predicted PPIs among 3,617 Arabidopsis proteins [31].
Zhu et al. used homologous mapping to translate PPI
data from Arabidopsis, yeast, human, fruit fly, nema-
tode, and Escherichia coli to rice, resulting in 76,585
predicted PPIs among 5049 proteins [32]. Finally,
PPI data obtained from many species, including nine
eukaryotes (rice, Arabidopsis, human, mouse, rat, fruit
fly, Caenorhabditis elegans, Saccharomyces cerevisiae,
and Schizosaccharomyces pombe), four prokaryotes (E.
coli, Bacillus subtilis, Helicobacter pylori, and Campy-
lobacter jejuni), and Chlamydomonas reinhardtii were
mapped to maize, resulting in 49,026 predicted PPIs
among 6004 proteins [33]. These earlier studies were
conducted with fewer available PPI data from model
species, partially explaining the reduced number of
predicted PPIs compared to the results of the present
study in peanut. The larger number of PPIs here may
also have been due to the relatively large size of the
peanut genome. We therefore expect that future addi-
tions to proteomic and PPI datasets in various species
will allow predictions of still more PPIs in peanut.

In addition to homologous mapping, several bio-
informatics methods have been used to predict PPIs
from combinations of features, including amino acid
sequences, gene co-expression data, functional asso-
ciations, and phylogenetic relationships. For example, a
machine learning model trained on these features was
used to predict 50,220 PPIs in Arabidopsis [34]. A pro-
gram called DeepPPI was constructed using deep neu-
ral networks to effectively learn PPIs from commonly
used protein descriptors [35]. A deep ensemble learn-
ing method, EnAmDNN, has also been designed to
predict PPIs [36]. In all of these cases, various protein
features are extracted, then classical machine learning
or deep learning methods are applied to predict PPIs.

Most known PPIs occur in animals and microorgan-
isms; relatively few have been experimentally identi-
fied in plants. At present, there are too few published
PPIs for peanut to enable the use of machine learning
to predict additional PPIs. However, machine learning
methods could be used to predict PPIs in peanut after
training on datasets from other plant species. Combin-
ing these predictions with existing PPI data obtained
through experimentation or homologous mapping
could yield more reliable and larger-scale PPI data for
peanut. This would combine the distinct advantages of
several complementary approaches.
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Network analysis of predicted peanut PPIs

Of the 84,714 proteins produced by Tifrunner, 17,626
were predicted to be involved in 282,619 PPIs; these
predicted interactions were used to generate the peanut
PPIN. There was a very large main network consisting
of 17,242 proteins, consistent with the phenomenon of
most proteins having multiple interaction partners. Top-
ological analysis [37] of the PPIN revealed 107 connected
components, comparable to prior results in Oryza sativa
and C. elegans [38]. The average degree of each node in
the network was 32, which was also similar to results in
O. sativa and human [39] and indicated relatively tight
internal connections. Most pairs of proteins in the net-
work had path lengths between one and six, and the net-
work overall had a relatively small average shortest path
length, indicating that it had the small-world property
[40] and was thus relatively stable. For example, these
characteristics indicated that peanut should be able to
respond quickly to external stressors and to compensate
for the loss of a given protein through other pathways
with relative ease.

Proteins with high centrality in a PPIN are likely to
have key functions, which is important in exploring pro-
tein functionality both in the PPIN and biologically. Fur-
thermore, proteins with low connectivity overall but high
neighborhood connectivity are likely to be important
links between pathways. Proteins with high overall con-
nectivity generally occupy a central position in a PPIN,
whereas proteins with intermediate connectivity but high
neighborhood connectivity should occupy position just
outside the core. Proteins with high centrality and high
neighborhood connectivity are likely to be critical in vari-
ous biological activities and should therefore be prior-
itized for future in-depth studies.

