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Abstract

Background Rice is a critical global food source, but it faces challenges due to nutritional deficiencies and the pres-
sures of a growing population. Understanding the molecular mechanisms and protein functions in rice seed devel-
opment is essential to improve yield and grain quality. However, there is still a significant knowledge gap regard-

ing the key proteins and their interactions that govern rice seed development. Protein—protein interaction (PPI)
analysis is a powerful tool for studying developmental processes like seed development, though its potential in rice
research is yet to be fully realized. With the aim of unraveling the protein interaction landscape associated with rice
seed development, this systems biology study conducted a PPl network-based analysis. Using a list of known seed
development proteins from the Gene Ontology (GO) knowledgebase and literature, novel candidate proteins for seed
development were predicted using an ensemble of network-based algorithms, including Majority Voting, Hishigaki
Algorithm, Functional Flow, and Random Walk with Restart, which were selected based on their popularity and usabil-
ity. The predictions were validated using enrichment analysis and cross-checked with independent transcriptomic
analysis results. The rice seed development sub-network was further analyzed for community and hub detection.

Results The study predicted 196 new proteins linked to rice seed development and identified 14 sub-modules
within the network, each representing different developmental pathways, such as endosperm development and seed
growth regulation. Of these, 17 proteins were identified as intra-modular hubs and 6 as inter-modular hubs. Notably,
the protein SDH1 emerged as a dual hub, acting as both an intra-modular and inter-modular hub, highlighting its
importance in seed development PPl network stability.

Conclusions These findings, including the identified hub proteins and sub-modules, provide a better understanding
of the PPl interaction landscape governing seed development in rice. This information is useful for achieving a sys-
tems biology understanding of seed development. This study implements an ensemble of algorithms for the analysis
and showcases how systems biology techniques can be applied in developmental biology.
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Introduction

Rice (Oryza sativa), widely consumed as a staple food
globally, holds a significant role in plant research being
the model monocot organism. The small genome size of
rice [1] has enabled in-depth exploration of various bio-
logical aspects aided by technological advancement. Rice
seeds play an important role in plant growth, develop-
ment, and propagation [2]. It is also a major nutrient sup-
plier on a global scale. Therefore, grain yield and quality
are important for rice agriculture. The growing popula-
tion has created a substantial demand for high rice yields
[3]. The global population is expected to exceed 8.5 bil-
lion by 2030 [4], which requires the development of high-
yielding and nutritional rice varieties as a sustainable and
economical strategy.

The mechanism of rice seed development is fragile and
complicated. Starting from double fertilization, it takes
about 20 days to produce mature seeds [5], during which
three main phases are identified: embryo morphogen-
esis, endosperm filling, and seed maturation. Embryo and
endosperm developments are concurrently harmonized
to ensure proper grain development [6]. A comprehen-
sive understanding of the molecular processes underlying
seed development is currently lacking [5, 7]. Seed devel-
opment is a complicated biological process that is regu-
lated through an intricate cross-play of several molecular
sub-pathways. The knowledge of how certain proteins,
including transcription factors and hormones, interact
within these pathways is not complete. Especially, the
information about key central protein regulators or pro-
tein hubs underlying seed development is insufficient.
This is mainly due to the lack of systems biology studies
that investigate molecular interactions associated with
seed development. To improve rice breeding, further
insights into grain quality traits and evaluation tools are
needed [8]. Therefore, this work attempts to unravel the
protein—protein interaction (PPI) landscape that regu-
lates seed development in rice. This will help generate
information regarding the crucial role certain proteins
play in seed growth and how they are sub-modularized
in biochemical pathways. This information can be used to
better understand molecular pathways and interactions
governing the different stages of seed development.

Proteins and their interactions are particularly impor-
tant in regulating developmental processes such as seed
development. Typically, these developmental pheno-
types involve multiple proteins interacting in intricate
pathways identified as functional modules [9, 10]. PPI
networks represent the protein interactions using com-
putational graphs, which can be used for further analy-
sis [11, 12]. Different computational algorithms are used
to analyze and unravel these networks to produce use-
ful information. For instance, network-based candidate
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protein prediction algorithms are widely used to predict
new protein candidates for selected molecular functions
and phenotypes [10, 13]. These algorithms are considered
more accurate at predicting new proteins associated with
development phenotypes than other sequence or struc-
ture-based protein prediction methods, such as BLAST
and iterative threading assembly refinement [13-15]. For
instance, a study [16] reports that STRING PPI network-
based methods consistently outperform sequence-based
protein function prediction methods, such as BLAST,
achieving accuracy scores over 90% for predicting bacte-
rial virulence factors. Moreover, another study [17] per-
formed a comprehensive evaluation of sequence-based,
structure-based, and network-based protein function
prediction methods, which resulted in network-based
methods outperforming the other two when predict-
ing Gene Ontology-Biological Process (GO-BP) terms
for all the manually-curated UniProt Knowledgebase/
Swiss-Prot proteins. Alternatively, machine learning
and deep learning models like DeepFRI have been used
for protein function prediction, demonstrating better
accuracy [18-20]. However, such accurate models rely
on experimentally elucidated protein structures, which
poses a challenge for plant protein function prediction,
as the majority of plant proteins are not experimentally
resolved. Data scarcity is a major challenge [21], espe-
cially for deep learning models, which can be problematic
when applied to plant proteins. On the other hand, PPI
networks for plants are readily available in the STRING
database, making PPI network-based models more appli-
cable for plants. Furthermore, deep learning models act
as black boxes [22], where the underlying biological prin-
ciple for protein function prediction is unclear, whereas
PPI network-based methods use the guilt-by-association
principle [12, 13], where known associations to annotated
proteins are used for the function prediction of unanno-
tated proteins. Particularly, network-based methods are
ideal for predicting biological processes and developmen-
tal phenotypes because, usually, such phenotypes are reg-
ulated by various proteins with different sequences and
structures; therefore, sequence and structure-based pre-
diction methods may fail to predict important proteins
with lower sequence and structural similarity to original
proteins. Because the network-based algorithms follow
a systems biology approach of using existing protein or
gene interactions to predict new candidates, they capture
information from proteins with different sequences and
structures during the prediction. Among network-based
algorithms, community detection algorithms are crucial
for analyzing complex networks, such as PPI networks
[23]. These algorithms aid in understanding the network
organization by identifying network modules, usually
associated with specific functions or phenotypes. For
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instance, the Louvain community detection algorithm,
which was used in this work, is a hierarchical cluster-
ing method that uses modularity optimization to iden-
tify communities [24]. The algorithm’s robustness has
established it as a dependable option for analyzing PPI
networks.

Another important application of PPI network analysis
is the identification of hub proteins, i.e., highly connected
proteins within PPI networks. These are key components
in maintaining corresponding biological pathways [14,
25]. The central-lethality rule, a widely accepted con-
cept in network biology, underscores the critical role of
hubs in maintaining the network architecture in dictat-
ing biological function [26]. It stresses the pivotal role
of hubs over non-hubs within the network, considering
their substantial contribution to network organization.
Frequently, these hubs serve as drug targets and commer-
cially important genetic engineering and breeding targets
[10, 27]. Two key types of hubs stand out: inter-modular
hubs, which are nodes with dense connections facilitat-
ing interactions between distinct functional modules,
and intra-modular hubs, which are nodes densely inter-
connected within a single functional module [25].

Function-specific PPI sub-network analysis is popular
in other domains, such as cancer and vertebrate devel-
opment [14, 28-31]. Despite the potential, there are
relatively few applications in plant development. For
instance, PPI network analysis has been applied to study
root development in rice and to identify genetic factors
associated with parthenocarpy in bananas [10, 32]. How-
ever, a PPI network analysis specifically focused on rice
seed development is currently lacking. Hence, this study
employed a network-based computational approach to
study the protein interactome associated with rice seed
development, which may uncover useful information
about novel candidate proteins, sub-modules, and hubs.
To our knowledge, this study represents the first com-
prehensive analysis of the PPI network landscape spe-
cifically associated with seed development. This involved
predicting novel candidate proteins using an ensemble
of network-based algorithms. The ensemble approach, a
pivotal advancement in data mining and machine learn-
ing, combines multiple models into a unified entity,
enhancing prediction accuracy and generalization [33].
To our knowledge, such an ensemble approach has not
been used in previous network-based candidate pro-
tein predictions for biological phenotypes in plants. The
next steps involved extracting the sub-network of rice
seed development, identifying sub-modules within the
extracted sub-network, and uncovering the hubs associ-
ated with these sub-modules. The results from this study
represent newfound knowledge regarding the systems
biology point of view of seed development in rice. After
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further experimental validation, these results could be
valuable resources for researchers and breeders seeking
to make targeted improvements in rice cultivars.

