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Abstract: High-altitude diseases (HAD), encompassing acute mountain sickness, high-altitude cerebral edema, and high-altitude pul-
monary edema (HAPE), are triggered by hypobaric hypoxia at elevations above 2500 m. These conditions pose significant health risks,
yet the molecular mechanisms remain insufficiently understood. In this study, we developed a biomolecular event extraction pipeline
integrating supervised machine learning with feature-based and multiscale Laplacian graph kernels to analyze 7847 curated HAD-
related abstracts from PubMed. We extracted over 150 unique biomolecular events—including gene expression, regulation, binding,
and localization—and constructed a weighted, undirected biomolecular event network comprising 97 nodes and 153 edges. Using the
PageRank algorithm, we prioritized key biomolecules based on their centrality within the event network. The top-ranked proteins
included erythropoietin (0.0163), vascular endothelial growth factor (0.0148), hypoxia-inducible factor 1 alpha (0.0136), endothelial PAS
domain protein 1 and angiotensin-converting enzyme (0.0119), and Egl nine homolog 1, endothelin 1, and 70-kilodalton heat shock
protein (0.0118), all of which play crucial roles in oxygen sensing, vascular remodeling, erythropoiesis, and blood pressure regulation.
Subnetwork analysis revealed three major functional clusters centered on hypoxia response, inflammation, and stress adaptation path-
ways. Our integrative approach demonstrates the utility of large-scale text mining and graph-based analysis to uncover mechanistic
insights and prioritize potential biomarkers for HAD.
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1. Introduction

Altitude sickness, also known as high-altitude illness, is a
physiological response to reduced oxygen availability at elevations
typically above 2500 m. It manifests in three major clinical forms:
acute mountain sickness (AMS), high-altitude cerebral edema
(HACE), andhigh-altitude pulmonary edema (HAPE) [1, 2]. Com-
mon symptoms include headache, nausea, loss of appetite, and
sleep disturbances [3]. The risk increases with rapid ascent, andmil-
lions of individuals—ranging from travelers and athletes tomilitary
personnel—are exposed to such environments each year. The onset
of high-altitude diseases (HAD) can occur suddenly andmay range
from mild discomfort to severe, life-threatening conditions [4].

*Corresponding author: Jeyakumar Natarajan, DRDO-BU Center for
Life Sciences, Bharathiar University and Department of Bioinformatics,
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Despite extensive research efforts, much of the valuable
biomedical knowledge generated from experimental studies
remains locked within the vast and rapidly growing body of
scientific literature. Biomedical text mining has emerged as a pow-
erful tool to bridge this knowledge gap by uncovering hidden
patterns, generating hypotheses, and identifying novel associa-
tions from unstructured text [5–10]. Applications of text mining
have shown promise in various domains such as gene-disease asso-
ciations, drug repurposing, and pharmacogenomics [11–15]. In
particular, understanding how genes and proteins behave under
hypoxic stress—through events such as transcription, regulation,
expression, localization, and binding—offers critical insight into
the pathophysiology of HAD [16, 17]. These biomolecular events
play a central role in functional genomics, disease mechanisms, and
therapeutic targeting [18]. Automatically extracting such events
into structured representations, a task knownas biomolecular event
extraction [19–25], remains technically challenging due to issues
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such as inconsistent terminology, gene/protein name ambiguity,
and varying event descriptions [26, 27].

To address these challenges, we developed a supervised
machine learning-based text mining system for extracting bio-
molecular events associated with HAD. Using a curated corpus
of PubMed abstracts, our system identified key genes, proteins,
and their interactions and constructed a biomolecular interaction
network.We thenapplied thePageRankalgorithmtoprioritize pro-
teins based on their centrality and connectivity within the network.
Our analysis revealed recurring molecular events and highlighted
candidate biomarkers potentially involved in the progression of
HAD. The remainder of this paper is organized as follows: the
Materials and Methods section details the corpus construction
and event extraction methodology; the Results section presents the
identified biomolecular events and network characteristics; theDis-
cussion interprets key molecular findings; and finally, we conclude
with future research directions.

