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Abstract

While target identification is essential for successful drug discovery, no systematic workflow exists to prioritize potential targets for a given
indication. Therefore, this study aims to develop an information-based approach combining text mining, network analysis, and centrality-
based prioritization. As a case study, we applied this workflow to identify metabolic disease targets potentially linked to aminoacyl-tRNA
synthetases (ARSs). From 1,407,654 PubMed articles, potential ARS interactors and their disease associations were mined. Using these
data, the ARS interactor-disease networks were constructed based on edge frequency and citation count. To assess the reliability of these
linkages, we used five centrality indices with novel visualization tools and identified 94 high-credibility disease-associated ARS interactors.
Among them, two targets (ESR1 and APP) were selected for experimental validation. Although demonstrated in ARS-mediated metabolic
diseases, this approach can be similarly used to identify disease-associated factors with credibility scores within any target space of interest.
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Introduction

The success of drug discovery critically depends on the accurate
identification of therapeutic targets, as these molecular entities
form the foundation for the development of effective and safe
treatments. Appropriate target selection markedly increases the
likelihood of clinical success, whereas inadequate target identification
frequently results in costly failures [1-5]. Despite its importance,
drug target discovery remains one of the most challenging steps
in drug development due to the inherent complexity of biological
systems and disease mechanisms. Current approaches, including
genomic, proteomic, and phenotypic screening, are often constrained
by incomplete data integration, limited validation models, and the
absence of scalable frameworks capable of reliably predicting target
relevance [6-17]. Although bioinformatic strategies provide time- and
cost-efficient alternatives, they are similarly limited in their ability
to identify previously unexplored targets [18-22]. Overcoming these
challenges requires the incorporation of novel biological perspectives
during data collection and analysis. In this study, we leveraged the

emerging biology of aminoacyl-tRNA synthetases (ARSs) to uncover
new therapeutic targets relevant to metabolic diseases.

ARSs are essential enzymes responsible for attaching specific amino
acids to their cognate tRNAs, thereby ensuring translational fidelity
and proper protein synthesis. This canonical catalytic function has
long been regarded as their primary role and is highly conserved
across evolution [23-27]. However, accumulating evidence has
revealed that ARSs possess diverse non-catalytic functions, including
roles in cellular stress responses, immune regulation, and metabolic
control. These findings challenge the traditional view of ARSs as static
components of the translation machinery and instead position them
as dynamic regulators of critical cellular processes [28-36].

Consistent with this expanded functional repertoire, ARS dysregu-
lation has increasingly been linked to human diseases, particularly
metabolic disorders characterized by impaired energy homeostasis
and cellular metabolism. Emerging studies suggest that ARSs influ-
ence mitochondrial function, lipid metabolism, and glucose regula-
tion, highlighting their potential roles as modulators of metabolic
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pathways [37-43]. Despite these observations, the mechanistic con-
nections between ARSs and metabolic diseases remain incompletely
understood, underscoring the need for systematic investigation.

To examine how the focus of ARS research has evolved, we
performed a Dirichlet multinomial regression (DMR) analysis of
ARS-related literature (Supplementary Table 1). DMR extends latent
Dirichlet allocation by incorporating external metadata, such as
publication year, allowing topic distributions to be conditioned on
temporal trends [44-47]. Our analysis revealed a steady increase in
the prominence of topics related to “Disease” and “Pathway Regulator”
over recent decades (Supplementary Fig. 1A). Although these topics
remain less prevalent than traditional categories such as “Traditional
Enzyme” and “Structure,” their growth has been substantial. Between
2000 and 2010, the “Pathway Regulator” topic increased by over 120%,
while the “Disease” topic rose by more than 250%, reflecting a clear
shift in research priorities toward the non-canonical roles of ARSs in
disease pathways and metabolic regulation.

To further dissect disease-related trends, we analyzed ARS-
associated literature across MeSH disease categories, focusing on
seven representative groups (complete results are provided in
Supplementary Table 2). Among these, “Nutritional and Metabolic Dis-
eases (C18)” consistently exhibited a notable presence
(Supplementary Fig. 1B), consistent with the established involve-
ment of ARSs in core metabolic processes such as amino acid
metabolism and energy regulation. However, compared with
categories such as Nervous System Diseases (C10), Musculoskeletal
Diseases (C05), and Neoplasms (C04), the relative underrepresentation
of metabolic diseases highlights a critical gap in ARS-focused
research and suggests untapped potential for target discovery in this
domain.

Building on these observations, we applied text mining approaches
to systematically explore connections between ARSs and metabolic
diseases within the biomedical literature. Importantly, we incorpo-
rated ARS interactors as intermediary nodes within molecular net-
works to capture indirect relationships that may not be apparent
from ARS-centered analyses alone. Comparison of ARS-centered and
interactor-centered disease networks revealed distinct patterns in dis-
ease category prominence. While Nervous System Diseases (C10) dom-
inated the ARS-centered network and Neoplasms (C04) ranked third
(Supplementary Fig. 2A), Neoplasms emerged as the most prominent
category in the interactor-centered network, with Nervous System
Diseases falling to second place (Supplementary Fig. 2B).