Methods
Data retrieval and preprocessing
A comprehensive PPI network of rice was obtained from
the STRING database (version 12; September 2022;
https://stringdb.org). The graph was generated using the
NetworkX package (version 3.0) in Python (version 3.8)
with a combined score cutoff of 0.7. This cutoff is recom-
mended by the STRING database to retain only the PPIs
with high confidence [34, 35]. The STRING database
compiles PPIs using different methods, such as the yeast-
two-hybrid method, mass spectrometry, and computa-
tional predictions, and it is important to remove spurious
interactions and retain only the high-quality ones. For
this purpose, a majority of studies use the 0.7 combined
score cutoff recommended by the STRING database [30,
31], which was the reason for its selection for this work.
After the application of the cutoff, duplicate interactions
were eliminated and protein STRING IDs were converted
into their preferred names before constructing the graph.
Seed proteins (proteins annotated to rice seed develop-
ment) necessary to conduct the analysis were obtained
through literature mining [5, 36—40] and Gene Ontology
(GO) search using the QuickGo tool (version 2022-09-
16; September 2022; https://www.ebi.ac.uk/QuickGO/).
The literature mining focused on studies involving pro-
teomic analysis, high-resolution QTL mapping, and
transcriptomic research centered on proteins associated
with rice grain development. For GO data, only seed
proteins with evidence codes such as Inferred from Bio-
logical aspect of Ancestor (IBA), Inferred from Direct
Assay (IDA), Inferred from Mutant Phenotype (IMP),
and Inferred from Sequence or Structural Similarity
(ISS) were considered, excluding those with Inferred
from Electronic Annotation (IEA) due to lack of manual
review. To validate predictions, differentially expressed
proteins (DEPs) associated with seed development were
collected from literature mining, including studies utiliz-
ing proteomics and transcriptomics experiments to ana-
lyse rice seed proteins [41, 42].

Seed development sub-network extraction using

an ensemble of network-based algorithms

An ensemble of network-based algorithms was employed
to predict new seed development protein candidates [43].
To our knowledge, this study marks the pioneering use of
a diverse ensemble of network-based algorithms in rice
PPI network research. Usually, only one algorithm is used
for candidate protein function prediction in previous
studies [10, 44]. However, in this work, four algorithms,
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including Majority Voting (MV) [45], Hishigaki Algo-
rithm (HA) [46], Functional Flow (FF) [47], and Random
Walk with Restart (RWR) [48], were integrated using the
Rule of Sum [33] to construct the ensemble. The ration-
ale behind this approach was to lower the impact of
individual algorithm biases and errors, leading to more
accurate and robust predictions [49]. These algorithms
were selected based on their popularity and accessibility.
For instance, RWR is currently one of the most popular
network-based protein function prediction algorithms
applied in different domains [44, 50-52]. Also, it was
ensured that all four selected algorithms only used PPI
networks as inputs and did not use other data such as
protein sequence and structure. This was done to expand
the number of proteins that can be analysed during the
analysis as the majority of rice proteins do not have an
experimentally elucidated structures. Furthermore, this
ensures exclusive focus on the PPI network data, which
has been proven effective when predicting GO-BP terms,
without interference from other type of data [13, 16, 17,
48].

Majority Voting (MV) algorithm

The MV algorithm, which was the first in the ensemble,
calculates the prediction score by counting the number
of seed proteins that are direct neighbors to non-seed
proteins [45]. To perform this calculation Eq. (1) was
used, where for a protein with n neighbors, x; represents
whether neighbor i is a seed protein (x=1), or not (x=0).
However, a notable limitation of this approach is its
exclusive focus on immediate neighbors. Also, it does not
make the best use of the overall network structure, and it
is biased towards highly annotated functions as it relies
on the frequency of annotations to predict the function
of proteins.

n

Prediction score = Z K (1)
=

Hishigaki algorithm (HA)

The HA [46], the second in the ensemble, utilizes Eq. (2)
to compute the prediction score. This algorithm extends
the MV concept in predicting protein functions by ana-
lyzing proteins within a specified radius. It utilizes the
chi-squared test to mitigate the bias for overrepresented
functional annotations, unlike MV.

(f () — er)’
ef

Prediction score =

()

In Eq. (2), ny(,) represents the count of proteins with
a specific function (f) within the n-neighborhood of

the protein “u” Additionally, e; stands for the expected
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frequency for the particular function, which is calculated
using Eq. (3) below.
totrn
ef = S
tot,

(3)

In Eq. (3), tots represents the total count of proteins
with a particular function in the entire network, tot,, indi-
cates the total number of proteins in the entire network,
and n, stands for the total number of neighbors for the

“w_ n

protein “u”.

Functional Flow (FF) algorithm

The FF, the third algorithm in the ensemble, broadens
the concept of guilt by association with protein groups,
regardless of whether they physically interact with each
other [47]. This algorithm computes the prediction score
for each non-seed protein by following a set of rules
iteratively, corresponding to half the network diameter

(Eq. 4).

a, « _ | 0o, if uis annotated with a,
Ry (w) = { 0, otherwise. (4)

Equation (4) defines RY(u) as the fluid volume of node

“w_»

u for function “a” at time t. Only the nodes corresponding
to seed proteins have infinite fluid reserves of function

“w_»

a” at time 0. Considering the amount of flow received in
and exited out of each node, the reservoir of each node
is recomputed for each successive time step according to

Eq. (5).

) = { 0, if RE () < RE, (),
¢\ V) =

min (w,”, R (w) Wiy

Z(u,v)eE Wuy

) , otherwise.

(5)
In Eq. (5), g/*(u, v) stands for the flow received by pro-
tein v from protein u for the function “a” at time t, wy,,
is the weight of the edge between u and v proteins,
R?_(u) is the reservoir of u at time t-1 for the function
“a’ R?fl(v) is the reservoir of v at time t-1 for the func-
tion “a’ and }_, ,)cpWu,y is the sum of weights of edges
connecting the protein u. There is no flow between nodes
at time 0. Always the flow is downhill adhering to the
capacity constraints in Eq. 5. The maximum flow allowed
between two proteins is corresponding to the weight of
the connecting edge.
At the end of each iteration, the reservoir at each node

is finalized using Eq. (6).
Rl =R+ > @Ow-gwn) o

v:(u,v)EE

The term ZV:(W)GE(g{‘ (v, u) — gf(u,v)) of Eq. 6 repre-
sents the net flow change due to each immediate neigh-
bor of the protein. At the end of defined iterations, each
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protein is annotated with the functional score calculated
as the total amount of flow received by the protein. Seven
iterations were required to compute the functional score,
which is half the network diameter.

Random Walk with Restart (RWR) algorithm

The fourth algorithm of the ensemble was RWR. This
method estimates the likelihood of a "walk" along ran-
dom edges connecting various nodes, ultimately reaching
a specific target node from a predefined set of starting
nodes [48]. The random walk length is determined by the
number of iterations. The restart parameter, also known
as the learning parameter, regulates the probability of the
random walk "jumping" back to its starting position mid-
walk. The resulting node weights represent the probabil-
ity of the random walk landing on them when initiated
from any of the seed nodes. RWR in matrix form is dis-
played in Eq. (7) below.

Wiy1 = X wo+ (1— O()ADilwi (7)

In this context, w, signifies the initial weight vector, w,
represents the weights after the i" iteration, w; +1 denotes
the weights after the (i+ 1)™ iteration, and « represents
the learning parameter for the algorithm. Additionally, A
and D refer to the adjacency and degree matrices of the
PPI network graph, respectively.