We examined the reliability of the constructed PPIN
from various perspectives through analyses of similarity
in GO and KEGG annotations, subcellular localization,
and gene expression between members of a PPI pair. For
example, a GO-specific similarity score was calculated
for each predicted interaction pair [40]; a score>0.5 was
classified as significant. For the BP, MF, and CC annota-
tions, 51,480, 71,622, and 52,263 pairs of proteins with
a score>0.5 were found to interact with each other,
accounting for 56.97% of BP-RSS scores, 53.35% of MF-
RSS scores, and 83.97% of CC-RSS scores, respectively
(Fig. 2). These pairs were considered highly likely to
interact. High scores in the subcellular co-localization
and gene co-expression analyses further increased the
credibility of specific predicted PPIs.

Websites such as IntAct and BioGRID have scoring cri-
teria for PPIs [30, 41, 42] that incorporate factors such as
gene co-expression, protein co-localization, the number
of articles that validate the interaction, and validation
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methods. Some researchers have also used existing PPI
data for a given species to functionally evaluate a pre-
dicted PPIN. The results of the present study were based
on predicted PPIs; we therefore used a method combin-
ing co-expression, co-localization, and GO similarity
to estimate predicted PPI validity. Future experimental
data can be used to further validate the predicted peanut
PPIN.

Disease-resistance subnetwork analysis

We here identified putative disease-resistant proteins
and their interacting proteins in the putative disease-
resistance subnetwork for Tifrunner. DX2UEH, JRZT96,
and 458UQU are predicted disease-resistance proteins
in the CC-NBS-LRR family; all three had interaction
degrees >50, indicating centrality in some biological
process. DX2UEH had the highest degree, and most of
its predicted protein interactors were annotated as hav-
ing kinase activity. To validate the roles of these proteins
in plant defense, expression levels of the genes encoding
them were analyzed after plant infection with R. solan-
acearum. AWDX2UEH, AhJRZT96, and Ah458UQU were
upregulated in the resistant peanut cultivar H108 after
inoculation, and there were significant differences in the
expression levels of the three genes between H108 and
the susceptible cultivar H107 at both 1 and 7 dpi. We
therefore hypothesized that AhKDX2UEH, AhJRZT96,
and Ah458UQU had either a direct positive response or
a positive regulatory effect in peanut that promoted dis-
ease resistance.

We also examined expression levels of the genes
encoding the proteins present in the branch network
connected to DX2UEH and F5MK2Z after infection.
These responses were markedly more complex, exhib-
iting both positive and negative responses in H107 and
H108. AhIDU4K1 has previously been shown to enhance
peanut resistance to bacterial wilt disease [28, 29], sup-
porting the validity of the PPIN in revealing proteins
associated with disease resistance. Further studies are
needed to investigate the mechanism by which the
branch network regulates and affects peanut disease
resistance phenotypes.

Six proteins in the disease-resistance subnetwork pre-
dicted to interact with DX2UEH were randomly selected
for experimental validation with LUC assays. Five of the
proteins were found to interact with DX2UEH in vitro,
for a validation rate of 83.3%. Although the sample size
was small, it did verify the accuracy of the predicted pea-
nut PPIN obtained with homology mapping. Of the six
genes in the five validated interactions, five (all except
BX8PAS5) were upregulated after inoculation with R.
solanacearum. Furthermore, the five interactions were
all related to regulation of peanut resistance to bacterial
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wilt disease. Importantly, the validation experiment inci-
dentally uncovered a novel transcript, BX8PAS5-2, and
the encoded protein also interacted with DX2UEH. The
protein encoded by the novel transcript and its interac-
tions with DX2UEH are promising candidates for further
experimental investigation. Finally, transient overex-
pression experiments in peanut leaves indicated that
DX2UEH and its protein interactors induced varying
degrees of R. solanacearum resistance. Further study will
be required to establish the mechanisms by which mem-
bers of the subnetwork collaborate to participate in dis-
ease resistance.

Conclusion

We here used homology mapping to predict proteome-
wide PPIs in several peanut species and cultivars. The
PPIN of Tifrunner formed a large main network with
tight internal connections and overall stability. Topologi-
cal analysis revealed some key proteins with high degrees
of interaction and high centrality. Proteins contained
in the PPIN included most of the GO terms and KEGG
pathways annotated in peanut, including many important
biological processes. Five out of six randomly selected
predicted PPIs were experimentally confirmed through
LUC assays. Both analysis of a putative disease-resist-
ant subnetwork and experimental validation indicated
that proteins in the subnetwork were indeed involved in
enhancing peanut disease resistance. The results of this
study provide valuable new avenues for basic research
into peanut proteins associated with agronomically
important traits such as high yield, high oil content, stress
resistance, and high nutritional value. Future studies
should focus on experimental protein interactome valida-
tion; those data can then be used to train machine learn-
ing models for genome-wide peanut PPI predictions.