Notably, “Nutritional and Metabolic Diseases (C18)” maintained the
same rank in both networks, yet its interpretation differed substan-
tially. In the ARS-centered network, this category reflects the direct
involvement of ARSs in metabolic regulation and energy homeostasis.
In contrast, in the interactor-centered network, metabolic disease
associations arise through indirect connections mediated by ARS inter-
actors, integrating ARSs into broader systemic pathways. This distinc-
tion highlights how ARS interactors expand the functional landscape
of ARSs beyond their canonical roles and underscores the value of
network-based approaches for uncovering previously unrecognized
therapeutic opportunities.

Results

Figure 1 provides an overview of the analytical workflow employed in
this study to investigate the relationship between ARSs and metabolic
diseases. The analysis began with large-scale literature collection from

public databases, including PubMed and Web of Science [48, 49],
focusing on the MeSH category “Nutritional and Metabolic Diseases”
(C18) [50], which served as the foundation for subsequent analyses.

Named entity recognition (NER) and relation extraction (RE) were
then applied to identify ARS interactors, disease entities, and their
relationships within the collected literature [51-54]. The extracted
associations were used to construct a graph-based network repre-
senting interactions between ARS interactors and metabolic diseases,
with ARS specificity of the disease terms verified to ensure analytical
reliability.

To prioritize key ARS interactors, multiple network centrality mea-
sures—including Degree (Cd), PageRank (Cp), Betweenness (Cb), Close-
ness (Cc), and Eigenvector Centrality (Ce)—were calculated [55-63].
These metrics were integrated using bump-chart thresholding to iden-
tify consistently high-ranking nodes [64], and the robustness of the
results was assessed using overlap heatmap analysis.

Finally, the prioritized ARS interactors were incorporated into a
refined network linking ARSs to metabolic diseases, enabling the
identification of candidate drug targets. The biological relevance of the
prioritization strategy was further supported by experimental valida-
tion. To facilitate reproducibility and scalability, the entire workflow
was implemented as an automated system, allowing its application to
additional disease contexts and biological questions.

Data collection

To investigate the relationship between ARSs and metabolic diseases,
we collected 1,407,654 PubMed articles, focusing on the “Nutritional
and Metabolic Diseases” category (Tree Number: C18, MeSH Unique
ID: D009750) within MeSH. This category included nutritional
disorder-related terms resulting from poor absorption or nutritional
imbalances, and metabolic disorders caused by defects in the
biosynthesis (anabolism) or breakdown (catabolism) of endogenous
substances [50].

Simultaneously, we limited our dataset to publications up to 2022
to ensure analytical reliability and validity. Citation count was a key
metric for assessing the academic impact of a study, and papers
published from 2023 onward had few or no citations due to the lim-
ited time available for citation accumulation. Including these papers
could compromise citation-based analyses and distort estimates of
scientific influence. Major bibliographic databases, including PubMed,
undergo annual updates, typically early in the year, providing fully
curated datasets. To ensure analytical consistency, we used a complete,
finalized dataset rather than newly added records that may not be
fully integrated into these databases. Moreover, given the large-scale
nature of this study—which processed over 1.4 million articles—
adding recent publications would require reprocessing the entire
dataset, demanding extensive computational resources and time for
data preprocessing, network construction, and centrality analysis.
Given these constraints, restricting our dataset to 2022 publications
was the most feasible approach, ensuring analytical rigor and compu-
tational efficiency.

Furthermore, citation count for the retrieved articles was collected
from Web of Science as an additional data source for higher-level
analysis. This additional data provided an indicator of the academic
influence and relevance of each article. However, platform discrepan-
cieslimited citation data to 982,358 0f 1,407,654 articles (~69.8% of the
initial PubMed dataset). Articles without citation data were retained
but excluded from citation-based analyses.
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Figure 1 Systematic workflow to identify the potential drug targets associated with metabolic diseases focusing on the network of ARSs
and their interactors. This figure outlines the stepwise process undertaken in this study to investigate the relationship between ARSs and metabolic
diseases. Step 1 involves data collection from PubMed (“Nutritional and Metabolic Diseases” [MeSH] category) and Web of Science (citation information).
In step 2, NER and RE are employed to identify ARS interactors and disease relationships. Step 3 focuses on constructing a graph network of ARS
interactor—disease interactions based on edge frequency and citation data. Step 4 calculates five centrality indices and applies thresholding with bump
charts and overlap heatmaps to prioritize key ARS interactors. Step 5 visualizes the final ARS-ARS interactor network, highlighting interactors of top
priority for drug target selection. Selected candidates were subsequently evaluated through experimental validation. While this workflow was designed
to establish a systematic framework for linking ARS biology with metabolic disease mechanisms, it can be broadly applied to identify novel druggable
targets in various disease areas. To enhance usability, we automated each step using appropriate algorithms.