Here, the initial weight of corresponding nodes in the
PPI network was set using the seed proteins list, ensur-
ing a weight of 100 to prioritize the random walker’s
inclination to visit these seed nodes. Network propaga-
tion underwent 5 iterations with a learning parameter (o)
of 0.1, focusing on local interactions [53]. The iteration
count was capped at 5 to include relevant neighborhoods
containing other seed development-related proteins and
prevent exclusion due to longer paths [54].

Constructing the ensemble model using the rule of sum

To build the ensemble model following the calculation
of prediction scores for non-seed proteins using the four
selected algorithms, the scores were normalized using
the min—max normalization method and were compared
with the list of DEPs obtained through literature min-
ing to calculate the validation score by DEPs [41, 42]. A
non-seed protein was given a score of 1 if it was a DEP;
otherwise, it was assigned a score of 0. The total predic-
tion score for each non-seed protein was obtained by
adding the normalized prediction scores from the four
algorithms and the DEP validation score using the rule of
sum as shown in Eq. (8) below [33].

Total prediction score = NMV + NHA + NFF

+ NRWR + DEP
(8)
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Equation (8) represents the calculation of the total
prediction score for each non-seed protein, where
NMYV denotes the normalized MV score, NHA denotes
the normalized HA score, NFF denotes the normalized
FF score, and NRWR denotes the normalized RWR
score.

To evaluate the performance of the ensemble model,
benchmarking was conducted against the four original
algorithms using tenfold cross-validation and the origi-
nal seed development protein list. The performance
was assessed using three key metrics: area under the
precision-recall curve (AUPR), area under the receiver
operator characteristic curve (AUROC), and the F
score. AUPR and F_,, scores are widely used metrics
in protein function prediction studies because of their
focus on positive annotations and better evaluation
performance [17]. AUPR is the plot between the preci-
sion (Eq. 9) and the recall (Eq. 10), and AUROC is the
plot between the true positive rate (Eq. 10) and the false
positive rate (Eq. 11). F_,, is the maximum F1-score
calculated under different thresholds, which is based on
precision and recall as shown in Eq. 12, where i indi-
cates the threshold. Furthermore, the DeLong test [55]
was performed to assess the statistical significance of
AUROC value comparisons.

. True positives
Precision =

9)

(True positives + False positives)

. True positives
True positive rate, Recall =

(True positives + False negatives)

(10)

False positives

False positive rate = — -
(False positives + True negatives)

(11)

(12)

precision; x recall;
Friox = maxq 2 x

precision; + recall;

Optimal cutoff for top candidate selection

Initially, the resulting total prediction scores for non-
seed proteins were sorted in descending order to iden-
tify the top candidates. Then, to determine the optimal
top N number of predictions cutoff, the precision top-N
curve [56] method was adapted and modified. Here,
the DEPs, which were generated from transcriptomic
experiments associated with seed development, was
used when calculating the precision [41, 42]. This pro-
vides an extra validation from an independent source.
This modified precision at the N position calculates
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the percentage of DEPs within the top N predictions
(Eq. 13) against the number of top predictions (N).

DEPs N Top N predictions
N

x 100
(13)

In Eq. (13), the percentage of DEPs within the top N
predictions was calculated by plugging in the appropri-
ate values for N and calculating the overlap between
the list of DEPs and the top N predictions. For instance,
if the top 100 predictions are considered (N=100), this
will calculate the ratio of DEPs within the top 100 predic-
tions, which will be taken as the modified precision. The
optimal cutoff was determined by selecting the value of N
that corresponds to the highest ratio of DEPs within the
top N predictions. This ensures that the selected cutoff
captures the highest number of DEPs while being vali-
dated through an external source.

After the predictions using the ensemble model, the
seed development sub-network was extracted, which
included the seed proteins and candidates filtered using
the optimal cutoff and their interactions. Only the pro-
teins that are also DEPs within the selected top N candi-
dates were included to reduce false positive predictions.

Percentage of DEPs within the top N predictions =

Validation of the predictions

For computational validation of predictions, the pre-
dicted protein candidates were subjected to enrichment
analysis using the functional annotation tool in the Data-
base for Annotation, Visualization and Integrated Dis-
covery (DAVID) web application (Version: DAVID 2021;
December 2022; https://david.ncifcrf.gov/tools.jsp). The
Biological Process component of Gene Ontology (GO-
BP) was used and terms with a p-value below 0.05 were
selected [57]. Furthermore, literature searches were con-
ducted for predicted proteins to find their potential asso-
ciations with seed development.

Identifying sub-modules related to seed development

The Louvain community detection algorithm was used
to perform sub-module analysis on the seed develop-
ment sub-network [24]. This algorithm has been widely
applied in biological network studies, demonstrating
promising outcomes [58]. The community sub package
in NetworkX (version 3.0) was used to implement the
Louvain community detection algorithm. Following the
sub-module identification process, isolated sub-mod-
ules that consisted of proteins less than 6 were excluded
from further analysis [59]. Subsequently, functional
enrichment analysis for each detected sub-module was
performed using the DAVID functional annotation tool
(Version: DAVID 2021). This analysis aimed to annotate
each sub-module with the most relevant GO-BP term
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associated with seed development, with a p-value less
than 0.05.

Detection and analysis of hub proteins

To detect intra-modular hubs, which are densely con-
nected proteins within a sub-module, a Z-score for
each node was calculated [60] using Eq. (14).

ks; — pks,

Z= (14)

Ok,

i

The Z-score for node i is represented by Z; in Eq. (14),
while ks; denotes the within-modular degree (num-
ber of interactions) of node i within the module s;.
Moreover, ks, and oy represent the mean and stand-
ard deviation of within-module degree in the module
si, respectively. Nodes having Z-scores greater than or
equal to 1.5 were identified as intra-modular hubs [61].

Centrality measures help identify important hubs
in networks, but traditional methods often miss the
modular structure [62]. For example, betweenness
centrality does not differentiate between nodes that
are hubs within a sub-module and those linking dif-
ferent sub-modules. The Partition Coefficient (PC),
a widely used metric for assessing a node’s role in a
modular community structure [63, 64], measures the
ratio of a node’s connections within its own module to
its total connections [63]. A high PC is almost always
indicative of a node that plays a stronger role as a con-
nector between modules than as a core part of a single
module. Therefore, PC was used to detect inter-mod-
ular hubs in this study. To find inter-modular hubs,
PC for each node was calculated using the following
formula (Eq. 15).

N

2
5
l

s=1

(15)

In Eq. (15), k; represents the network degree of
node i, N is the total number of modules, and kj; is the
within-modular degree of node i within the module s.
The PC value varies between 0 and 1, reflecting a pro-
tein’s involvement in either intra-modular or inter-
modular interactions. A PC value closer to 0 signifies a
higher proportion of intra-modular connections, while
a PC closer to 1 indicates a higher proportion of inter-
modular connections over intra-modular connections.
Inter-modular hubs were selected based on a PC value
greater than 0.5 [65].

Finally, structural and functional analyses were per-
formed for each identified hub to further unravel use-
ful information. Through the use of web-based tools for
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sequence analysis, the family, superfamily, and domains
present in the predicted hubs were identified. Addition-
ally, de novo structures predicted for the candidates were
searched in the AlphaFold database [66, 67]. The web
tools used, their corresponding URLs and versions, and
the type of analysis performed are listed in Table 1.

The bioinformatics pipeline

The bioinformatics pipeline used for this analysis is illus-
trated in Fig. 1. This pipeline was constructed in Python
3.8, using NetworkX (version 3.0) and community Python

Table 1 Web tools utilized for candidate hub analysis
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packages. For network visualizations, the Cytoscape soft-
ware (version 3.9.0) was used. All the data and Python
codes can be accessed at: https://github.com/rashpr88/
RiceSeedDevelopment.