2. Materials and Methods

The biomolecular event extraction pipeline for HAD lit-
erature was designed as a multi-step process comprising data
collection, preprocessing, event extraction, network construction,
network analysis, and biomarker discovery. For data collection,
we utilized PubMed (https://pubmed.ncbi.nlm.nih.gov/), a widely
used search engine for accessing the MEDLINE database main-
tained by the National Center for Biotechnology Information,
US National Library of Medicine. Relevant HAD literature was
retrieved using targeted keyword queries. The resulting records
were formatted by extracting the PubMed ID (PMID), title, and
abstract for each entry. Preprocessing involved several natural
language processing tasks, including sentence splitting, tokeniza-
tion, part-of-speech (POS) tagging, chunking, and biomedical
lemmatization. Syntactic information was then extracted using
dependency and phrase structure parsing, followed by the extrac-
tion of 14 domain-specific linguistic and semantic features aimed
at capturing biomolecular event mentions.

To perform event extraction, we employed a hybrid machine
learning approach that integrates a multiscale Laplacian graph
(MLG) kernel with a traditional linear feature-based kernel
within an ensemble learning framework. This model was used to
detect event triggers, while a rule-based pattern-matching engine
(using regular expression templates) was implemented to iden-
tify event arguments such as themes and causes. The extracted
genes/proteins and associated events were used to construct a
biomolecular interaction network. We applied graph analysis—
specifically the PageRank algorithm—to this network to identify
and prioritize key proteins with potential biomarker roles in
hypoxia-related pathways. The complete event extraction pipeline

is illustrated in Figure 1 and is further elaborated in the sections
that follow.

2.1. High-altitude disease information retrieval

In the context of text mining, information retrieval (IR) refers
to the process of gathering relevant literature on a specific topic
from various biomedical databases. PubMed, a widely used search
engine for accessing the MEDLINE bibliographic database—
which contains over 34 million citations in the biomedical and
life sciences domains—was utilized for this purpose. To compile
a comprehensive corpus focused on HAD, we queried PubMed
using three key terms: “High-altitude diseases”, “High-altitude
sickness”, and “High-altitude illness”. The retrieved articles were
downloaded and processed to create a curated HAD-specific
text corpus, which included the PubMed ID (PMID), title, and
abstract of each article. This corpus served as the foundation for
subsequent information extraction and analysis.

2.2. Biomolecular event extraction system

Biomolecular events represent interactions and functional
relationships among biological entities such as genes, proteins,
and molecules. These events describe key processes—including
transcription, regulation, phosphorylation, and binding—that
drive cellular and physiological functions. Automatically extract-
ing such events from unstructured biomedical literature and
converting them into structured representations is known as event
extraction. The resulting event structures are analogous to reac-
tions in biological pathways and are valuable for applications such
as pathway curation, biological network construction, and drug
repurposing.

In this study, we applied our in-house developed biomolec-
ular event extraction system [28] to a curated corpus on HAD.
The system operates in three primary stages: (1) preprocessing
and cleaning of textual data, (2) event detection using a hybrid
machine learning framework, and (3) event argument identifica-
tion using pattern-matching techniques. Each step is described in
detail below.

2.3. Preprocessing and cleaning

The preprocessing phase involves preparing raw biomedical
text for downstream event extraction. This includes sentence seg-
mentation, tokenization, POS tagging, lemmatization, chunking,
dependency parsing, and named entity recognition (NER). We
used the OpenNLP toolkit (v1.9.0) [29] for sentence segmenta-
tion, POS tagging, and chunking, and BioLemmatizer (v1.2) [30]
for lemmatization. Dependency parsing was carried out using

Figure 1. Schematic architecture of the bimolecular event extraction methodology for high-altitude diseases
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both the Stanford Parser (v3.3.1) [31] and GDep Parser (v1.0)
[32] to identify grammatical structures and syntactic dependencies
between trigger words and biological entities. Accurate identifi-
cation of named entities such as genes and proteins is critical for
capturing event participants. For this, we employed BCC-NER
[33], our in-house hybrid NER system, which automatically tags
biomedical entities relevant to HAD.