Building dictionaries Evaluation of metabolic disease-associated targets

We constructed two dictionaries—an ARS interactor and a disease dic- from the perspective of ARS bIOIOgy

tionary—for automated named entity recognition. These dictionaries This study aims to identify diseases co-occurring with ARS interactors
were built from reliable databases to ensure accurate, consistent entity through text mining techniques and to determine the most central ARS

identification. interactors in ARS—disease pairs (Fig. 1). We recognized a potential

The ARS interaction dictionary draws from the “Interactions” sec- bias where some diseases were paired with ARS interactors simply
tion of each ARS in the NCBI Gene Database. This resource integrates because they frequently appear in a nonspecific manner. In such
data from five sources: BIND, BioGRID, EcoCyc, HIV-1 protein interac- cases, many ARS interactors may be linked to these diseases without

tions, and HPRD. Each dictionary entry lists the gene identifier, gene a meaningful pathological association. Other entities beyond ARS
name, supporting literature, and experimental verification method. interactors may also link to these diseases due to their high frequency
These entries were organized to enable efficient ARS interactor recog- in the literature.
nition in text [65]. To address this issue, we verified whether the observed relation-
The disease dictionary was derived from the “Diseases” category ships were ARS interactome-specific rather than driven by overall
(“C” category) of MeSH. Only the most granular, indivisible terms disease frequency. Verification was performed from two perspec-
in the tree structure were selected as dictionary entries. Each entry tives: edge frequency- and citation count-based ranking comparisons.
included the disease term and tree number for precise identification Dictionary-based NER and RE were performed on 1,407,654 PubMed
in text [66]. articles and citation data, followed by network analysis.
As of September 2022, the ARS interactor and disease dictionaries
contained 2,357 and 4,791 entries, respectively. These dictionaries
supported NER and RE tasks, enabling comprehensive analysis of Edge frequency-based ranking comparison
ARS-disease interactions, and can be found in the supplementary  The analysis aimed to compare disease frequency rankings in the
information. C18 literature with their importance rankings in ARS interactor—
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disease pairs. In the former, disease rankings were based on their
frequent appearance in the literature. For the latter, a network of
all ARS-disease pairs was constructed, and disease importance was
measured using Cd, which represents total node connections. Diseases
co-mentioned with ARS interactors in multiple documents had higher
Cd values, reflecting their prominence in the ARS interactome. Using
this approach, rankings of 2,245 diseases from 1,407,654 documents
were calculated and compared.

Citation count-based ranking comparison

Disease frequency calculation based on citation count differed from
the edge frequency approach. In edge frequency analysis, a disease
occurrence was counted once per paper in which it appeared. In this
analysis, each paper’s citation count (n) from the Web of Science was
also considered. The citation count contributed proportionally to the
disease frequency.

Nevertheless, using raw citation counts posed a risk of bias, as older
papers naturally accumulate more citations over time regardless of
quality. To address this, we applied a correction formula:

Adjusted Citation Count = Citation Count/ (2023 — Publication Year) .

This adjusted value was used as the citation-based disease fre-
quency, ensuring a balanced evaluation of disease importance.

Similarly, in edge frequency ranking, disease importance was mea-
sured using Cd, modified to incorporate the adjusted citation count.
Previously, the link weight was fixed at one, whereas here the adjusted
citation count served as the link weight. This adjustment ensured that
disease centrality reflected connection frequency with ARS interactors
and the academic impact of linking papers.

Ranking comparison results

Substantial ranking changes were observed in most diseases
across the edge frequency- and citation count-based analyses
(Supplementary Fig. 3), except a few—including diabetes mellitus,
obesity, hyperglycemia, inflammation, and metabolic syndrome—
which consistently ranked highest. This divergence in ranking
underscores the unique influence of ARS interactors on disease
relevance, indicating their links are not merely general literature
trends. The findings highlight the specificity of ARS interactors in
disease networks, underscoring the need to assess their importance in
a context-specific biological framework. Consequently, this distinction
supports the validity of the subsequent analyses, which further clarify
the unique ARS interactor—-disease relationships from an ARS-biology
perspective.

Generation of edge frequency-based ARS
interactor—disease network

ARS interactor—disease pair extraction

Using 1,407,654 PubMed articles in the “Nutritional and Metabolic
Diseases” MeSH category and ARS interactor-disease dictionaries, we
used NER and RE to identify ARS interactor-disease relationships.
Terminology Unification and Abbreviation Disambiguation were
employed to standardize terms and ensure consistency (Box 1).
A relationship pair was identified only when the ARS interactor
and disease co-occurred within the same sentence. This sentence-
level constraint was adopted to prioritize extraction precision while

Box 1 Terminology unification and abbreviation disambiguation.

® Terminology unification consolidates various expressions
referring to the same substance or disease into a single
representation, preventing scattered information and improving
analytical accuracy. Therefore, all expressions in the original text
that match a specific term are replaced with a unique identifier (ID).
These IDs are converted back to their standardized terms after
extraction tasks are completed, effectively resolving
inconsistencies.