Results

Data preprocessing

The global PPI network of rice is an undirected graph
consisting of 25,266 nodes and 7,767,680 interactions.
From this interactome, 102 seed proteins associated

Web Tool Web URL Web Version Type of Analysis
InterProScan https://www.ebi.ac.uk/interpro/ 93.0 Protein family

Pfam https://www.ebi.ac.uk/interpro/entry/pfam/ 35.0 Protein family and domains
Panther http://www.pantherdb.org/ 17.0 Protein family and class
ScanProsite https://prosite.expasy.org/scanprosite/ 2023_01 Protein domains

Supfam https://supfam.org/ 1.75 Protein family

SMART https://smartembl.de/ 9.0 Protein domain

GO Knowledge
base

Protein
interactions

Rice PPI
- network from with combined Yes: PPI network
Seed Proteins STRING score cutoff of rice
database

Majority Vote |«
Hishigaki

Rice PPI
network with

proteins 2 RWR
. Computational annoated with 3
Rice seed validation predicted 2 :
developmentPPI/_____| through scores o ‘
sub-network i Flow
analysis

Community detection
through Louvain

Modified
Precision
Top-N Curve

Evidenceas a|_]
DEP

196 predicted

algorithm and
discarding isolated
communities

Clustered seed

developemnt
PPI

sub-network

Functional
enrichment
analysis of
submodules

Seed
development
related
biological
pathways

Calculating
Z-score for
each protein

each protein

proteins for
rice seed
devleopment

Calculating

partition Partition

Coefficient >=
0.5

Intra-modular
Yes—+ hubs

Inter-modular

Yes— hubs

Structural and
functional
analysis

Fig. 1 The bioinformatics pipeline used for prediction and validation of protein candidates for seed development in rice. The hub protein

and sub-pathway analysis procedures are also represented
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with seed development were identified (Additional
file 1: Table S1). Additionally, 640 DEPs linked to seed
development were retrieved from literature mining
(Additional file 1: Table S2). Filtering the PPI network
with a combined score cutoff of 0.7 led to the inclusion
of 95 out of the 102 seed proteins (Additional file 1:
Table S1) and 285 out of the 640 DEPs. These filtered
proteins were used for the predictions.

Ensemble model construction and evaluation

The prediction performance of the ensemble model was
compared against the four individual algorithms, i.e., MV,
HA, RWR, and FF, while selecting the AUPR, AUROC,
and F ., score as the performance metrics. Table 2 shows
the values obtained by each algorithm for each metric, and
Fig. 2 represents Precision-Recall Curves and Receiver
Operator Characteristic Curves for the five algorithms.
According to the results, the ensemble model clearly

Table 2 The area under the receiver operator characteristic
curve (AUROCQ), the area under the precision-recall curve (AUPR),
and F,,, score performance obtained by each algorithm,
including Majority Voting (MV), Hishigaki Algorithm (HA),
Random Walk with Restart (RWR), and Functional flow (FF), and
the ensemble model

Metric MV HA RWR FF Ensemble
AUROC 0.735 0.747 0.758 0.762 0.839
AUPR 0.759 0.780 0.759 0.758 0.859
F .oy SCOTE 0.706 0.706 0.750 0.727 0.800

max

A,

—— Ensemble
0.9

. L\)Q:H\_l//_ =0 q

0.7

Recall

0.6

05

0.0 0.2 04 06 08 1.0
Precision
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outperformed all other algorithms for all three metrics.
The AUROC results indicate that the ensemble model is
well suited for distinguishing between positive and nega-
tive proteins associated with seed development compared
to other individual algorithms. The DeLong test results
for pairwise AUCROC comparisons (Table 3) clearly indi-
cate that the increase in the AUROC value of the ensem-
ble model is statistically significant at a 0.05 significance
level. According to the results, only the ensemble model
AUROC value shows a statistical significance in pairwise
comparisons, demonstrating its superior accuracy. Moreo-
ver, the AUPR and F,,, scores indicate that the ensemble
model predicts the true positive proteins associated with
seed development better than others. Overall, these results
clearly indicate that the ensemble model is better suited
for predicting seed development proteins.

Seed development sub-network extraction

After using the ensemble of network-based algorithms
for predicting novel candidates for seed development,
a cutoff had to be applied to select the best candidates.
Figure 3 illustrates the modified precision top-N curve
generated to determine the cutoff for selecting the top
predictions for further analysis.

Based on the curve analysis, the highest precision
of 43.17% was achieved at 454 top-predicted proteins,
which was chosen as the optimal cutoff. This resulted in
196 DEPs being selected for further analysis. According
to Fig. 3, it was clear that the modified precision is sen-
sitive to the top-N prediction value. It rapidly increases

1.04

0.8

0.6 4

0.4

True Positive Rate (TPR)

0.2

0.0

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate (FPR)

Fig. 2 Precision-Recall Curves (A) and Receiver Operator Characteristic Curves (B) for the five algorithms, including Majority Voting (MV), Hishigaki
Algorithm (HA), Random Walk with Restart (RWR), and Functional flow (FF), and the ensemble model. The ensemble model outperforms all
the other algorithms on both metrics based on its higher area under the curve values
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Table 3 Pairwise comparisons of area under the receiver
operating characteristic curve (AUROC) values using the DeLong
test. The table presents p-values indicating the statistical
significance at 0.05 level, denoted by an asterisk, for differences
between AUROC of each algorithm, including Majority Voting
(MV), Hishigaki Algorithm (HA), Random Walk with restart (RWR),
Functional Flow (FF), and the ensemble model

Algorithm 1 Algorithm 2 AUROC 1 AUROC 2 p-value

A% Ensemble 0735401662 0.839445983 1.86E-05"

HA Ensemble 0.747202216  0.839445983 0.000229296"
RWR Ensemble 0.758227147 0.839445983 0.001056002"
FF Ensemble 0.762271468 0.839445983 0.001479837"
MV HA 0.73540166  0.74720222  0.30739538
MV RWR 0.73540166  0.75822715  0.33336654
MV FF 0.73540166  0.76227147  0.18088683
HA RWR 0.74720222  0.75822715  0.62579809
HA FF 0.74720222  0.76227147  0.53624514
RWR FF 0.75822715 076227147  0.81182089

until 454 and decreases when the top number of predic-
tions further increases. Therefore, selecting the top-N
prediction value with the highest modified precision was
crucial to the network extraction. The final seed devel-
opment sub-network contained a total of 291 proteins,
including 95 seed proteins directly annotated to seed
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development from literature, and 196 proteins predicted
by the ensemble of network-based algorithms and also
validated as DEPs.

Computational validation of the predicted protein
candidates

A summary of the GO-BP terms enriched among the
seed proteins is provided in Additional File 1: Table S3.
The top-enriched GO-BP term for seed proteins is
“reproductive process” (GO:0022414). Given that seed
development is a critical aspect of plant reproduction
[68], this further confirms the relevance of the seed pro-
teins selected for the analysis. The GO-BP terms from
the gene enrichment analysis for predicted proteins
were compared with those of seed proteins to assess
their functional similarity to well-established proteins in
seed development, thereby confirming the accuracy of
the predictions. Table 4 presents the top 10 overlapping
GO-BP terms, with “organic hydroxy compound meta-
bolic process” (GO:1901615) being the most significant,
as indicated by its p-value. Organic hydroxy compounds
in rice seeds are crucial for growth, maturation, antioxi-
dant defense, and disease resistance [69]. Phenolic acids
and flavonoids protect seeds from oxidative damage by
scavenging free radicals and preserving lipids, proteins,
and nucleic acids, thus ensuring seed quality [70]. Plant
hormones like abscisic acid (ABA) and gibberellins (GA),

40 -

w
o
L

Modified Precision
N
o

10 A

—— Precision (% of DEPs in top N predictions)
® Coordinates of the peak of the curve (454, 43.17180617)

0 2000 4000 6000

8000 10000 12000 14000

Top N predictions

Fig. 3 Modified precision top-N curve for protein predictions related to rice seed development, obtained from the rice protein—protein interaction
(PPI) network. The x-axis represents the number of top-ranked predicted proteins (N), while the y-axis shows the modified precision, calculated
as the percentage of known differentially expressed proteins (DEPs) among the top N predictions. The curve peaks at N=454, where a maximum

precision of 43.17% was achieved
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Table 4 Enriched Gene Ontology-Biological Process (GO-BP)
terms that are common for both predicted proteins for seed
development and original seed development proteins retrieved
for the analysis in rice