2.4. Ensemble classifier

To detect biomolecular events, we implemented a hybrid
ensemble learning approach that combines a feature-based ker-
nel with an MLG kernel [34]. The feature-based kernel captures
local textual patterns using token-level, sentence-level, and lexical
features, while the MLG kernel models complex sentence struc-
tures and multilevel topological relationships among event nodes.
These two kernels were integrated into an ensemble support vec-
tor machine framework [35], allowing the system to leverage both
local and global context for robust event identification. Ensem-
ble methods are increasingly popular in biomedical text mining
due to their improved generalizability and high classification
accuracy [36, 37].

2.5. Event argument detection

The final step involves identifying the roles of entities
involved in each event, such as THEME and CAUSE. We
employed a lexico-syntactic pattern-based approach, enhanced
with semantic role labeling, to extract arguments accurately from
complex biomedical sentences. Lexico-syntactic patterns represent
generalized linguistic templates that link trigger words (e.g., acti-
vate, bind) with associated biological entities. These patterns were
derived through distributional analysis of the training data and
refined into rule-based templates for argument detection. Manual
rule crafting ensured precise identification of event participants,
thereby improving the quality of the extracted event structures.
This final structured output was used for downstream network
construction and biomarker prioritization.

2.6. Biomolecular event network

The extracted genes, proteins, and associated biomolecular
events were integrated to construct a biomolecular event network
specific to High-altitude Diseases (HAD). For network construc-
tion and visualization, we utilized Gephi version 0.9.2 [38], a
widely used platform for interactive graph analysis. The resulting
network was modeled as an undirected, weighted graph, where
biomolecular events (e.g., gene expression, regulation) functioned
as central hub nodes, and edges represented co-occurrences of
genes/proteins within those events. Edge weights were assigned
based on the frequency of co-occurrence in the HAD corpus,
allowing for the representation of interaction strength.

To identify the most influential biomolecules within this net-
work, we applied the PageRank algorithm [39], a node-ranking
technique originally developed by Google for ranking web pages.
PageRank evaluates the importance of nodes based on both the
number and quality of connections they receive. In our con-
text, this allowed us to compute key network attributes—such
as PageRank score, weighted in-degree, weighted out-degree, and
min-max normalized rank—for each node. These attributes were
used to identify critical proteins and to generate subnetworks that
highlight the most biologically relevant interactions.

PageRank has been successfully applied in previous biomed-
ical studies for ranking concepts in association networks,
identifying research subfields, and re-ranking scientific litera-
ture [40–45]. In this study, the algorithm was used to quantify
the centrality of each gene/protein in relation to frequently
co-occurring events. Nodes with higher PageRank scores were
interpreted as more functionally significant in the context of HAD
pathogenesis. The network thus becomes a structured map of
biomolecular interactions, where hubs (events) and their linked
proteins provide insights into biological mechanisms. Inspired by
earlier applications, we used PageRank not only to prioritize
biomarker candidates but also to construct a normalized sub-
network for deeper analysis of gene-event relationships relevant
to high-altitude adaptation and disease. The implementation of
PageRank is explained below.

PR(u) = c∑
v∈B(u) (PR(v)NV

) (1)

Here we have taken u is a node in the network. b(u) is a set of
nodes that represent to node u, pru and pr(v) are rank scores
of the nodes u and v respectively. Nv denotes number of out-
going edges of the node v. c is the factor used to normalize the
nodes in the network. Next we have assigned the weights to each
node in the network. Then, we measured the weights of inner
edges W(v,u)in and outer edges W(v,u)out of the nodes u and v.
w(v,u)in is a weight of edge (v,u) calculated based on the number
of inner edges of node u and the number of inner edges of v.
w(v,u)out is the weight of edge (v,u) calculated based on the
number of outer edges of node u and number of outer edges of v.
Finally, we employ PageRank to weighted nodes in the network.

PR(u) = (1 − d) + d ∑v∈B(u) (PR(v) ·W(v, u)in
W(v, u)out ) (2)

Here d is the dampening factor which was used to calcu-
late the probability of edges of each node in the network and
(1 – d) is the page rank distribution from non-directly connected
nodes.

