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Abstract

Dengue virus infection is a major global health problem that can cause a wide range of clinical
outcomes, from mild febrile illness to severe dengue associated with plasma leakage,
haemorrhage, and organ dysfunction. The mechanisms underlying disease severity are not fully
understood, particularly regarding immune and metabolic responses in different immune cell
populations. Therefore, the aim of this study was to investigate transcriptional and metabolic
alterations in monocytes and NK cells during dengue infection using a systems biology approach.
Publicly available single-cell type RNA sequencing data from dengue patients were analyzed. A
total of 2449 monocytes and 802 NK cells were included in the study. Differential gene expression
analysis, pathway enrichment analysis, genome-scale metabolic modelling and flux balance
analysis were performed to compare control, mild, and severe dengue conditions. Context-specific
metabolic models were generated using transcriptomic profiles of the cells and analyzed using
flux balance analysis. The results showed substantial transcriptional and metabolic alterations
associated with dengue infection, particularly in monocytes. Severe dengue conditions showed a
higher number of differentially expressed genes and stronger pathway dysregulation compared
with mild infection. Several immune-related and metabolic pathways, including oxidative
phosphorylation, cytokine signalling, NOD-like receptor signalling, and lipid metabolism, were
significantly altered. Metabolic modelling further revealed major changes in transport reactions
and lipid metabolic pathways, especially in severe monocytes. Compared with monocytes, NK
cells showed more moderate transcriptional and metabolic alterations. In conclusion, this study
demonstrates that dengue infection induces significant immunometabolic changes in immune
cells, with monocytes showing stronger metabolic reprogramming during severe disease. The
integration of transcriptomics with genome-scale metabolic modelling provided systems-level
insight into host-virus interactions and highlighted potential metabolic pathways associated with
dengue severity. These findings contribute to the understanding of dengue pathogenesis and may
support future research into therapeutic strategies targeting host metabolism.



Popular scientific summary

Dengue is a mosquito-borne viral disease that affects millions of people worldwide every year,
especially in tropical and subtropical countries. While many people experience only mild flu-like
symptoms, others develop severe dengue, which can lead to serious complications such as
bleeding, organ failure, and even death. Despite the growing number of dengue cases globally,
there is still no specific antiviral treatment available. Therefore, understanding how the human
body responds to dengue infection is important for improving future diagnosis, treatment, and
disease management.

The human immune system plays a major role in fighting dengue virus infection. Different
immune cells work together to detect and remove the virus from the body. However, in some
cases, the immune response becomes overly activated, which may contribute to severe disease. In
this study, two important immune cell types, called monocytes and NK cells, were investigated.
Monocytes are cells that help recognize infections and activate immune responses, while NK cells
help destroy virus-infected cells.

Instead of performing laboratory experiments, this project used publicly available biological data
from dengue patients. Modern technologies such as RNA sequencing allow researchers to
measure the activity of thousands of genes at the same time. By analysing this data using
bioinformatics and computational methods, it is possible to study how cells behave during
infection. In this study, transcriptomic data from monocytes and NK cells were analyzed to
identify changes in gene activity during mild and severe dengue infection.

The results showed that dengue infection causes major changes in both immune function and
cellular metabolism. Metabolism refers to the chemical processes that cells use to produce energy
and maintain normal cellular functions. Viruses depend on host cells for energy and nutrients, and
therefore they can alter cellular metabolism to support their own replication. The study found
that monocytes showed particularly strong metabolic changes during severe dengue infection,
especially in pathways related to energy production and lipid metabolism. NK cells also showed
changes, although these were less extensive compared with monocytes.

To better understand these metabolic alterations, genome-scale metabolic models were used.
These are computer-based models that simulate how metabolism works inside cells. By
combining gene expression data with metabolic models, it is possible to identify pathways that
may play an important role during dengue infection. This systems biology approach provided a
broader understanding of how immune responses and metabolism are connected during disease
progression.