* Abbreviation disambiguation addresses the challenge of
distinguishing between identical abbreviations with different full
names, a common source of false positives. This is achieved by
identifying the full names of each abbreviation in the abstract and
replacing all abbreviations with their respective full names. Then,
only those full names found within a predefined dictionary are
extracted as valid entities. This process ensures accurate linkage
between abbreviations and their intended references, reducing
errors in data extraction.

minimizing spurious edges and potential false positives in the ARS
interactor—-disease network. A conservative lower-bound aggregation
at the document level indicated that relaxing this constraint resulted
in only a modest increase in edges (~1.5%-1.6%) and unique pairs
(~3.5%-3.8%) (Supplementary Table 3), suggesting that the sentence-
level rule maintains high extraction precision while minimally
affecting overall network coverage. Each pair was counted once
per article, even if repeated, to avoid overrepresenting frequently
mentioned relationships. This systematic approach produced 175,903
unique pairs involving 1,329 ARS interactors and 2,245 diseases,
suggesting diverse pathological implications of ARSs in metabolic
diseases.

Edge frequency-based weight assignment

Based on the relation pairs created above, we summed the frequencies
of each pair across the literature. For example, the “INS-Diabetes Mel-
litus, Type 2” pair appeared in 14,697 papers, resulting in a frequency
of 14,697, regardless of the number of times it appeared in a single
article. Consequently, 22,220 unique pairs were derived. These unique
ARS interactor-disease pairs were visualized as a network map. This
network included 1,329 ARS interactors and 2,245 diseases, with node
size representing weighted degree centrality, indicating how often an
ARS interactor or disease connected to others.

Disease grouping

The 2,245 diseases were grouped based on their corresponding MeSH
categories. While we focused on C18 category diseases during lit-
erature extraction, others outside this category also appeared. To
exclude them, diseases were grouped into higher MeSH categories
and connections to all categories except C18 were removed. Through
these processes, only the relations between true C18-group diseases
and their ARS interactors were retained.

We observed that one individual disease was often matched to
multiple higher-level categories. For example, in the “MDH2-Diabetes
Mellitus, Experimental” pair, the disease belongs to Nutritional and
Metabolic Diseases (C18) and Endocrine System Diseases (C19) cate-
gories. After disease grouping, the “MDH2-Diabetes Mellitus, Exper-
imental” pair was divided into “MDH2-Nutritional and Metabolic
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Diseases (C18)” and “MDH2-Endocrine System Diseases (C19).” Conse-
quently, relation pairs increased from 175,903 to 373,191 after disease
grouping.

Supplementary Fig. 4 (upper) illustrates the grouping results as
a network, showing all 23 MeSH disease categories in varying pro-
portions. Since only papers on Nutritional and Metabolic Diseases
(C18) were analyzed, this field appeared proportionally larger than
that of other disease groups. Among them, Endocrine System Diseases
(C19), Pathological Conditions, Signs and Symptoms (C23), and Ner-
vous System Diseases (C10) were prominent, suggesting a closer link
to Nutritional and Metabolic Diseases (C18).

Focusing on the C18 category

Among the 373,191 pairs generated after disease grouping, 118,749
relations were connected to 297 diseases exclusively classified under
C18, compared with 2,245 before grouping. Relation frequencies
across the literature were summed to assign weights, and the
final network was constructed only for C18. As stated above, node
size reflected these weights, allowing visual identification of ARS
interactors or diseases with greater importance in our analysis
(Fig. 2A).

Generation of citation count-based ARS
interactor—-disease network

ARS interactor—disease pair extraction

From the PubMed data categorized under the Nutritional and
Metabolic Diseases (C18) category in MeSH, 979,894 documents were
utilized, all with Web of Science information and at least one citation,
covering publications through 2022. Using the same biological
information extraction approach applied in the edge frequency
ARS interactor-disease network, the final dataset contained 146,352
unique relation pairs. These pairs involved 1,275 ARS interactors and
2,062 unique diseases, forming the basis for subsequent network
construction and analysis.

Citation count-based weight assignment

The number of citations for each source paper, obtained from Web
of Science, was used as the score for every extracted ARS interactor—
disease relation pair. Overall, 2,464 documents with zero citations or
missing citation data were removed from further analysis. Because
assigning weight solely by citation count can bias results toward older
publications, we corrected for this by applying the formula “total
citations divided by the time elapsed from the publication year to
2023", as previously described. All calibrated citation values appearing
across different documents were then summed, and a final weighted
score was assigned to each ARS interactor-disease pair. Using these
weighted scores, the network map was generated and contained
19,383 unique relation pairs.

In the network, the number of ARS interactors was 1,275, and that of
diseases was 2,062, slightly lower than in the edge frequency network
owing to the exclusion of papers with zero or missing citation data.
Weighted degree centrality, reflecting calibrated citation values, was
used to determine node size, enabling the relative importance of each
ARS interactor or disease to be visually represented.

Disease grouping
The next step involved grouping the 2,062 individual diseases accord-
ing to the MeSH tree structure. Supplementary Fig. 4 (lower) shows
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that nearly all disease categories appear, consistent with the pattern
observed in the edge frequency analysis. However, Nutritional and
Metabolic Diseases (C18) constituted the largest proportion. Citation
count-based analysis additionally highlighted Nervous System Dis-
eases (C10), Pathological Conditions, Signs and Symptoms (C23), and
Endocrine System Diseases (C19) as top-ranking categories following
C18. These findings were consistent with the edge frequency results,
although the precise ranking among these categories differed.