3. Results

Text mining has proven to be a powerful tool in biomedical
research, enabling the discovery of novel biomarkers, uncovering
implicit relationships, and generating informative literature-
derived networks. These approaches often provide fresh insights
into the underlying biological mechanisms of specific diseases
[12, 46–48]. In our earlier work, we applied literature mining
techniques to investigate gene–gene associations in the con-
text of HAD, revealing functional relationships and shedding
light on key genetic interactions involved in hypoxia adaptation
[12]. Building on that foundation, the present study focuses on
extracting biomolecular events related to HAD using advanced
text mining methodologies for the purpose of biomarker dis-
covery. The following results outline the corpus generation
process and the findings from our event extraction and network
analysis.

3.1. High-altitude disease corpus generation

To construct a comprehensive dataset for event extraction,
we performed a targeted keyword search in PubMed up to the
year 2024, using three synonymous terms: High-altitude diseases,
High-altitude sickness, High-altitude illness. The search results
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were downloaded in MEDLINE format as three separate text
files. These files were merged and normalized by removing dupli-
cate records, resulting in a nonredundant dataset. Each entry was
formatted to include the PubMed ID (PMID), title, and abstract,
forming the basis of the HAD corpus. Manual curation was con-
ducted to ensure that all retained articles were directly relevant to
HAD research, encompassing both primary studies and reviews.
The number of articles retrieved for each keyword query is sum-
marized in Table 1, which forms the foundation for all subsequent
biomolecular event extraction and analysis.

Table 1. High-altitude disease dataset downloaded from PubMed
using keyword query

Search strategy Number of records

High-altitude diseases 5422 records

High-altitude sickness 3904 records

High-altitude illness 1023 records

Total 10,349 records

A total of 10,349 unique PubMed records were initially
retrieved using the predefined keyword-based search strategies
(Table 1) after removal of duplicate PubMed IDs. Following this
initial retrieval, inclusion and exclusion criteria were applied to
filter out nonrelevant articles. As a result, 7847 records focusing
on HAD–related content were retained for advanced analysis and
subsequent investigations.

3.2. High-altitude disease event extraction

Studies on HAD data revealed various biological processes
involved with genes and proteins in altitude sickness associated
with most biomedical events such as expression, regulation, pos-
itive, negative regulation, transcription, and binding, etc. The
identified events can be used to automatically construct the
pathway of altitude sickness.

The following examples explained that the HAD corpus has
numerous events, and these events were used to construct the
pathway and identify the drug targets.

Phosphorylation played an important role in supplying oxy-
gen to the whole body. In Example 1, proteins, AMP-activated
protein kinase, A2B adenosine receptor, BPG mutase, and
AMP-activated protein kinase enhanced BPG mutase activa-
tion were the most relevant proteins and highly participated in
the event of phosphorylation. Our ensemble model efficiently
extracts the event phosphorylation and associated proteins to
construct the pathway and identify the drug targets in hypoxia.

In Example 2, the proteins angiotensin II receptor 1 gene
variants and angiotensin II receptor 1 (AGTR1) were incorpo-
rated with the event “binding”, and they played a key role in
developing the altitude illness HAPE.

In Example 3, the proteins endothelial PAS domain protein
1 (EPAS1) and Egl nine homolog 1 (EGLN 1) were broadly
associated with the event binding, and this will help to detect
the pathway of AMS. Our ensemble model effectively identi-
fied the gene expression and proteins from the corpus by the
implementation of MLG and features.
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During the identification of proteins and events associated
with HAD, we observed that a specific subset of proteins con-
sistently appeared as both Theme and Cause across multiple
instances. This dual role suggests that these proteins play a cen-
tral role in the underlying biological pathways and may serve
as potential biomarkers for HAD. Furthermore, we found that
four primary types of events—gene expression, binding, regula-
tion, and localization—frequently co-occur with these proteins.
This recurrence indicates that these associations have been sub-
stantiated across multiple studies, reinforcing their biological
significance.

A comprehensive list of all identified biomolecular events,
along with their corresponding PMIDs and abstracts, is provided
in Supplementary Data 1. The list of identified gene/protein
names along with their associated event theme IDs is avail-
able in Supplementary Data 2, and the catalog of biomolecular
events annotated with Theme and Event IDs is included in
Supplementary Data 3.