This research contributes to society by improving scientific understanding of dengue
pathogenesis. Better knowledge of how immune cells and metabolic pathways respond during
infection may help researchers identify new biomarkers for disease severity and develop future
treatment strategies. In the long term, studies like this may contribute to the development of
therapies that target host metabolism to reduce severe dengue complications. In addition, this
project highlights how computational biology and publicly available datasets can be used to study
diseases in an efficient and ethically responsible way without the need for additional animal or
human experiments.
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Introduction

Dengue Virus

Dengue Virus (DENV) remains a major global health threat, causing nearly 400 million infections
annually across more than one hundred countries (Bhatt et al., 2013). Despite its global burden,
no antiviral treatment exists, and prevention relies primarily on vector control and supportive
clinical care (Kala, 2023). A deeper understanding of dengue pathogenesis is therefore critical for
identifying early markers of severe disease and guiding therapeutic development (Zanini,
Robinson, et al.,, 2018). Evidence indicates that severe dengue is driven largely by dysregulated
host immune responses rather than direct viral cytopathology (Martina et al., 2009). In recent
years, the number of dengue cases has increased significantly due to factors such as rapid
urbanization, climate change, and increased global travel, which create favourable conditions for
mosquito breeding and virus transmission (Messina et al., 2020). Despite this increasing burden,
there is still no widely effective antiviral treatment available, and clinical management mainly
depends on supportive care (Wilder-smith et al., 2019). Therefore, understanding the biological
mechanisms of dengue infection is essential for improving prevention and treatment strategies.
Dengue infection shows a wide range of clinical outcomes. Many infections are mild or even
asymptomatic, while others can develop into severe conditions such as dengue haemorrhagic
fever and dengue shock syndrome. These severe forms are associated with complications such as
plasma leakage, bleeding, and organ failure (Sinha et al., 2024). Recent studies have confirmed
that disease severity is not mainly caused by direct viral damage, but rather by dysregulated host
immune responses (Rothman, 2011). In severe cases, excessive immune activation leads to high
levels of cytokine production, which can result in inflammation and tissue damage (Malavige et
al,, 2020). This suggests that understanding host responses is critical for explaining why some
patients develop severe disease while others do not.

Role of Monocytes and NK Cells

The immune system plays an important role in controlling dengue infection, but it can also
contribute to disease severity. Among different immune cells, monocytes and Natural Killer (NK)
cells are particularly important because of their involvement in early antiviral responses
(Rothman, 2011; Sinha et al., 2024). Monocytes are one of the main target cells for dengue virus
infection. They support viral replication and play a key role in immune activation by producing
cytokines and chemokines (Clyde et al., 2006; Schmid & Harris, 2014; Sinha et al.,, 2024). These
cytokines help recruit other immune cells to the site of infection and amplify the immune
response. Monocytes are also involved in antigen presentation, which helps activate adaptive
immune responses. However, excessive activation of monocytes can lead to uncontrolled
inflammation and contribute to disease severity. NK cells are another important component of the
innate immune system. They are responsible for detecting and killing infected cells without prior
sensitization and play a key role in early antiviral defense (Vivier & Ugolini, 2011). NK cells also
produce cytokines such as interferon-gamma, which help control viral replication. During dengue
infection, NK cells become activated and contribute to antiviral responses. However, dysregulated
NK cell activity has been associated with immune imbalance and severe disease (Sinha et al,
2024).

The interaction between monocytes and NK cells is also important. Signals produced by
monocytes can activate NK cells, while NK cells can regulate monocyte activity through cytokine
signalling (Rothman, 2011; Vivier & Ugolini, 2011). This interaction helps coordinate the immune

2



response during infection. Therefore, studying these two cell types together provides a better
understanding of immune mechanisms involved in dengue pathogenesis.