Focusing on the C18 category

We selected 98,940 relations associated with the C18 category from
the 312,344 relations obtained after disease grouping. The number
of included diseases decreased to 286, compared to 297 in the edge
frequency analysis, because papers with zero or missing citation data
were excluded. The relation network between these 286 diseases and
their matched ARS interactors was visualized using the calibrated
citation counts as weights (Fig. 2B). Additionally, the cumulative cal-
ibrated citation scores were represented as the node size, indicating
the relative importance of each disease or interactor.

Determination of target priority via the comparative
analysis of five centrality network analyses

We compared the rankings of ARS interactors derived from the edge
frequency- and citation count-based networks. In network analysis,
centrality measures are commonly used to identify important nodes,
with higher centrality values indicating greater structural importance
within the network. To ensure reliable identification of disease-
associated ARS interactors, we applied five widely used centrality
measures: Cd, Cp, Cb, Cc, and Ce (Box2) [55-63]. These metrics
capture complementary aspects of network topology, including
local connectivity, recursive importance, mediation of shortest
paths, global reachability, and influence through highly connected
neighbors, respectively. To assess potential redundancy among
these metrics, we computed pairwise Spearman rank correlations
among the five centrality-based rankings (Supplementary Fig. 5),
which showed moderate to strong correlations but non-identical
rankings, supporting partial complementarity among the metrics.
These measures were then applied to rank ARS interactors identified
in both the edge frequency- and citation count-based networks, and
an identical set of 1,120 ARS interactor nodes was used to assess
their relative importance within a consistent framework for direct
comparison.

One major challenge in this study was that multiple nodes fre-
quently shared identical centrality values, resulting in duplicated
rankings. As summarized in Supplementary Table 4, the proportion
of nodes belonging to tied groups ranged from 24.6% to 93.3% across
the 10 metric-network combinations, indicating that ties were com-
mon and could reduce the effective resolution of the ranking if left
unresolved. To address this issue, we developed a deterministic tie-
breaking strategy termed Cross Reference, which resolves ties in a
primary ranking using the complementary ranking derived from
the alternate network weighting. Specifically, ties in edge frequency
rankings were resolved using citation-based rankings, whereas ties
in citation-based rankings were resolved using edge frequency rank-
ings. For example, in the degree centrality (Cd) edge frequency rank-
ing, RBM8A and FUS exhibited identical edge frequency values and
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with a weighted degree centrality of 20 or more are shown in this figure for visual simplification. (B) Citation count-based ARS interactor-disease
network. Among the 1,407,654 documents extracted above, 979,894 that had citation count at least one in Web of Science were selected. The final
weight was given to the ARS interactor—disease pairs by adding the corrected citation count. Through grouping 2,062 individual diseases within the
entire pair according to the MeSH tree structure, only relations connected to the “Nutritional and Metabolic Diseases (C18)" were left. The size of the
node is the cumulative sum of the corrected citation scores, and the thickness of the link is the sum of all corrected citations of papers in which a
specific ARS interactor-disease pair appears. Also, only nodes with a weighted degree centrality of at least 20 were used in the graph for visibility. (C)
Degree of centrality overlap heatmap. (Upper) A heatmap was generated for 94 ARS interactors selected based on threshold determination using
5 different centrality analysis methods (Cd, Cp, Cb, Cc, and Ce; see Box 2 for details). (Lower) The color intensity represents the degree of overlap for
each ARS interactor across the five centrality analysis methods.



Box 2 Overview of five centrality measures.

Measure Definition

Degree centrality
in the network.
PageRank

The total number of connections (edges) a node has

A measure of node importance based on the

Briefings in Bioinformatics, 2026, Vol. 27, Issue2 | 7

Formula Key references

DCW) =2 yenn ! [61]

probability of visiting the node in a random walk

across the network.
Betweenness centrality

Closeness centrality

The fraction of shortest paths between any two
nodes that pass through a given node.
The reciprocal of the average shortest path length

from a node to all other nodes in the network.

Eigenvector centrality

A measure of node influence based on connections

PRW) = 158 +d- 3y B2 [58, 59, 63]
BCW) = ¥ 00y 2L [57, 60]
W) = s—qum [55, 62]
ECW) =13 jenoAw EC(U) [56]

to other influential nodes, considering the quality of

connections rather than just quantity.

Formula explanation
1. Degree centrality (DC(v)):

® Sum of all direct connections (N(v)) to a node (v).
2. PageRank (PR(v)):

® d: Damping factor (commonly set to 0.85).
dy: Out-degree of node u.
® N:Total number of nodes.

3. Betweenness centrality (BC(v)):

ost(v): Number of shortest paths between nodes s and t passing through v.

® o4 Total number of shortest paths between s and t.

4. Closeness centrality (CC(v)):

® Reciprocal of the sum of shortest path distances (d(v, u)) from node v to all other nodes.

5. Eigenvector centrality (EC(v)):

Aw: Adjacency matrix entry indicating the connection between nodes v and u.