GO BP Term p-value
GO:1,901,615 ~organic hydroxy compound metabolic  8.30126E-12
process

GO:0071396 ~ cellular response to lipid 1.86946E-11
GO:1,901,701 ~cellular response to oxygen-containing  2.55002E-10
compound

GO:0009755 ~ hormone-mediated signaling pathway ~ 5.91632E-10
G0:0032870 ~ cellular response to hormone stimulus ~ 8.46041E-10
G0:0033993 ~response to lipid 8.75219E-10
GO:0071495 ~ cellular response to endogenous 9.4022E-10
stimulus

GO:0070887 ~ cellular response to chemical stimulus ~ 9.91493E-10
GO:1,901,700 ~ response to oxygen-containing 3.14502E-09
compound

GO:0009725 ~response to hormone 1.15462E-07

both hydroxy compounds, are essential for seed growth,
dormancy, and stress tolerance [71]. Likewise, the
metabolism of hydroxy compounds is vital for rice seed
development, emphasizing the importance of predicted
proteins in facilitating this process.

Furthermore, the predicted protein candidates were vali-
dated using data from independently conducted transcrip-
tomic experiments [41, 42]. According to this analysis, all
predicted proteins were also confirmed as DEPs, exhibit-
ing significant changes in gene expression associated with
seed development. This provides an extra layer of valida-
tion for the predicted proteins. Furthermore, literature
searches were conducted for the predicted proteins, and
according to the results, although predicted proteins did
not have direct associations with seed development, there
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was evidence that they were indirectly related. Table 5 dis-
plays information on such five key predicted proteins.

Sub-modules related to seed development

After the module partitioning process of the extracted
network conducted by the Louvain community detection
algorithm, modules with more than five nodes were kept
[59]. This resulted in fourteen sub-modules, which are
depicted in Fig. 4.

Additional file 1: Table S4 presents the results of the
functional enrichment analysis for sub-modules, includ-
ing only the GO-BP terms with a p-value below 0.05.
Each sub-module is associated with the most relevant
GO-BP term related to seed development, which is listed
in Table 6.

Additional file 1: Table S5 provides statistical informa-
tion regarding the total number of proteins, seed pro-
teins, predicted proteins, and the most relevant enriched
GO-BP term for each of the 14 analyzed sub-modules.

When considering the enrichment results, certain sub-
modules exhibit significant enrichment in seed develop-
ment-specific pathways, such as endosperm development
(sub-module 5), and regulation of seed growth (sub-
module 13), while others are enriched for more general
pathways, such as translation, cell differentiation, and
glycolytic process, associated with seed development.

Hub analysis

Hub analysis identified 17 intra-modular hubs and 6
inter-modular hubs. Figure 5 illustrates the hubs detected
in the seed development sub-network.

Intra-modular hubs

Table 7 presents the 17 intra-modular hubs detected
based on Z-score values. There were 9 seed proteins and
8 predicted proteins among the intra-modular hubs.

Table 5 Information on five predicted proteins, indicating their known functions and potential functions associated with seed

development

Predicted Protein Known Function

Potential Function in Rice Seed Development

ATP synthase subunit gamma, mitochon-
drial (0S10T0320400-01)

050390278900 protein (0S03T0278900-01)

Participates in light-dependent photosynthesis

by utilizing the proton motive force across the thy-
lakoid membrane to synthesize ATP from ADP

and inorganic phosphate [72]

Facilitates proton translocation during ATP biosyn-

May play a role in regulating biosynthetic pathways
associated with seed development by enhancing
energy availability and maintaining internal oxygen
levels through photosynthesis [73]

Could contribute to providing the primary energy

thesis [74] source for cellular processes during seed develop-

ment [75]

ABI5 Abscisic acid (ABA)-mediated transcription [76] Could be involved in seed maturation due to its role
in abscisic acid (ABA) signaling [77]

RPL3B Ribosomal biogenesis [78] Mutation of the RML1 gene encoding RPL3B resulted
in reduced seed size, suggesting it could play a role
in controlling seed size [78]

HMA4 Transport Copper [79] Prevents the build-up of copper in rice grains [79]
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1. Transition metal ion homeostasis

2. Glycolytic process

3. Protein refolding

4. Leucine biosynthetic process

5. Endosperm development

6. Hydrogen ion transmembrane transport
7. Methionine biosynthetic process
8. Pr 1 ubiquitin-independ
catabolic process

9. Translation

10. Ethylene-activated signaling pathway

11. Cell differentiation

12. Abscisic acid-activated signaling pathway
13. Regulation of seed growth

14. Brassi id diated signaling pathway

protein

Fig. 4 A visual representation of the seed development protein—protein interaction (PPI) sub-network of rice, with different colors assigned
to the detected sub-modules, based on the Louvain community detection algorithm. The sub-modules are numbered and the most relevant Gene
Ontology-Biological Process (GO-BP) term related to seed development according to enrichment analysis results are listed in the legend

These predicted proteins are also DEPs associated with
seed development according to literature but do not have
any other experimental evidence for seed development.
They serve as excellent candidates for further wet lab val-
idation studies related to seed development.

Inter-modular hubs

Table 8 shows the 6 inter-modular hub proteins identified
based on PC calculation. This included 4 seed proteins
and 2 predicted proteins. The SDH1 protein was identi-
fied as both an intra and inter-modular hub.

Discussion

Analysis of detected seed development sub-modules

and intra-modular hubs

The Louvain community detection algorithm uncov-
ered 14 sub-modules associated with seed development,
unraveling the PPI network landscape underlying rice
seed growth. A comprehensive analysis of the 14 sub-
modules and their intra-modular hubs can be found in
Additional file 1: Table S6. Certain sub-modules, such as
endosperm development (sub-module 5) and regulation
of seed growth (sub-module 13), were directly associated
with seed development, while others, such as transition
metal ion homeostasis (sub-module 1), were indirectly
influencing seed development. Seed development is a
complex developmental process that has several inter-
twined sub-pathways. Therefore, it is expected to see

a combination of general pathways, such as glycolysis
(sub-module 2), cell differentiation (sub-module 11), and
protein refolding (sub-module 3), and seed development-
specific pathways, such as endosperm development (sub-
module 5) and regulation of seed growth (sub-module
13), in the seed development sub-network. For instance,
seed development is a highly energy-demanding pro-
cess [75], requiring rapid cell growth [90], differentia-
tion, and energy production. Therefore, it is anticipated
that proteins associated with such general pathways have
a significant impact on seed development. Furthermore,
proteins that are specifically associated with processes,
such as endosperm development and seed growth, are
also expected to have a crucial role in regulating seed
development. This PPI analysis represents the com-
prehensive landscape of how these different sub-path-
ways and associated proteins interact to regulate seed
development.