Metabolic Reprogramming in Dengue Infection

In addition to immune responses, viral infections can significantly affect host cell metabolism.
Viruses depend on host cells for energy and molecular building blocks required for replication,
and therefore they actively modify host metabolic pathways to support their life cycle (Thaker et
al, 2019). This process is known as metabolic reprogramming and is now considered an
important feature of host-virus interactions. During viral infection, several key metabolic
pathways are altered, including glycolysis, the pentose phosphate pathway, lipid metabolism, and
amino acid metabolism. An overview of the major metabolic pathways involved in dengue virus-
induced metabolic reprogramming is shown in Figure 1. Glycolysis is often upregulated to provide
rapid ATP production and metabolic intermediates needed for biosynthesis. The pentose
phosphate pathway plays a role in generating nucleotides and NADPH, which are essential for
viral genome replication and maintaining redox balance. In addition, amino acid metabolism
supports protein synthesis and energy production, while lipid metabolism is important for
membrane formation and viral assembly (Munger et al., 2008; Thaker et al., 2019). In dengue
infection, increased glycolysis has been widely reported and is thought to support viral replication
by providing energy and biosynthetic intermediates (Fontaine et al., 2015). Experimental studies
have shown that inhibition of glycolysis can reduce viral replication, highlighting the importance
of this pathway in dengue infection (Fontaine et al.,, 2015). More recent studies suggest that
metabolic responses can vary depending on the cell type and stage of infection, indicating that
metabolic reprogramming is dynamic and context dependent (Chumchanchira et al., 2024).
Metabolic changes are also closely linked to immune cell function. This interaction is studied in
the field of immunometabolism, which focuses on how metabolic pathways regulate immune
responses (Ganesh & Mohanram, 2022b; Neill et al., 2016). For example, activated immune cells
such as monocytes often shift toward glycolysis to support rapid energy demands and cytokine
production. Similarly, metabolic pathways influence NK cell activation, cytotoxicity, and cytokine
secretion (Neill et al.,, 2016). In the context of dengue infection, metabolic reprogramming may
influence how monocytes and NK cells respond to infection. Changes in glycolysis and other
metabolic pathways can affect cytokine production, immune signalling, and antiviral activity. This
suggests that metabolism is not only important for viral replication but also plays a key role in
regulating immune responses. Therefore, studying metabolic changes together with immune cell
function provides a more comprehensive understanding of dengue pathogenesis.
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Figure 1. Major metabolic pathways altered during dengue virus infection. Adapted from Chermahini et al.
(2025)

Systems Biology and the Importance of Data Integration

Traditional biological approaches often focus on individual genes or pathways, but this may not
fully explain complex biological systems. Systems biology provides a more comprehensive
approach by studying interactions between different components of the system and how they
function together (Bordbar et al.,, 2014; Kitano, 2002). This approach is particularly useful in
studying infectious diseases such as dengue, where multiple pathways, cell types, and regulatory
mechanisms are involved (Bordbar et al, 2014). High-throughput technologies such as RNA
sequencing have generated large amounts of biological data. Single-cell RNA sequencing allows
analysis of gene expression at the level of individual cells, which helps identify differences
between cell populations such as monocytes and NK cells (Lahnemann et al., 2020; Zanini, Pu, et
al,, 2018). This method is especially useful for studying cellular heterogeneity during infection.
However, gene expression data alone cannot fully explain how these molecular changes affect
cellular functions such as metabolism. This highlights the importance of data integration in
systems biology. Data integration involves combining different types of biological data, such as
transcriptomics, proteomics, and metabolomics, to obtain a more complete understanding of
cellular processes (Hasin et al., 2017; Joyce & Palsson, 2006). By integrating transcriptomic data
with computational models, it is possible to link gene expression changes to functional outcomes,
including metabolic activity. This approach has been widely used to study complex diseases and
host-virus interactions (Bordbar et al., 2014; Zhang et al., 2021). In recent years, integrative
approaches combining single-cell data with computational modeling have become increasingly
important. These approaches allow researchers to study biological systems at multiple levels and
provide insights that cannot be obtained from individual datasets alone (Argelaguet et al., 2021).
In the context of viral infections, data integration helps identify key pathways involved in immune
responses and metabolic regulation. In this study, transcriptomic data from monocytes and NK
cells are integrated with human generic genome-scale metabolic models to study metabolic
changes during dengue infection. This integration allows a systems-level understanding of how
immune cells respond to infection and how metabolic pathways are altered. By combining gene
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expression data with metabolic modeling, it is possible to identify key metabolic processes
associated with disease severity and immune function.