® ) Eigenvalue of the adjacency matrix.

therefore shared rank 17 prior to tie-breaking. Referring to the com-
plementary citation-based ranking (RBM8A: 8; FUS: 7) deterministi-
cally resolved this tie, resulting in final positions of rank 17 for FUS
and rank 18 for RBM8A. Conversely, when ties occur in citation-
based rankings, the same procedure is applied in the opposite direc-
tion using the complementary edge frequency ranking. By system-
atically resolving duplicated values in this manner, Cross Reference
increased the effective resolution of the ranking while preserving the
primary centrality structure and affecting only nodes with identical
scores.

Bump charts and threshold determination

Following the methodology described above, bump charts were gen-
erated for Cd, Cp, Cb, Cc, and Ce (Supplementary Fig. 6). A bump
chart lists the elements ranked by two criteria in the left and right
columns and connects the identical elements to show whether their
relative importance changes across the two viewpoints [64]. In this
analysis, 1,120 ARS interactors present in both networks were placed
in the left column according to edge frequency-based centrality and
in the right column according to citation count-based centrality. Each
interactor was then connected across the two columns. The slope and
direction of these connecting lines illustrate the degree of ranking
inconsistency between the two criteria, allowing visual assessment of
how differently each interactor is prioritized under edge frequency
versus citation count information.

We aligned the five bump charts generated from the different
centrality methods to identify ARS interactors that consistently main-
tained high rankings from the edge frequency and citation count
perspectives. The relative positions of the highest-ranked interactors
showed minimal variation between the two columns. Based on the
overall line patterns, we selected the top 50 interactors in each chart
(Supplementary Fig. 6; dark grey line) because the upper-ranking
region showed relatively limited positional fluctuation between the
two ranking criteria. Consistent with this observation, quantitative
stability analysis revealed increasing rank divergence beyond the top
50 region (median A =4.0 for ranks 31-50, 7.0 for ranks 51-70, and
11.0 for ranks 71-100), whereas the top 50 interactors maintained
strong concordance between the two ranking schemes (mean prefix
Spearman p =0.924; Supplementary Table 5). Because the top 50 sets
differed slightly between edge frequency- and citation count-based
rankings, we included 59, 52, 54, 53, and 54 ARS interactors in the
Cd, Cp, Ch, Cc, and Ce charts, respectively. Combining all the selected
interactors across the 5 charts resulted in 94 ARS interactors.

Degree of overlap heatmap

We constructed a heatmap for the 94 selected ARS interactors to
examine the degree of overlap among interactors identified by the
5 centrality methods (Supplementary Table 6 and Fig. 2C). In this
heatmap, the x-axis lists the ARS interactors and the y-axis lists the
centrality methods, with each selected interactor marked by color in
the corresponding cell. For example, all cells for INS were colored
because it appeared among the top 50 interactors in all 5 charts


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag195#supplementary-data
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(overlap =5). In contrast, only one cell for GNAI2 was colored since
it was selected in the Cd chart only (overlap=1). The overall degree
of overlap for each interactor is represented by color intensity and
summarized numerically in the bottom row.

Feature collection of 94 ARS interactors

Using the ARS interactors selected as high-ranking interactors for C18-
group diseases, we generated a connection map with ARSs. This map
helps to identify potential drug targets for C18 diseases by focusing on
ARS biology. To achieve this goal, we designed a network structure that
visually distinguishes drug targets based on the following criteria.

(1) Degree of disease connection: focusing on the Nutritional and
Metabolic Diseases (C18) section of MeSH, the ARS interactors inher-
ently reflect this information through the selection processes applied
in the current study.

(2) Degree of drug connection: to evaluate the druggability of the
selected ARS interactors, we considered whether each interactor had
previously been used as a drug target. We retrieved relevant publica-
tions from PubMed by searching for the ARS interactor together with
the terms “drug or drugs.” For each ARS interactor, the NCBI Gene
database provided the Official Symbol, Official Full Name, and syn-
onyms, which were combined using “OR.” This gene-related phrase
was then connected with “drug or drugs” using AND. For example, the
query for albumin was (“ALB” OR “albumin” OR “HSA” OR “FDAHT”
OR “PRO0883” OR “PRO0903” OR “PRO1341”) AND (“drug” OR “drugs”),
which was submitted to PubMed to identify publications connecting
albumin to drugs.

(3) Degree of ARS connection: ARS-interactor pairs were created
using the interactor information collected when constructing the
ARS interactor dictionary at the beginning of the study. The 94
previously selected interactors were then reconstructed from an
ARS interactor-centric perspective. Interactors connected to multiple
ARSs were assigned a higher ARS connection degree, and those
with more connections were prioritized in the final target selection.
Supplementary Table 7 presents the data collected in early 2023 on
the extent of drug and ARS linkages.