3.3. High-altitude disease biomolecular event network

The biomedical event extraction model captures both simple
and complex natural language expressions, enabling a wide range
of downstream text mining applications such as pathway recon-
struction, semantic search, and biomarker discovery [16–28]. In
this study, the extracted biomolecular events served as the foun-
dation for constructing a comprehensive network representing
the molecular landscape of HAD. This biomolecular event net-
work integrates key genes and proteins that frequently participate
in events such as gene expression, regulation, and binding—
highlighting their potential roles as biomarkers or therapeutic
targets.

The network structure emphasizes the functional interplay
between biomolecules and biological processes, with biomolecu-
lar events acting as central hub nodes connected to associated
gene/protein entities. Figure 2 illustrates this network, offering
a systems-level view of the molecular interactions that underpin
the pathophysiology of HAD. The network serves not only as
a visual representation of literature-derived knowledge but also
as a basis for quantitative analysis, including node ranking and
subnetwork identification.

A weighted, heterogeneous biomolecular event network was
constructed using event themes extracted from the curated HAD
literature. In this network, both genes/proteins and biomolecu-
lar events (e.g., gene expression, regulation) were represented as
nodes. An edge was drawn between a gene/protein and an event
node whenever the molecule functioned as a theme within that

event. Each edge was assigned a weight proportional to its fre-
quency of occurrence in the HAD corpus—higher co-occurrence
frequencies resulted in stronger edge weights, reflecting greater bio-
logical relevance. The final network consisted of 97 nodes and 153
edges, capturing a broad spectrum of literature-derived molecular
interactions related to HAD. The network depicted in Figure 2
revealed the major proteins, which are acting in these events as vas-
cular endothelial growth factor (VEGF), hypoxia-inducible factor
1(HIF-1) alpha and beta, erythropoietin(EPO), EPAS1, EGLN1,
angiotensinogen (AGT), angiotensin-converting enzyme (ACE),
endothelin 1 (ET-1), and70-kilodaltonheat shockprotein (HSP70).
We strongly believe that these proteins play a significant role in
HAD and can act as potential biomarkers.

The most frequently occurring event types—gene expres-
sion, regulation, binding, and protein catabolism—were further
analyzed for their roles in HAD-related pathways and biomarker
discovery. Notably, gene expression was linked to conditions
such as chronic mountain sickness (CMS) and high-altitude pul-
monary hypertension (HAPH). Genes such as HIF, ROS-AMP,
and ROE were heavily involved in these events and are known
to regulate energy metabolism, catecholamine production, iron
homeostasis, vasomotor control, and angiogenesis—key pro-
cesses in cellular oxygen adaptation. HIF genes, in particular,
function as transcriptional regulators and were originally iden-
tified in hepatoma cells as inducers of EPO, which plays a
protective role against ischemia in CMS.

In binding events, proteins such as EPAS1, EGLN1,
and HSP70 were actively involved, revealing their functional
roles in the molecular pathways associated with AMS. Mean-
while, regulatory events involving HIF-1𝛼, KOF-2, HSP90,
and IL-8 highlighted their significance in controlling hypoxia-
related gene activity. Lastly, protein catabolism events featured
genes such as HIF, HIF-1𝛼, and EPO, which are potentially
implicated in the gastrointestinal complications observed in
altitude-related illnesses. The overall distribution and frequency
of these biomolecular events across HAD literature are illus-
trated in Figure 3, offering insight into their potential as drug
targets or diagnostic biomarkers.

As shown in Figure 3, gene expression, binding, and positive
regulation are the most frequently occurring biomolecular events
associated with HAD. To prioritize key molecular players within
this event-driven network, we applied the PageRank algorithm,
a widely adopted method in network analysis. PageRank assigns
a numerical weight to each node—such as a gene or protein—
based on its connectivity and influence within the network. This
measure reflects not only the number of connections a node has
but also the significance of the nodes it is connected to.
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Figure 2. Biomolecular event network for high-altitude disease illustrating key molecular entities and biological processes involved in
the response to hypoxic conditions

Figure 3. Distribution of biomolecular events in high-altitude diseases

The PageRank analysis revealed several high-impact genes,
including EPO (0.0163), VEGF (0.0148), HIF-1 (0.0136), EPAS1
and ACE (0.0119), and EGLN1, HSP70, and ET-1 (0.0118).
These proteins emerged as central entities within the network
due to their frequent and diverse involvement in key events.