Genome-scale metabolic models

Genome-scale metabolic models (GEMs) are mathematical models that simulate the metabolic
processes of a cell, tissue, or organism. They represent metabolism as a network of biochemical
reactions that connect genes, proteins, and metabolites, allowing researchers to study cellular
metabolism at a systems level (Bordbar et al, 2014). Since metabolism involves many
interconnected pathways, it is difficult to study using traditional approaches that focus on
individual components. GEMs provide a structured framework that supports the integration of
different types of omics data, such as transcriptomics, proteomics, and metabolomics, enabling a
more comprehensive understanding of metabolic processes (Joyce & Palsson, 2006). This is
particularly useful in disease research, where metabolic changes are closely linked to disease
development and progression.

In the context of viral infections, metabolism plays a critical role because viruses rely entirely on
the host cell for energy and molecular building blocks required for replication. To support their
life cycle, viruses can reprogram host metabolic pathways, including glycolysis, amino acid
metabolism, and energy production (Mayer et al, 2019). These changes can also influence
immune cell function and contribute to disease severity. This interaction between metabolism and
the immune system is known as immunometabolism, which has become an important area of
research in understanding host-virus interactions (Ganesh & Mohanram, 2022b; Neill et al,
2016). Therefore, studying metabolism at a systems level is essential for identifying how viral
infections affect cellular functions and for discovering potential therapeutic targets.

Over the years, several GEMs have been developed, including the Recon and Human Metabolic
Reaction (HMR) models (Duarte et al, 2007; Mardinoglu et al, 2014). These models have
contributed significantly to the understanding of human metabolism and have been widely used
in systems biology and disease-related studies. The Recon models were later expanded and
further refined through community-driven reconstruction efforts to improve metabolic coverage
and annotation (Thiele et al, 2013). However, because these models were developed
independently by different research groups, differences existed in their structure, naming
conventions, metabolite annotations, and reaction content. This lack of standardization made
comparisons between studies more difficult and limited the broader usability of the models
(Robinson et al., 2020). To overcome these limitations, a unified and highly curated model known
as Human1 was developed by integrating and refining information from previous GEMs into a
single standardized framework (Robinson et al., 2020). Human1 provides a more comprehensive
and consistent representation of human metabolism, with improved annotation of genes,
proteins, metabolites, and metabolic reactions. During model reconstruction, duplicate and
inconsistent reactions were removed, and reactions were curated to ensure proper mass and
charge balance, thereby improving model quality and predictive accuracy. In addition, Human1
was developed as an open-source and continuously updated resource, allowing ongoing
improvements and contributions from the scientific community. An overview of the Human1
generation and curation process is shown in Figure 2.
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Figure 2. Overview of Human1 generation and curation. Adapted from Robinson JL et al. An atlas of human
metabolism. Science Signaling. 2020;13(624). Reprinted with permission from AAAS.

Therefore, these generic models can be refined into context-specific metabolic models that
represent particular cell types or biological conditions. This process, known as model
contextualization, involves integrating omics data such as gene expression to identify which
reactions are active under specific conditions (Becker & Palsson, 2008; Machado & Herrga, 2014).
Methods such as Integrative Network Inference for Tissues (INIT) and its improved version Fast
task-driven Integrative Network Inference for Tissues (ftINIT) are commonly used for this
purpose (Gustafsson & Anton, 2023). By selecting only relevant reactions, context-specific models
provide a more accurate representation of the metabolic state of the system being studied. These
models are particularly useful for understanding condition-specific metabolic changes, including
those associated with diseases or infections (Bordbar et al., 2014).