Network map between ARSs and their interactors
selected for metabolic diseases

We constructed a network connecting ARSs with the 94 ARS inter-
actors selected through thresholding across 5 centrality criteria. ARS
node sizes were uniform, while ARS interactor node sizes varied
according to drug connection degree (Supplementary Table 7), with
the largest set to 100%. The network comprises 359 connections, and
connected nodes are positioned proximally (Fig. 3A). Among the 94
ARS interactors, 29 showed the highest overlap (overlap = 5), reflecting
high confidence in their pathological association with C18-group dis-
eases. Based on this, an additional network map was generated using
these 29 top-ranked ARS interactors following the same principle as
the initial network (Fig. 3B).

The two network maps—one with 94 interactors and another with
29—highlighted different prominent targets. In the larger network,
EGFR and TP53 were most prominent, followed by MTOR, TGFB1,
STAT3, and ESR1, whereas in the smaller network, ESR1, MTOR, and
APP were more noticeable.

Experimental validation of the network map

Among the 29 ARS interactors identified as potential druggable tar-
gets, estrogen receptor 1 (ESR1) and amyloid beta precursor pro-
tein (APP) were selected for experimental validation of their inter-
actions with ARSs (Fig. 3B). Both proteins were consistently included
in the highest overlap tier (degree of overlap =5), showed high drug-
related connectivity, and exhibited broad ARS interaction profiles
(Supplementary Table 7), while representing distinct biological con-
texts relevant to metabolic disease. To explore their disease relevance,
ESR1- and APP-associated diseases connected from Fig. 2A and B
were extracted and mapped to higher-level metabolic disease cate-
gories. In the resulting ARS interactor-disease network map, ESR1 was
associated with metabolic bone diseases, glucose metabolism disor-
ders, and metabolic syndrome, while APP was related to proteostasis
deficiencies, metabolic inborn errors, and glucose metabolism disor-
ders (Fig. 4A and B). Since these interactions were identified through
proteomics-based or reconstituted complex approaches, we sought to
validate them in a cellular context using a co-immunoprecipitation
assay. For APP, two isoforms—APP695 and APP751, named for their
amino acid lengths—were tested. APP695 is predominantly neuronal,
whereas APP751 is mainly expressed in nonneuronal cells, indicat-
ing possible distinct pathological roles. While testing all ARS inter-
actions was not feasible, ESR1 showed potential interactions with
MARS1 (methionyl-tRNA synthetase 1), while APP interacted with
IARS1 (isoleucyl-tRNA synthetase 1) and AIMP1 (ARS-interacting mul-
tifunctional protein 1) (Fig. 4C). These interactions warrant further
investigation to elucidate their potential roles in ESR1- and APP-
related metabolic diseases.

Automation of workflow

Considering the general applicability of this workflow for identify-
ing new druggable targets, we developed an automated system to
systematically analyze relationships between ARS interactors and
metabolic diseases, thereby enhancing efficiency and scalability. By
automating the entire process—from literature search and biological
information extraction to network construction and centrality analy-
sis—this framework was employed to streamline data processing and
minimize manual intervention. This automated pipeline improves
research efficiency and scalability, thereby allowing consistent anal-
ysis across multiple disease categories or biological groups.

Discussion

Target identification remains a critical challenge in drug discovery,
particularly for complex diseases involving multiple molecular inter-
actions. Traditional genomic, proteomic, and phenotypic screening
approaches are often limited in their ability to integrate large-scale
biomedical literature and to prioritize novel, functionally relevant
targets. In this study, we developed an information-driven pipeline
that combines text mining and network analysis to systematically
identify key interactors within the ARS-mediated metabolic disease
landscape. By analyzing over 1.4 million PubMed articles using the
terminology normalization and abbreviation disambiguation proce-
dures described in Box 1 and applying centrality-based prioritization,
we identified and experimentally validated novel ARS interactors,
including ESR1 and APP, with potential roles in metabolic disorders.
These results demonstrate how computational-experimental integra-
tion can uncover previously unrecognized disease mechanisms and


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag195#supplementary-data
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Figure 3 Network integrating ARS connectivity and druggability. (A) Network map between ARSs and 94 ARS interactors selected from 5
centrality analyses. Using the selected 94 candidates, the final network was organized to reflect three features. Degree of drug connection was
embedded in the node size of ARS interactors. The size of the interactor node with the largest drug connection was set to 100, and the rest were
scaled based on the corresponding percentage. On the other hand, the size of the ARS nodes and the thickness of the links were displayed as constant.
The connected nodes were laid out close to each other on the network. (B) Network map between ARSs and 29 ARS interactors selected from all the
5 centrality analyses. The ARS network was constructed using 29 ARS interactors identified across all 5 centrality analysis methods to provide a more
focused picture. Based on this map, we selected ESR1 and APP for further analysis of their association with metabolic diseases and for experimental

verification.

provide a scalable strategy for drug target prioritization in complex
biological systems.