Materials and methods

Source of protein sequence data and experimental protein
interaction data

The protein sequence data of nine model organisms,
including Homo sapiens, Caenorhabditis elegans, Dros-
ophila melanogaster, Saccharomyces cerevisiae, Arabi-
dopsis thaliana, Oryza sativa, Triticum aestivum, Zea
mays, and Glycine max was retrieved from Ensembl data-
base (http://asia.ensembl.org/index.html) (Supplemen-
tary Table S9). For peanut, the protein sequence data of
Tifrunnerl.0, A. duranensis and A. ipaensis was retrieved
from PeanutBase (https://www.peanutbase.org/), Shi-
touqi was from Peanut Genome Resource (http://peanu
tgr.fafu.edu.cn/), and A. monticola was from our own
laboratory (Table 1) [24, 25]. Protein—protein interaction
data from the above model organisms were downloaded
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from the public protein—protein interaction databases,
including BioGrid (https://www.ebi.ac.uk/intact/), IntAct
(https://www.ebi.ac.uk/intact/), DIP (https://comp-sys-
bio.org/dipos/), and MINT (http://cbm.bio.uniroma2.it/
mint/) (Supplement Table S1). No protein—protein inter-
action data for peanut was found in those database for
now.

Protein interaction mapping

The OrthoFinder software was used to identify ortholo-
gous proteins and orthologous protein groups between
each species and the peanut genome. Interolog map-
ping, a method based on evolutionary conservation of
protein—protein interactions across species, was used
to map protein interactions from each species onto the
peanut proteome. Interolog mapping is a well-established
method for predicting protein—protein interactions,
based on the fundamental premise that these interactions
co-evolve with the conservative evolution of proteins.
If Protein A and Protein B interact in one species, it is
highly likely that their homologs in another species, Pro-
tein C (homologous to Protein A) and Protein D (homol-
ogous to Protein B), also interact with each other.

The acquisition of peanut protein Gene Ontology (GO) data
and KEGG data

Tifrunner1.0 protein sequence was annotated using Egg-
NOG-mapper [43] with a one-to-one orthologous anno-
tation method to obtain the KEGG annotation. All KEGG
pathway K numbers were downloaded from https://
www.kegg.jp/kegg/ along with 136 pathways for peanuts
(KEGG organisms ID: ahf), and organized to list the K
numbers included in each KEGG pathway for peanuts.
GO annotation information provided by Bertioli et al.
was used [26]. The genome annotation data was used
for Shitouqi and A. monticola, while Eggnog-mapper
was used for A. duranensis and A. ipaensis. The KEGG
and GO enrichment analysis and visualization were per-
formed using TBtools software [44] and the OmicStudio
platform (https://www.omicstudio.cn/index).

Co-expression analysis

We downloaded RNA-seq data from 22 different tissues
of Tifrunnerl.0 at different growth and developmen-
tal stages [45]. The raw sequencing data were mapped
to the Tifrunnerl.0 genome using Hisat2 software [46].
FeatureCounts software [47] was used for expression
quantification to obtain the Fragments Per Kilobase per
Million mapped reads (FPKM) expression data for each
gene. The Pearson correlation coefficient was calculated
for each pair of genes using the R language. Each pair of
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interacting proteins has a gene coexpression correlation
coefficient that ranges from -1 to 1, with highly corre-
lated values indicating a greater likelihood of being co-
expressed and functionally related [48].