Once context-specific models are constructed, they can be analyzed using constraint-based
approaches such as flux balance analysis (FBA). FBA is a mathematical method that predicts the
flow of metabolites through a metabolic network by applying stoichiometric constraints and
assuming steady-state conditions (Orth et al.,, 2010). It allows estimation of metabolic fluxes,
identification of key pathways, and prediction of how cells respond to different conditions such as
infection or stress. In addition, FBA can be used to identify essential reactions or genes that are
critical for cellular function, making it a valuable tool for studying disease mechanisms and
identifying potential drug targets. Furthermore, combining GEMs with multi-omics data and
network-based approaches has proven to be highly effective in understanding complex diseases,
as it allows identification of system-level metabolic changes and key regulatory pathways
involved in disease progression (Ambikan et al., 2022).

Aim
The aim of this study was to identify candidate metabolic processes and reactions associated with

viral survival and immune response modulation in human monocytes and NK cells during dengue
virus infection. The main scientific question was how metabolic pathways are reprogrammed in



these immune cells under infected and uninfected conditions, and how these changes are related
to immune responses and disease mechanisms.

To address this question, a systems biology approach was used by integrating single-cell
transcriptomic data into genome-scale metabolic models. This allows the construction of context-
specific metabolic models that represent the metabolic state of monocytes and NK cells under
different conditions. These models were then be analyzed using FBA to predict metabolic flux
changes and identify pathways that are altered during infection.

In addition, gene and reaction-level analyses were performed to identify candidate metabolic
reactions and pathways that may support viral replication or influence immune cell function. This
integrative computational approach enables the study of metabolism at a systems level and
provides a more comprehensive understanding compared to studying individual genes or
pathways alone.

This study is important because it improves understanding of how metabolism and immune
responses are connected during dengue infection. Identifying candidate metabolic processes may
help reveal potential targets for future therapeutic strategies and contribute to a better
understanding of disease progression.

Materials and Methods

Dataset and Cohort Description

The study cohort consisted of healthy controls together with mild and severe dengue patient
samples obtained from the publicly available Single-cell RNA sequencing (scRNA-seq) dataset
GSE116672. The cohort was stratified into three groups based on disease status, including healthy
controls [n = 4], mild dengue patients [n = 2], and severe dengue patients [n = 4]. The healthy
control group included 2 males and 2 females, with most participants classified as adults while
one sample was obtained from a child participant. Both the mild dengue and severe dengue groups
consisted entirely of female adult participants. Clinical metadata including age, sex, and disease
severity were obtained from the dataset annotations and incorporated into downstream analyses
to reduce potential confounding effects. After quality-control filtering and cell-type annotation,
immune-cell populations including monocytes and NK cells were extracted for further analyses. A
total of 2,449 monocytes and 802 NK cells were selected for downstream transcriptomic and
metabolic analyses because of their important roles in antiviral immune responses during dengue
infection.

RNA Sequencing Data Processing and Quality Control

Raw sequencing data were processed using the Nextflow-based nf-core/rnaseq v3.3 pipeline (P.
A. Ewels et al,, 2020), executed on the Bianca high-performance computing cluster at UPPMAX,
Sweden. Quality assessment of sequencing reads was performed using FastQC version 0.11.9
(Andrews, 2010). Adapter sequences and low-quality reads were removed using Trim Galore
version 0.6.1. MultiQC version 1.14 (P. Ewels et al., 2016) was used to summarize quality-control
reports generated during preprocessing. High-quality reads were aligned to both the Genome
Reference Consortium Human Build 38 (GRCh38) and the DENV reference genome using STAR
aligner version 2.7.3a (Dobin et al., 2013). Transcript quantification was subsequently performed
to generate normalized gene expression matrices for downstream analyses. Transcript
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quantification was subsequently performed using Salmon version 1.10.1 (Patro et al., 2017). Gene
expression matrices were generated following normalization and variance stabilizing
transformation using DESeq2 version 1.42.0 (Love et al., 2014). All downstream analyses were
performed using R software version 4.5.0 (R Core Team, 2025). Single-cell transcriptomic
analyses were carried out using the Seurat package version 5.0. (Hao et al., 2021; Stuart et al,,
2019)