Beyond the specific interactions identified here, this automated
pipeline offers a flexible framework for expanding ARS research
through large-scale meta-analyses and cross-disease investigations.
Rather than focusing exclusively on Nutritional and Metabolic Dis-
eases (C18), the approach can be extended to examine cross-disease

relationships involving Endocrine System Diseases (C19) and Neo-
plasms (C04). In the longer term, integration with machine learning
or Al-based predictive models may further enhance automated target
discovery and improve mechanistic insight. In addition, the develop-
ment of a self-updating pipeline that continuously incorporates newly
published literature would enable the system to adapt to the rapidly
evolving biomedical research landscape.
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Figure 4 Integrative association of ESR1 and APP with metabolic diseases and experimental validation of their interaction with ARSs. (A)
ESR1-metabolic disease network. (Edge frequency-based) This network visualization represents the association between ESR1 and metabolic
diseases based on edge frequency analysis. Each edge connects ESR1 to a specific metabolic disease, with the edge thickness reflecting the
frequency of co-occurrence in the analyzed PubMed dataset. A higher frequency suggests a stronger textual association between ESR1 and
the disease. The node size of “Bone Diseases, Metabolic” is larger, indicating its prominence in the dataset, implying a significant literature-
based link between ESR1 and metabolic bone diseases. This approach helps identify frequently mentioned connections between ARS inter-
actors and metabolic disease categories, providing a literature-driven prioritization of potential targets. (Citation count-based) This network
visualization presents the relationship between ESR1 and metabolic diseases, constructed using citation count-based analysis. In this approach,
the strength of associations is determined by the cumulative citation count of the publications supporting each connection, ensuring that
highly cited research contributes more to the network structure. As shown, “Bone Diseases, Metabolic” again appears as a major association,
reflecting its substantial academic impact and reinforcing its potential biological relevance. This analysis provides a complementary perspective
by weighting associations based on their scholarly influence, helping to filter out less impactful co-occurrences from the dataset. (B) APP-
metabolic disease network. (Edge frequency-based) Unlike in ESR1, “Proteostasis Deficiencies” and “Metabolism, Inborn Errors” are most
prominent, suggesting that they are frequently co-mentioned with APP in studies of metabolic diseases. (Citation count-based) Compared with
the edge frequency-based network, “Proteostasis Deficiencies” remains the most prominent association, reinforcing the academic importance
of APP's role in protein quality control and degradation pathways. In addition, we can also see the relative salience of “Glucose Metabolism



Importantly, this framework also supports experimental validation
by enabling the prioritization of druggable targets for downstream
biochemical and functional assays. Through multistep analyses
and experimental confirmation, we identified disease-associated
interactions between ARSs and key metabolic disease-related proteins.
Specifically, ESR1 interacted with MARS1, while APP interacted with
IARS1 and AIMPI, revealing previously unrecognized molecular
connections that may contribute to disease pathogenesis. Given
the established roles of ESR1 in metabolic bone disease, glucose
metabolism disorders, and metabolic syndrome, its interaction with
MARS1 suggests a potential role for ARSs in hormone-responsive
metabolic regulation. Similarly, the association of APP with multiple
ARSs suggests that ARSs may modulate APP-related pathways involved
in proteostasis imbalance, inborn metabolic errors, and glucose
metabolism disorders. While further studies are required to elucidate
the precise molecular mechanisms underlying these interactions, the
present findings establish a robust and broadly applicable frame-
work for efficient drug target identification across diverse disease
contexts.

Despite these strengths, several methodological limitations should
be considered. The current framework constructs literature-derived
networks primarily through sentence-level co-occurrence, which
enables scalable analysis across large corpora but does not explicitly
capture interaction directionality, polarity, or long-range linguistic
dependencies. Although dictionary normalization procedures were
implemented to mitigate alias-related ambiguity—including canon-
ical symbol mapping and abbreviation disambiguation—residual
ambiguity may still occur in rare cases. In addition, literature-based
analyses can be influenced by publication or citation bias toward
extensively studied genes, and MeSH indexing practices may evolve
over time as the biomedical literature expands. To evaluate the
robustness of the framework in the context of such temporal changes,
we conducted an additional analysis using publications from 2023 to
2024 within the same MeSH category. Notably, 88 of the 94 prioritized
ARS interactors (93.6%) were still observed in the recent corpus, and
the majority of Tier 1 candidates remained highly ranked, indicating
that the prioritized interaction landscape is largely stable over time
(Supplementary Table 8). This observation further supports our
decision to conservatively restrict the publication years included in
the literature corpus—even at the cost of some reduction in recall—
to enhance the reliability and interpretability of the resulting ARS-
centered interaction landscape.

Future methodological developments may further enhance the
interpretability and biological resolution of this framework. In
particular, integrating transformer-based biomedical language
models for semantic relation extraction and document-level con-
textual integration could enable more precise identification of
interaction types and biological context. In addition, claim clas-
sification and structured knowledge extraction approaches may
facilitate the transition from association-based networks toward
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mechanism-oriented ARS signaling networks, ultimately enabling
deeper integration with multiomics data. Together, these develop-
ments may further strengthen literature-driven systems approaches
for uncovering biologically meaningful targets in complex disease
networks.

Key Points

® Prioritizing disease associations using text mining and graph cen-
trality, mature concepts in systems biology but underutilized in
target discovery.

* Highlighting the novel biology of human aminoacyl-tRNA syn-
thetases as a case study, which is often overlooked outside of rare
diseases or basic translation research.

* Demonstrating scalability to any protein family or therapeutic area
with a clear validation path.
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