Of the directly associated sub-modules related to seed
development, sub-module 13 regulates rice seed growth,
influencing grain size, weight, and quality. Crucial hub
proteins of this sub-module include ILI5, instrumental
in controlling grain length, and APG, the module hub
responsible for regulating cell division and carbohydrate
metabolism [92, 93]. Additionally, predicted proteins
GAI and 0Os03g0639300 protein (OS03T0639300-01)
exhibit significant interactions within the module,
suggesting their potential roles in rice seed growth,
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Table 6 Most relevant Gene Ontology-Biological Process (GO-BP) terms assigned to each sub-module of the seed development sub-

network of rice

Sub-Module Term Identifier Enriched GO-BP Term

Functional Description

The pathway that regulates and maintains consistent levels of tran-
sition metal ions inside seeds [80]

The chemical reactions and pathways that generate pyruvate, ATP,
and reducing agents. These serve as sources of carbon, energy,
and reducing power for biosynthesis [81]

The process of repairing damaged proteins into functional configu-
rations [82]

The chemical processes and pathways involved in the formation
of leucine, which is used to synthesize seed-storage proteins [83]

The progression of endosperm development through nuclear divi-
sion, cellularization, cell differentiation, and reserve accumulation
[84]

The controlled movement of protons across a membrane, which
is essential for importing organic and inorganic nutrients into seeds
[85]

Biochemical processes to synthesize methionine essential for pro-
ducing key metabolites [86]

The proteasome-mediated hydrolysis of peptide bonds to break

ubiquitin-independent protein catabolic process down proteins or peptides, excluding ubiquitin involvement, pri-

1 GO:0055076 Transition metal
jon homeostasis
2 GO:0006096 Glycolytic
process
3 GO:0042026 Protein
refolding
4 GO:0009098 Leucine
biosynthetic process
5 GO:0009960 Endosperm
development
6 G0:1902600 Hydrogen ion
transmembrane transport
7 GO:0009086 Methionine
biosynthetic process
8 GO:0010499 Proteasomal
9 GO:0006412 Translation
10 G0:0009873 Ethylene-activated

signaling pathway

11 GO:0030154 Cell
differentiation

12 G0:0009738 Abscisic
acid-activated signaling pathway
13 GO:0080113 Regulation of
seed growth
14 GO:0009742 Brassinosteroid-mediated signaling pathway

marily targets damaged and short-lived regulatory proteins [87]

The process in cells that creates proteins, supporting cell division,
growth, and reserve storage [88]

The chain of signals triggered by ethylene reception that controls
a cellular process [89]

The process by which an unspecialized cell acquires specific struc-
tures and functions to become a specialized cell, giving rise to all
the cell types and tissues of a seed [90]

The regulation of a cellular process through a series of signals
triggered when the plant hormone abscisic acid (ABA) binds
to a receptor [71]

Any process that controls the frequency, pace, or scale of seed
growth [42]

The series of signals triggered by the detection of brassinosteroid
[91]

warranting further investigation. The sub-module 5,
which governs endosperm development, is the other
sub-module directly associated with seed development.
Endosperm development is crucial for rice grain devel-
opment as it provides essential nutrients. This analy-
sis revealed the presence of important proteins, such
as OsFIE2 (Os]J_25971) and METB1 within the mod-
ule, that are crucial for endosperm development in rice
grains [94, 95].

Of the indirect associations to seed development, sub-
module 1 is annotated to essential transition metal ion
homeostasis, crucial for enriching rice with iron (Fe) and
zinc (Zn). Predicted proteins such as HMA2 within this
module play pivotal roles in metal transport and contrib-
ute to grain weight [96]. Interestingly, predicted proteins
HMA4 and copper chaperone emerge as module hubs
(Additional file 1: Table S6), with HM A4 notably linked
to copper accumulation, suggesting potential roles in

grain development [79]. Copper chaperone, a member of
the HMA domain-containing protein family, is essential
for metal ion homeostasis and detoxification. While it
shows differential expression during grain development,
its specific role remains unclear due to limited literature
evidence.

The sub-module 2 is annotated to the glycolytic pro-
cess, which provides energy and carbon skeletons for
cellular metabolism [97]. Phosphoglycerate kinase
(PGK) serves as the central hub in sub-module 2, and
according to literature, increased PGK expression in
transgenic rice seeds raised the level of pyruvate, which
elevated carotenoids levels in rice seeds [98]. There-
fore, the expression of PGK may play a pivotal role in
developing high-carotenoid rice seeds in combination
with other necessary enzymes to address human dietary
needs. Sub-module 3 of the seed development sub-
network is associated with protein refolding, which is
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Fig. 5 Network visualization of hub proteins (highly connected proteins within the network) in the seed development protein—protein interaction
(PPI) sub-network of rice. Node size and color indicate the type of hub classification: larger green nodes, such as Ehd2, represent intra-modular hubs
(proteins highly connected within a single module), identified using the Z-score method; larger blue nodes, such as SODCP, represent inter-modular
hubs (proteins with high connectivity between modules), identified using the partition coefficient (PC). The SDH1 protein, which functions

as both an intra- and inter-modular hub, is shown as a larger orange node. Smaller white nodes represent non-hub proteins (proteins with low
connectivity). Sub-modules, identified through the Louvain community detection algorithm, are numbered, and the most significantly enriched
Gene Ontology-Biological Process (GO-BP) terms derived from functional enrichment analysis are listed in the legend

crucial during rice grain development to ensure the cor-
rect folding and assembly of newly synthesized proteins
in the endoplasmic reticulum, before being transported
to their final destination [99]. Mitochondrial chaper-
onin-60 was identified as an intra-modular hub in sub-
module 3. It is a heat shock protein that can stabilize
and refold proteins during high temperatures and pro-
tects rice grain storage components, including starch,
proteins, and RNA, against detrimental effects [100].

The sub-module 4 of the rice seed development sub-
network is associated with the leucine biosynthetic pro-
cess. Rice grain’s essential amino acid levels, such as the
leucine level, are important for its nutritional quality, but
the mechanisms behind their accumulation are not yet
fully understood [101]. Notably, 3-Isopropylmalate dehy-
drogenase, a key enzyme in leucine biosynthesis [102],
acts as the intra-modular hub, supporting the mod-
ule’s function. However, further studies are required to
unravel the potential interplay between the leucine bio-
synthetic pathway and rice grain development.

Hydrogen ion transmembrane transport (sub-mod-
ule 6) is crucial for rice grain development as it main-
tains proper pH levels and ion homeostasis within cells.
Various proton pumps and transporters are responsible
for this process that may be associated with seed devel-
opment [103]. The protein inorganic disphosphatase
(Os]_16709), which was revealed as a hub within the
sub-module 6, belongs to the Inorganic Pyrophos-
phatase protein family. This protein plays a critical role
in the metabolism of phosphate-containing compounds
by hydrolyzing diphosphate in the presence of water.
Although its involvement in H+ion transmembrane
transport is uncertain, the hydrolysis reaction of diphos-
phate releases H +ions that can participate in the electro-
chemical gradient driving ion transport across biological
membranes.

Sub-module 7 is associated with the methionine bio-
synthetic process, which is vital for plant growth. One of
its module hubs, DHARI, is known to increase rice grain
yield and biomass when overexpressed. It also improves
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Table 7 Identified intra-modular hub proteins along with their respective network degree, module degree, Z-scores, the status as
either a seed protein or a prediction, and their associated sub-module within the seed development sub-network

Node Network Module Z-score Status Sub-Module
Degree Degree

DHAR1 7 6 2.74563 Seed 7
Inorganic disphosphatase (OsJ_16709) 14 14 265878 Seed 6
CYCB2-2 5 5 2.6365 Seed 11
HMA4 7 7 2.56946 Predicted protein 1
Copper chaperone (OsJ_26405) 7 7 2.56946 Predicted protein 1
ABI5 8 7 2.36643 Predicted protein 12
Alcohol dehydrogenase (OsJ_13064) 7 7 236643 Predicted protein 12
MPK1 6 6 231125 Seed 10
Sterol delta-7-reductase (0S02T0465400-01) 7 7 222752 Predicted protein 14
RPL3B 22 21 21221 Predicted protein 9
OsRPT2b 6 5 206474 Predicted protein 8
APG 6 5 1.73205 Seed 13
Mitochondrial chaperonin-60 (OsJ_31804) 4 4 1.72532 Seed 3
BSL2 5 5 1.6641 Predicted protein 10
3-Isopropylmalate dehydrogenase (0S03T0655700-01) 5 5 1.58114 Seed 4
SDH1 10 5 158114 Seed 4
Phosphoglycerate kinase (OsJ_22300) 1 10 1.57263 Seed 2

Table 8 The detected inter-modular hub proteins with their associated partition coefficient (PC) scores, status as a seed protein or a
prediction, the module to which they belong, and the connecting modules in the seed development sub-network

Node PC Status Sub-Module Connecting
sub-
modules

SDH1 0.68 Seed 4 2,3,4,6,9

SODCP 0.666667 Seed 1 1,2,6,7

ATP synthase subunit beta (OS01T0685800-01) 0.592593 Seed 6 46,9

ATP synthase subunit gamma, mitochondrial 0.579882 Predicted protein 6 1,4,5,6,9

(OS10T0320400-01)