Dimensionality Reduction and Clustering Analysis

Dimensionality reduction and clustering analyses were performed to explore transcriptional
heterogeneity and identify patterns of variation among healthy controls, mild dengue patients,
and severe dengue patients. Principal Component Analysis (PCA) was first conducted using the
prcomp function from the R stats package to identify the major sources of variation within the
dataset and reduce data dimensionality (Hotelling, 1927; Pearson, 1901). PCA transforms high-
dimensional gene expression data into a smaller number of principal components that capture the
largest proportion of variance. The optimal number of principal components was determined
through scree plot inspection and identification of the elbow (knee) point, and the first 20
principal components were retained for downstream analyses. To further visualize similarities
and differences among samples in a low-dimensional space, t-distributed Stochastic Neighbor
Embedding (t-SNE) was performed using the Rtsne package in R with a perplexity value of 30
(Maaten & Hinton, 2008). The selected principal components were used as input for t-SNE to
reduce noise and improve clustering performance. t-SNE projects high-dimensional
transcriptomic data into a two-dimensional representation while preserving local relationships
between samples, enabling visualization of potential disease-associated clustering patterns.
Clustering analyses were performed separately for monocytes and NK cells to evaluate differences
in transcriptional profiles among healthy controls, mild dengue, and severe dengue conditions. All
analyses were conducted using R version 4.5.0 (R Core Team, 2025).

Differential Gene Expression Analysis

Differential gene expression analysis was performed separately for monocytes and NK cells to
identify genes significantly altered between control, mild dengue, and severe dengue conditions.
Comparisons included mild versus control, severe versus control, and severe versus mild
conditions. Statistical analyses were adjusted for age and sex to reduce potential confounding
effects. Differential expression analysis was conducted using Seurat-based workflows and DESeq2
(Butler et al., 2018; Love et al,, 2014).

Genes with adjusted p-values (Padj) < 0.05 and absolute log2 fold change (|LFC|) > 2 were
considered significantly differentially expressed. Multiple-testing correction was performed using
the Benjamini-Hochberg false discovery rate method.

Pathway Enrichment Analysis

Pathway enrichment analysis was conducted using significantly differentially expressed genes to
identify biological pathways associated with dengue infection and disease severity. Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis was performed using
the clusterProfiler package version 4.10. (Yu et al., 2012). Significantly enriched pathways were
identified using an adjusted p-value threshold 0.05. P Pathways associated with immune
responses, cytokine signaling, oxidative phosphorylation, antigen presentation, NOD-like
receptor signaling, and lipid metabolism were further investigated in monocytes and NK



cellsathways associated with immune responses, cytokine signaling, oxidative phosphorylation,
antigen presentation, NOD-like receptor signaling, and lipid metabolism were further investigated
in monocytes and NK cells.

Genome-Scale Metabolic Modelling

Genome-scale metabolic modelling (GEM) was performed to investigate metabolic alterations
associated with dengue infection. GEM is a systems biology approach that enables the
investigation of metabolic reactions and pathway activities under different biological conditions.
The Human1 genome-scale metabolic model version 1.14.0 was used as the reference human
metabolic network (Robinson et al., 2020). Human1 was developed by integrating and refining
previous Recon and HMR models into a unified and standardized framework (Ambikan et al,,
2022; Duarte et al,, 2007; Thiele et al., 2013). Transcriptomic expression profiles obtained from
monocytes and NK cells were mapped to the corresponding genes in the Human1 model. Gene
expression information was linked to metabolic reactions through the gene-protein-reaction
(GPR) associations defined in Humanl. These expression data were then used to generate
condition-specific metabolic models representing healthy controls, mild dengue, and severe
dengue conditions. Context-specific metabolic models were reconstructed using the ftINIT
algorithm based on transcriptomic expression profiles(Agren et al., 2012). The algorithm retained
reactions supported by transcriptomic evidence while ensuring that essential metabolic functions
remained active, thereby generating biologically feasible metabolic networks for each condition.
Metabolic reconstruction and downstream analyses were performed using the Reconstruction,
Analysis and Visualization of Metabolic Networks (RAVEN) Toolbox version 2.8 (Wang et al,,
2018) implemented in MATLAB R2023a.