Their prominent ranks underscore their functional relevance in
hypoxia adaptation, vascular regulation, and erythropoiesis—
critical biological responses in HAD. The full results of the
PageRank analysis, including numerical rankings and connectiv-
ity scores, are provided in Supplementary Data 4, and the full
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biomolecular event network file is available as Supplementary
Data 5.

By leveraging the PageRank algorithm, we identified gene
expression, regulation, binding, and protein catabolism as event
hubs that orchestrate the molecular pathways involved in HAD.
The corresponding high-ranking proteins—EPO, VEGF, HIF-1,
HSP70, ACE, EGLN1, and ET-1—can be considered poten-
tial biomarkers or therapeutic targets. Their network attributes,
such as degree, proximity, and normalized min–max rank, are
summarized in Figure 4, while Figure 5 presents the distribution
of key network metrics, further validating their central roles in
the HAD biomolecular landscape.

Figure 6 shows the subnetwork of complex molecular inter-
actions underlying HAD, emphasizing hypoxia-driven regulatory
pathways. The network is organized into three major clusters:
Cluster 1 encompasses inflammatory cytokines such as IL-6
and IL-8, which modulate immune and localization responses;
Cluster 2 centers on hypoxia-inducible genes such as HIF1𝛼,
ET-1, and endothelin-1, which contribute to vascular adapta-
tion through negative gene regulation; and Cluster 3 involves
stress-related and iron-regulating factors such as ACTH, TNF,
and the transferrin receptor. Key processes such as positive
regulation and gene expression serve as central hubs linking
hypoxia signaling (e.g., HIF1A-ARNT complex) to downstream
effectors such as EPO and VEGF, highlighting their role in
erythropoiesis and vascular remodeling. This systems-level rep-
resentation underscores the interplay of immune, endocrine,
and transcriptional responses critical to physiological adapta-
tion and pathology at high altitude. We searched for biological

databases for the major genes/proteins and the connected
biological pathways, and provided substantial evidence in
Table 2.

Table 2 summarizes the major genes and proteins identified
through biomolecular event extraction and network analy-
sis, along with their associated biological pathways relevant
to HAD. Key pathways include the HIF-1 signaling path-
way, which features central hypoxia-responsive genes such as
EPO, VEGFA, HIF1A, EPAS1, and EGLN1, all of which are
critical for oxygen sensing, erythropoiesis, and vascular remod-
eling under hypoxic conditions. The renin-angiotensin system
(RAS) pathway includes AGT, ACE, and AGTR1, implicat-
ing blood pressure regulation in HAD pathophysiology. The
vascular smooth muscle contraction pathway involves genes
such as MAPK1 and EDNRA, indicating roles in vasocon-
striction and vascular tone. Additionally, genes such as IL6,
IL8, and TNF are involved in inflammatory and immune
responses, while HSP70 and HSP90 represent key stress-related
proteins contributing to cellular protection mechanisms. This
comprehensive mapping of genes to pathways highlights the
multifactorial nature of HAD and underscores the potential of
these biomolecules as diagnostic or therapeutic targets.

Finally, we investigated the functional roles of some of these
genes and identified that EGLN1 is an oxygen sensor catalyzer,
EPAS1 plays a role in the rise to the blood-brain barrier, VEGFA
induces the blood vessels permeabilization, and AGT is a potent
blood pressure regulator [49–51]. Since HAD has been related
to a lack of oxygen and hypertension, the roles of these genes
are vital in the exploration of future studies.