050390278900 protein (0S03T0278900-01) 0.56 Predicted protein 6 2,6,9

Translation elongation factor (OsJ_07364) 0.512397 Seed 9 46,9

the Ascorbic Acid and redox homeostasis [104]. The
sub-module 8 of the sub-network is associated with the
proteasomal ubiquitin-independent protein catabolic
process. The regulation of cellular transitions is largely
governed by protein turnover, with ubiquitin-independ-
ent mechanisms serving as effective means for identifying
proteins for degradation [105]. Regulating the abundance
of specific proteins and maintaining protein homeostasis
is crucial in rice seed development, and protein turnover
plays a vital role in this process. It is especially important
during the transition between different growth stages.
OsRPT2b, a member of the 26S proteasome regulatory
subunit P45-like protein family, was revealed as an intra-
modular hub in sub-module 8. This protein is crucial for

the 26S proteasome regulation, responsible for the deg-
radation of intracellular proteins in the ubiquitin—pro-
teasome system, and exhibits variable expression levels
during rice grain development [100]. However, further
experimental evidence is needed to confirm its involve-
ment in seed development.

The sub-module 9 of the network is associated with
translation, which is crucial for rice grain protein syn-
thesis. RPL3B, a predicted protein, was revealed as an
intra-modular hub in this sub-module. It belongs to the
ribosomal protein L3 family and its mutations impact
ribosome biogenesis in rice, which results in abnormal
architecture [78]. This predicted hub is an ideal candidate
for further studies focusing on improving rice yield after
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experimental validation. The ethylene-activated signaling
pathway is associated with sub-module 10 in this study.
Ethylene is a gaseous hormone in plants that plays a piv-
otal role in multiple stages of rice grain development,
such as germination, seedling growth, and grain matu-
ration [89]. The protein MPK1 was detected as an intra-
modular hub in this sub-module. It is a member of the
mitogen-activated protein kinase (MAPK) family of pro-
teins and plays a vital role in intracellular signaling path-
ways. This protein family responds to various stimuli and
regulates essential cellular processes, including cell pro-
liferation, differentiation, apoptosis, and stress response
[106]. Through the analysis of CRISPR-edited mutants, a
study has uncovered the significant role of MPK1 in rice
development [107]. Although its involvement with eth-
ylene-signaling pathways is poorly understood, it closely
interacts with ethylene-related signaling proteins such as
OsEIL2 and EIA1 [108], garnering further investigations
into this module hub.

The cell differentiation is linked to sub-module 11, and
it is essential for the growth and development of rice
grains as it contributes to the architecture of the grain.
The duration of cellularization in rice typically spans
a period of 3 to 5 days [84]. The proper timing of cel-
lularization in rice is dependent on the correct expres-
sion of various genes involved in the cell cycle, including
CYCB2, which belongs to the cyclin protein family. In
this study, CYCB2 was revealed as an intra-modular hub
within the sub-module 11. Cyclins are well known for
their involvement in regulating cell division and differen-
tiation via cyclin-CDK complex control. CYCB2 has also
been implicated in regulating endosperm development
and seed size [109].

The sub-module 12 in this analysis is associated with
the Abscisic acid-activated signaling pathway and ABI5
serves as an intra-modular hub which was predicted dur-
ing the analysis. It plays a crucial role in multiple func-
tions such as grain maturation, vigor, and dormancy,
predominantly through regulating ABA-mediated tran-
scription [76]. The sub-module 14 of the rice seed devel-
opment sub-network is annotated to the brassinosteroid
(BR)-mediated signaling pathway. Several studies have
elaborated on the mediation of BRs in rice grain devel-
opment. One study particularly emphasized that enhanc-
ing BR biosynthesis can boost crop productivity [110].
Additionally, it was observed that rice plants deficient
in or insensitive to BRs produced smaller, shorter seeds
[111]. Sterol delta-7-reductase (OS02T0465400-01) was
identified as an intra-modular hub of this sub-module.
This enzyme is involved in the biosynthesis of brassinos-
teroids [112]. However, its direct involvement with seed
development is yet to be understood and serves as a can-
didate for future studies.
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Analysis of inter-modular hubs

Six inter-modular hubs (Table 8) were discovered dur-
ing the analysis and they are described in detail in
Additional file 1: Table S7. Among the discovered, ATP
synthase subunit beta, mitochondrial and ATP synthase
subunit gamma, mitochondrial, both predicted proteins
for rice seed development, belong to the ATP synthase
family, hinting at their involvement in ATP biogenesis.
ATP synthase subunit gamma, mitochondrial acts as a
connector hub, linking translation, endosperm develop-
ment, hydrogen ion transmembrane transport, and tran-
sitional ion homeostasis, while ATP synthase subunit
beta, mitochondrial connects pathways such as hydrogen
ion transmembrane transport, leucine biosynthesis, and
translation. Despite the energy-intensive nature of these
pathways, no studies have yet confirmed their mediation
through these inter-modular hubs. Therefore, these are
ideal candidates for future investigations.

Furthermore, SDH1, central to the tricarboxylic acid
(TCA) cycle and the electron transport chain [113], was
identified as both an inter-modular and intra-modular
hub during the analysis. It was found in the sub-module
4, which is annotated to leucine biosynthesis, and it inter-
connects various sub-modules, including hydrogen ion
transmembrane transport, protein refolding, glycolytic
process, and translation. Hydrogen ion (H+) transmem-
brane transport in rice plays a crucial role in regulating
enzymes involved in the TCA cycle in the mitochon-
dria [114]. The regulation of enzymes in the TCA cycle
is complex, involving multiple levels of control, includ-
ing transcriptional and translation regulation [115].
Protein biosynthesis and refolding in cells require ATP-
dependent mechanisms, which can be energy-intensive
[116]. Additionally, the redox status of cells can impact
protein folding [104]. These findings emphasize the com-
plex interplay between TCA cycle intermediates, pro-
tein translation, and H+ion transport in developing rice
grain cells. Based on the findings, SDH1 plays a key role
in regulating the crosstalk between various sub-modules
in seed development. While no direct knockout experi-
ments on SDH1 have been conducted in rice, studies on
Arabidopsis have identified two SDH1 genes, SDH1-1
and SDH1-2, important in seed development. Knockout
of SDH1-1 in Arabidopsis resulted in seed abortion, indi-
cating its crucial role in early seed development [113].
However, further experimental validations are needed to
confirm its use as a genetic resource for crop improve-
ment in rice.

Using an ensemble method and selection of the prediction
thresholds

Ensemble methods combine the strengths of multiple
models to improve the accuracy of predictions [49]. The
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rule of sum, a widely used technique to produce ensemble
models, involves adding the predicted probabilities from
each model to obtain a combined confidence score [33].
This study used the rule of sum to integrate four widely
used network-based candidate protein prediction algo-
rithms to predict novel seed development proteins. Using
this ensemble model reduces the error and bias caused by
individual algorithms and ensures the most accurate pre-
dictions. The benchmark results of the ensemble model
compared to individual algorithms (Table 2 and Fig. 2)
clearly prove the superiority of the ensemble model for
the predictions based on the higher AUROC, AUPR, and
F ax Scores obtained. To our knowledge, this is the first
instance where an ensemble of network-based prediction
algorithms was used to predict novel plant proteins.