Flux Balance Analysis

FBA were performed to estimate metabolic flux distributions within the reconstructed metabolic
models. FBA is a constraint-based mathematical approach used to predict metabolite flow through
metabolic networks under steady-state conditions using stoichiometric constraints (Orth et al,,
2010).

Flux distributions were compared between healthy controls, mild dengue, and severe dengue
conditions in both monocytes and NK cells to identify altered metabolic reactions and pathways
associated with dengue severity. Heatmaps and pathway distribution analyses were generated to
visualize metabolic alterations and significantly affected metabolic super-categories.

Statistical Analysis and Data Visualization

All statistical analyses were performed using R version 4.5.0 (R Core Team, 2025). Statistical
significance throughout the study was defined as p < 0.05 unless otherwise stated. Adjusted p-
values were used for multiple-testing correction.

Data visualization, including PCA plots, t-SNE plots, volcano plots, pathway enrichment plots, bar
plots, and metabolic heatmaps, was generated using ggplot2 version 3.4.4 (Wickham, 2016) and
associated R packages.



Results
Clustering and Distribution of Monocyte Samples

Principal Component Analysis (PCA) was performed to identify the major sources of variation
within the monocyte dataset (Hotelling, 1927; Pearson, 1901). Examination of the scree plot
revealed a progressive decline in the variance explained by successive principal components, with
a distinct knee point observed at principal component 20 (Appendix Figure A1). This indicated
that the first 20 principal components captured the majority of biologically relevant variation
within the dataset and were therefore retained for downstream analyses. Further dimensionality
reduction using t-distributed Stochastic Neighbor Embedding (t-SNE) demonstrated distinct
clustering patterns among control, mild dengue, and severe dengue monocyte samples (Figure 3).
Control monocytes formed relatively discrete clusters predominantly located in the upper region
of the t-SNE space, whereas mild dengue samples clustered more closely together in the lower
region. In contrast, severe dengue monocytes displayed a broader distribution across the t-SNE
plot, indicating increased transcriptional heterogeneity compared with both control and mild
dengue conditions. The greater dispersion of severe dengue samples suggests substantial
alterations in gene expression profiles associated with disease progression. Overall, these
clustering patterns indicate that dengue infection is associated with condition-specific
transcriptional changes in monocytes and that severe disease is characterized by a more

heterogeneous transcriptional landscape.
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Figure 3. t-SNE plot showing clustering of control, mild dengue, and severe dengue monocyte samples.

Clustering and Distribution of NK Cell Samples

PCA was performed to identify the major sources of variation within the NK cell dataset.
Examination of the scree plot revealed a progressive decline in the variance explained by
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successive principal components, with a distinct knee point observed at principal component 20
(Appendix Figure A2). This indicated that the first 20 principal components captured the majority
of biologically relevant variation within the dataset and were therefore retained for downstream
analyses.

Further dimensionality reduction using t-SNE demonstrated clustering patterns among control,
mild dengue, and severe dengue NK cell samples (Appendix Figure A3). Control samples formed
relatively compact clusters, whereas mild and severe dengue samples exhibited broader
distributions across the t-SNE space. Compared with monocytes, the separation between disease
conditions was less distinct, although differences in sample distribution were still observed
among the three groups. Severe dengue NK cells showed greater dispersion than control samples,
suggesting increased transcriptional heterogeneity associated with disease severity. Overall, the
clustering patterns indicate that dengue infection is associated with alterations in NK cell
transcriptional profiles, although these changes appear less pronounced than those observed in
monocytes.