Subcellular localization prediction of peanut proteins
ProtComp (http://www.softberry.com/berry.phtml)
integrates several protein localization prediction meth-
ods: neural network-based predictions; direct compari-
son with homologous proteins of known localization;
analysis of pentamer distribution to compute queries
and database sequences; and prediction of certain func-
tional peptide sequences, such as mitochondrial and
chloroplast signal peptides, transport peptides, and
transmembrane segments. By combining these meth-
ods, the predicted locations are scored on a scale from
0 to 1, with higher scores indicating a higher probability
of the protein being localized to that region. Here, Prot-
Comp was used for subcellular localization prediction
of peanut proteins, with a winner-takes-all approach
that considers the highest-scoring subcellular region as
the protein’s localization region. If two interacting pro-
teins are predicted to localize to the same region, they
are considered to be co-localized in the same subcellular
compartment.

GO specific similarity calculation method

GO is an important semantic description system in the
field of life science research. It integrates information
from multiple databases, annotates and classifies gene
function using structured terms, and represents hierar-
chical relationships between terms using a directed acy-
clic graph. Although GO provides GO terms for each
gene, a challenge remains in accurately measuring the
semantic similarity between two GO terms to determine
the functional similarity between genes. In this experi-
ment, we adopt an algorithm called G-SESAME [49,
50] to calculate the similarity between GO terms of two
genes and provide a score. The algorithm was according
to the previous report [50].

Using algorithms provided by previous studies, we
developed a Python script that can run in batches to cal-
culate the GO-specific similarity of protein interactions
in a protein interaction prediction network that have
GO annotations. The semantic similarity between the
GO terms of the two genes obtained from the formula
ranges between 0 and 1, with a higher similarity indicat-
ing a stronger correlation. The reliability of the peanut
protein interactions at the GO annotation level was veri-
fied by calculating the RSS scores [40, 51, 52], which also
demonstrated the degree of correlation between protein
interactions at the GO annotation level.
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Plant materials and inoculation by Ralstonia solanacearum
A. hypogaea var. H108 (resistant to R. solanacearum) and
H107 (susceptible to R. solanacearum) [28, 29] were used
as materials. The method of plant inoculation by R. sola-
nacearum was according to our previous report [28, 29].
Leaves after inoculation for 0, 1, and 7 days were used for
RNA extraction and further gqRT-PCR. The 3-5 week-old
tobacco (Nicotiana benthamiana) plants were used for
LUC experiment.

qRT-PCR

Primers were designed using Primer 6.0 (Supplemen-
tary Table S10) and synthesized by Generay Biotech
(Shanghai) Co., Ltd. Total RNA was extracted using the
TransZol Plant RNA extraction kit (TransGen Biotech),
and cDNA was synthesized using the EasyScript One-
Step gDNA Removal and cDNA Synthesis SuperMix kit
(TransGen Biotech). qRT-PCR was performed using the
PerfectStart Green qPCR SuperMix kit (Quanta Bio) fol-
lowing the instructions provided for specific operation
steps and system configuration. Quantitative data was
analyzed using the 2-ALC method, with variance anal-
ysis performed using SPSS software and graphs created
using Prism.

Luciferase complementary assay

Gene primers for LUC experiment were shown in Sup-
plementary Table S11. PCR products were recovered by
gel extraction using Gel Extraction Kit (OMEGA). The
target gene and linearized vector (pCAMBIA 1300-nLUC
and pCAMBIA1300-cLUC) were subjected to homolo-
gous recombination using Seamless Assembly Cloning
Kit (Clone Smarter). For DH5a with successful bacterial
transformation, their plasmid was extracted using Plas-
mid Mini Kit (OMEGA). The extracted plasmid was
transformed into Agrobacterium EHA105. After sus-
pension culture, the back of tobacco leaves was injected
with bacterial liquid. The leaves were photographed and
observed using a plant live imaging system. The experi-
ment was set up with three independent biological
replicates.

Transient overexpression and trypan blue

and diaminobenzidine staining in peanut leaves

Disease resistance related genes were selected and were
transiently overexpressed in peanut leaves through the
Agrobacterium-mediated method according to our previ-
ous study [28, 29]. The inoculated peanut leaves were fur-
ther stained by diaminobenzidine (DAB) and trypan blue
also according to Zhao et al. [28, 29]. The experiment was
set up with three independent biological replicates.
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