The selection of the prediction score cutoff for novel
candidate protein predictions is an important fac-
tor in PPI analysis [117]. It impacts the sensitivity and
specificity of predicted interactions. Raising the cut-
off enhances specificity but decreases sensitivity while
lowering the cutoff enhances sensitivity but decreases
specificity. Hence, the choice of cutoff must strike a bal-
ance between these two parameters. The most common
approach for selecting the prediction score cutoff for pro-
tein function prediction studies is arbitrarily selecting a
threshold [118]. Most studies have selected a number,
such as the top 20 or 50 predictions, without providing
a solid reason for the selection [118—120]. This approach
lacks robustness because the effectiveness of applying
a random threshold cannot be quantitatively assessed.
Recently, some studies have employed a trial-and-error
method, where they visually observe the network struc-
ture with varying thresholds and select the threshold
with the best network visualization [10, 14]. Again, this
method is not robust because of the inability to quanti-
tatively assess the effectiveness of the selected thresh-
old and the bias introduced through visual observation.
Precision top-N curves, where precision is represented
along varying thresholds, are used to select the optimum
threshold corresponding to the highest precision in pre-
diction studies [121, 122]. However, to our knowledge,
this method has not been applied to protein function
prediction. Therefore, this study determined the optimal
cutoffs for the most reliable predictions using a modified
precision top-N curve. Unlike the conventional approach
of simply calculating the precision at the N number of
top-ranked predictions [122], the modified curve consid-
ers the percentage of overlap between the DEPs and the
top-ranked N predictions. Here, the DEPs are differen-
tially expressed proteins associated with seed develop-
ment collected from literature and act as an independent
source of validation for the predicted proteins. Using the
traditional top-N curve for detecting the cutoff may lead
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to a substantial inclusion of false positives in the results,
which is considerably reduced when using the modified
precision top-N curve. Furthermore, employing the mod-
ified precision top-N curve for this study offered a more
robust and quantitative alternative to previously men-
tioned traditional methods, such as arbitrarily selecting
thresholds or network visualization-based trial-and-error
methods.

In PPI analysis, intra-modular hubs are important for
identifying protein complexes as they often represent
the core proteins within a module. The specific cutoff for
picking hubs can have a significant impact on the results
[123]. The methods used to identify intra-modular hubs,
i.e., hubs that have a high number of interactions within
a module, typically involve calculating the degree of
each protein either within the whole network or within
the module and selecting the proteins with the highest
degree, often the top 10% of proteins [124]. However,
this technique can introduce a bias towards detecting a
majority of hubs from more highly connected modules.
Hence the within-module degree Z-score (Z), which
gauges the extent to which a node’s degree centrality dif-
fers from the anticipated degree of nodes with the same
module membership, was used for this study [60]. Previ-
ous works have used intra-modular Z-score cutoffs of 2.5
[125] and 1.5 [61] based on the properties of the network
and research query. This study used 1.5 as the cutoff as
2.5 was unable to identify the protein with the highest
within-module degree in the network.

For the prediction of inter-modular hubs, which con-
nect different modules, the PC values were calculated.
The choice of a PC cutoff for their detection in a PPI net-
work may depend on the specific research question and
the characteristics of the network being analyzed [126].
Inter-modular hubs were selected using a PC cutoft of
0.5, which has been employed in previous studies [65].
All of the resulting inter-moduler hubs were connected
to at least three sub-modules.

For the STRING rice PPI network used for the analy-
sis, the 0.7 combined score cutoff was applied because
it was recommended by the STRING database to retain
high-quality interactions [34, 35], which is also the most
widely used cutoff for STRING PPI network analysis
[127, 128]. However, the application of a cutoff inevita-
bly removes a certain number of seed proteins from the
network because those do not contain any interaction
with a combined score above the selected cutoft. In this
work, seven such seed proteins were removed from the
original 102 (Additional file 1: Table S1) because they
did not contain any interaction higher than the 0.7 com-
bined score cutoff in the given sub-network. Lowering
the cutoff may increase the number of seed proteins that
can be retained, but the confidence of their interactions
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presents a serious issue for the downstream network
analyses as the majority of those interactions are of low
quality. Therefore, in this work, a few proteins had to be
removed to maintain the quality of the predictions and
analysis results, which is inevitable in STRING PPI net-
work-based studies [31, 129].

Limitations

This work revealed several hub proteins associated with
seed development in rice. Generally, these hubs are con-
sidered more important for the regulation of the con-
sidered function and are often used as drug targets [27].
Some of these hub proteins, such as APx1 [38], APG [93]
and DHAR1 [104], are seed proteins that are experimen-
tally validated to be associated with seed development.
This study also predicted new protein candidates, such
as ABI5 and RPL3B, which were also discovered as hub
proteins associated with seed development. These pre-
dicted proteins were validated as differentially expressed
proteins associated with seed development from inde-
pendent transcriptomic experiments [41, 42], but they
lack experimental validation. Conducting experimental
validations on the predicted proteins is beyond the scope
of this work and is a major limitation of this study. It is
important to conduct experimental validations of the
newly predicted proteins before using them for biotech-
nological applications. However, this study provides a
list of protein candidates for further experiments, such
as quantitative Polymerase Chain Reaction (qPCR) [130]
and gene knockout or knockdown studies [131], which
could be used to experimentally validate the association
with seed development. Widely used molecular tech-
niques, such as CRISPR/cas9 [132, 133] and RNA inter-
ference [134], can be used to perform knockouts of the
predicted hub proteins and observe their effect on seed
development.

Future work

In this work, an ensemble model composed of four net-
work-based protein function prediction algorithms was
used for predicting new candidate proteins associated
with seed development. The performance evaluations
showed a superior accuracy for the ensemble model
over individual algorithms, indicating the suitability of
algorithm integration for protein function prediction
tasks. However, the accuracy of the current model has
the potential to be further enhanced. Deep learning has
emerged as a popular technique to improve the accu-
racy of traditional models [18, 22], and could be used
for potential improvements of this model. For instance,
a multimodal deep learning framework can be tested
in the future for algorithm integration, which enables
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the integration of other types of data, such as protein
structures [18, 49]. Such a framework could efficiently
integrate different types of data compared to conven-
tional methods, such as the rule of sum. Furthermore,
the ensemble model used for this work explicitly used
PPI network data retrieved from the STRING data-
base. Other types of network data sourced from regula-
tory, metabolomic, and transcriptomic networks can be
integrated with the PPI network data and tested in the
future as possible enhancements. The successful use of
the ensemble model in predicting seed development pro-
teins in this work indicates the future potential of this
model for predicting genes associated with other pheno-
types, such as human diseases, plant diseases, and micro-
bial growth, opening numerous opportunities for future
applications.

Conclusions

In this study, an ensemble of network-based algorithms
was employed to predict new candidate proteins associ-
ated with rice seed development and study their systems
biology landscape. This ensemble model outperformed
individual algorithms when predicting seed development
proteins. The use of the ensemble approach was novel in
predicting candidate proteins and the relevance of the
predicted candidates was demonstrated by the enrich-
ment of the key GO-BP terms common with original
seed proteins. Also, all the predicted candidates were
found to be differentially expressed during seed develop-
ment, providing extra validation. Furthermore, the sub-
module analysis revealed specific pathways linked to seed
growth regulation, endosperm development, and general
processes such as translation, protein refolding, cell dif-
ferentiation, and plant hormone signaling.

This study revealed hub proteins that are central to
the stability of the extracted PPI sub-network. Among
the 17 intra-modular hubs, DHARI, Inorganic dispho-
sphatase, CYCB2-2, HMA4, and Copper chaperone
were the top five according to their Z-scores. Addition-
ally, six inter-modular hubs that regulate cross-talk
between different sub-modules were identified, includ-
ing two predicted proteins and four seed proteins. Of
these, the SDH1 protein achieved the highest score
and was also revealed to have a dual role as an intra-
modular hub, underscoring its importance as a central
regulator. Newly predicted proteins such as RPL3B,
Sterol delta-7-reductase, ATP synthase subunit gamma,
mitochondrial, HM A4, and ABI5 were also identified as
important hub proteins which are ideal candidates for
further experimental studies.

Collectively, these novel protein candidates offer
promising avenues for gaining deeper insights into the



De Silva et al. BMC Plant Biology (2025) 25:604

regulatory mechanisms governing rice grain develop-
ment. This work provides the first comprehensive view
of the protein interaction landscape associated with
rice seed development. It is crucial to experimentally
validate the identified hub proteins and predicted pro-
teins in future studies as they could be important tar-
gets for genetic research aiming to improve rice grain
quality and yield in rice. This study demonstrates how
systems biology analysis techniques can be used for
studying crucial developmental biology processes and
serves as a blueprint for future studies.
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