Figure 4. Top genes/proteins in biomolecular events of high-altitude diseases based on the degree and PageRank within the network

Figure 5. Distribution of the various network statistical measures applied to the biomolecular event network of high-altitude diseases
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Figure 6. Biomolecular event subnetwork for high-altitude disease illustrating key molecular entities and biological processes involved
in the response to hypoxic conditions

Table 2. Major genes/proteins and the connected biological pathways in high-altitude diseases

Pathway Genes/proteins Biological database

HIF-1 signaling
pathway (hsa04066)

EPO (erythropoietin), VEGFA (vas-
cular endothelial growth factor A),
HIF1A (hypoxia-inducible factor
1 alpha), EPAS1, LDHA, NOS3,
PHD1, EDN1, AKT3, ANGPT1

KEGG Pathway
Reactome (e.g., “Signaling by HIF”)
WikiPathways (e.g., WP1249 “HIF-1 signaling”)
PANTHER Pathways

Renin-angiotensin
system (RAS)
(hsa04614)

AGT (angiotensinogen), AGTR1,
AGTR2, ACE (angiotensin-converting
enzyme), REN

KEGG Pathway
Reactome (e.g., “Renin-angiotensin system”)
WikiPathways (e.g., WP1801 “Renin-Angiotensin System”)
PANTHER Pathways

Vascular smooth mus-
cle contraction
(hsa04270)

AGTR1, EDNRA (endothelin receptor
type A), MAPK1

KEGG Pathway
Reactome (e.g., portions under “Smooth muscle contraction”)
WikiPathways (e.g., WP1384 “Vascular smooth muscle
contraction”)

PANTHER Pathways

Hypoxia response and
iron regulation

EGLN1, HIF1A, EPAS1, TFRC
(transferrin receptor), LDHA

Reactome “Cellular response to hypoxia” “Iron uptake and
transport”

WikiPathways (e.g., WP1445 “Hypoxia response”; WP133 “Iron
metabolism”)

Pathway Commons
PANTHER (under “Hypoxia response” and “Iron
homeostasis”)

Inflammatory
signaling and
localization

IL6, IL8, TNF, ACTH Reactome (e.g., “Cytokine signaling in immune system”)
KEGG Pathway (e.g., “Cytokine–cytokine receptor interaction”
hsa04060)

WikiPathways (e.g., WP492 “Cytokine signaling in immune
response”)

PANTHER Pathways (“Inflammation mediated by chemokine
and cytokine signaling pathway”)

(Continued)
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Table 2. (Continued)

Pathway Genes/proteins Biological database

Protein folding and
stress response

HSP70, HSP90 Reactome (e.g., “Chaperonin-mediated protein folding”; “HSF1
activation”)

WikiPathways (e.g., WP2806 “Heat shock response”)
PANTHER Pathways (“Heat shock response”)
KEGG Pathway (“Protein processing in endoplasmic reticulum”
hsa04141 includes chaperones)

4. Discussion

HAD, including AMS, HACE, and HAPE, represent a
multifactorial physiological challenge involving oxygen depriva-
tion, vascular dysregulation, inflammation, and stress response.
Despite the growing number of clinical and molecular stud-
ies, there remains a critical gap in systematically identifying
key biomolecules and pathways associated with HAD. In this
study, we demonstrated the value of biomedical text mining as
a scalable strategy to extract biomolecular events from litera-
ture, enabling a data-driven approach to biomarker discovery.
By integrating NER, syntactic parsing, and a hybrid ensem-
ble classification model, we identified high-confidence biological
events such as gene expression, regulation, binding, and localiza-
tion from over 7800 PubMed abstracts related to HAD. These
events offer a granular representation of how genes and pro-
teins interact during hypoxic stress, and when organized into
a network structure, they offer deeper insight into mechanis-
tic relationships. PageRank-based analysis added an interpretive
layer, ranking biomolecules by their connectivity and influence
within the event network, thus aiding in prioritizing biomarker
candidates for further investigation.

The biomolecular event network (Figure 2) constructed
from the extracted events consisted of 97 nodes and 153 edges,
where nodes represent either biomolecular entities or events
and edges capture co-occurrence relationships derived from the
literature. Events such as gene expression, binding, positive/neg-
ative regulation, and protein catabolism emerged as central
hubs, reflecting their frequent and functionally diverse involve-
ment in HAD. Proteins with the highest PageRank scores—such
as EPO, VEGF, HIF-1𝛼, EPAS1, EGLN1, ACE, ET-1, and
HSP70—demonstrated widespread connectivity across multiple
event types. This suggests their systemic involvement in physiologi-
cal adaptations to hypoxia, including erythropoiesis, angiogenesis,
and cellular stress response. Notably, the repeated association
of these proteins with multiple event types (as both Theme
and Cause) strengthens their biological relevance and implies
their potential utility as biomarkers or therapeutic targets. For
instance, the prominent role of HIF-1 [52–54] and its down-
stream targets such as EPO [55] and VEGF [56] aligns well
with established knowledge on hypoxia signaling and high-altitude
adaptation, thereby validating the model’s ability to recover biolog-
ically significant relationships from unstructured text. To further
refine our understanding, we performed a subnetwork analysis
(Figure 6) that illuminated clustered patterns of molecular inter-
action within the main network. This analysis revealed three
functional clusters: the first featured inflammatory mediators such
as IL-6 [57] and IL-8 [58, 59], which are known to modulate
immune activation and vascular permeability in high-altitude expo-
sure; the second was centered on hypoxia-inducible regulators such
as HIF1𝛼 [52–54], EGLN1 [60–62], and EPAS1 [60–62], reflecting
their established role in vascular homeostasis and oxygen sensing;

and the third included stress-related and metabolic regulators such
as ACTH [63–64], TNF [63–64], and transferrin receptor, high-
lighting links to neuroendocrine signaling and iron metabolism.
Central hubs in the subnetwork—positive regulation, binding, and
gene expression—linked these clusters, showing how a relatively
small set of recurring event types mediate diverse physiological
processes in HAD. The subnetwork layout also highlighted the
bidirectional and multi-event participation of top-ranked genes,
underscoring their integrative role across pathways. These findings
reinforce the utility of subnetwork analysis in dissecting complex
molecular relationships and offer a focused map of high-value
biomarker targets for future experimental validation.

This study demonstrates the effectiveness of combining
biomedical text mining with network-based analysis to uncover
key biomolecular players and regulatory mechanisms in HAD.
By systematically extracting and analyzing biomolecular events
from literature, we constructed a comprehensive event network
and identified central hub proteins using the PageRank algo-
rithm. These high-confidence proteins—such as EPO, VEGF,
HIF-1𝛼, EPAS1, EGLN1, ACE, ACTH, TNF, ET-1, IL-6, IL-
8, and HSP70—are strongly implicated in hypoxia adaptation
and offer promising leads for further investigation as biomark-
ers or therapeutic targets. Moving forward, the integration of
additional data sources such as gene expression profiles from
high-altitude exposed populations, proteomics, or metabolomics
datasets could significantly enhance the network’s biological
richness and predictive power. Incorporating such multi-omics
evidence into the existing literature-derived network will enable
more precise identification of disease modules, dynamic signaling
cascades, and context-specific biomarkers, ultimately facilitating
translational research and personalized intervention strategies in
altitude-related pathophysiology.

5. Conclusion

Text mining offers powerful means to uncover hidden asso-
ciations and novel patterns within the biomedical literature.
In this study, we built a specialized corpus of 7847 PubMed
records to identify key genes and proteins involved in HAD.
By applying the BCC-NER tool for gene/protein recognition
and a hybrid machine learning classifier (combining feature-
based and MLG kernels) for event extraction, we assembled a
biomolecular interaction network and used PageRank to high-
light the most influential nodes. Our analysis revealed that
hypoxia-related events—particularly gene expression, binding,
regulation, and localization—occur repeatedly in the context of
HAD. Central genes such as VEGFA, HIF1A, EPO, EPAS1,
and EGLN1 emerged as critical hubs in hypoxia signaling,
while AGT, ACE, and ET-1 connected hypoxic responses to
blood pressure regulation. HSP70 also featured prominently,
reflecting its role in stress adaptation under low-oxygen condi-
tions. Together, these biomolecular events and their associated
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genes underscore the intricate cross-talk between oxygen sensing,
vascular homeostasis, and stress response pathways in HAD.
Further investigation of these hypoxia-driven events is likely to
yield valuable biomarkers and therapeutic targets for mitigating
the physiological challenges of high-altitude exposure.
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