Differential Gene Expression and Pathway Enrichment Analysis in Monocytes

Differential gene expression analysis revealed substantial transcriptional alterations in
monocytes during dengue infection. Comparisons between healthy controls, mild dengue, and
severe dengue conditions identified numerous differentially expressed genes (DEGs), with the
greatest number of significant changes observed in severe dengue samples. These findings
indicate that increasing disease severity is associated with progressively greater disruption of
normal cellular processes.

Pathway enrichment analysis was performed to investigate the biological significance of the
identified transcriptional changes. Several pathways related to immune responses, inflammation,
signal transduction, cellular stress responses, and metabolic regulation were significantly
enriched. The enriched pathways differed between disease comparisons, reflecting distinct
biological responses during different stages of dengue infection. Detailed pathway enrichment
results for the mild versus control and severe versus mild comparisons are provided in Appendix
Figures A4-A5.

To further investigate the metabolic consequences of these transcriptional alterations, genome-
scale metabolic modelling was performed using context-specific metabolic models reconstructed
from monocyte transcriptomic data. FBA identified substantial differences in predicted metabolic
flux distributions between control, mild dengue, and severe dengue conditions. The most
pronounced metabolic alterations were observed in severe dengue monocytes, indicating
extensive metabolic reprogramming associated with disease severity (Figure 4).

Several altered reactions were associated with transport processes, lipid metabolism, nucleotide
metabolism, amino acid metabolism, and energy-related pathways. Notable differences in
reaction fluxes were observed between severe dengue and the other conditions, suggesting
changes in cellular metabolism that may support immune activation and adaptation to infection.
These findings indicate that dengue infection is associated with extensive metabolic remodelling
in monocytes, with the magnitude of these alterations increasing in severe disease.

Overall, the combined transcriptomic and metabolic analyses demonstrate that monocytes
undergo substantial biological and metabolic changes during dengue infection, supporting their
important role in disease pathogenesis.
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Figure 4. Pathway enrichment analysis of differentially expressed genes in monocytes from the severe
dengue versus control comparison. The dot plot shows significantly enriched KEGG pathways identified
from differentially expressed genes. Pathways are displayed on the y-axis, while the x-axis separates
pathways enriched among upregulated and downregulated genes. Dot size represents pathway significance
based on the adjusted p-value (Benjamini-Hochberg corrected), with larger dots indicating greater
statistical significance. Red dots indicate pathways enriched among upregulated genes, whereas blue dots
indicate pathways enriched among downregulated genes. Severe dengue monocytes showed enrichment of
immune- and infection-related pathways, including cytokine-cytokine receptor interaction, NOD-like
receptor signaling, antigen processing and presentation, and cytosolic DNA-sensing pathways. Metabolic
pathways such as oxidative phosphorylation, cysteine and methionine metabolism, and steroid biosynthesis
were also significantly enriched, indicating substantial transcriptional and metabolic alterations associated
with severe dengue infection.

Metabolic Modeling and Flux Analysis in Severe Monocytes

To investigate metabolic alterations associated with dengue infection, transcriptomic data from
monocytes were integrated into context-specific genome-scale metabolic models and analysed
using FBA. Predicted reaction fluxes were compared across control, mild dengue, and severe
dengue conditions to identify disease-associated metabolic changes. The metabolic flux heatmap
revealed distinct differences in reaction activity among the three monocyte conditions (Figure 5).
Severe dengue monocytes exhibited the most pronounced alterations in predicted metabolic
fluxes compared with control and mild dengue monocytes, indicating substantial metabolic
reprogramming associated with disease severity. Hierarchical clustering of reactions
demonstrated distinct flux patterns across disease conditions, suggesting progressive metabolic
dysregulation during dengue infection. Several altered reactions were associated with amino acid
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metabolism, carbohydrate metabolism, nucleotide metabolism, and transport processes.
Reactions involved in glutamate metabolism, pentose phosphate pathway activity, nucleotide
interconversion, and metabolite transport showed noticeable differences in predicted flux
between the three conditions. Severe dengue monocytes displayed the greatest deviations in flux
activity, reflecting extensive metabolic alterations accompanying severe disease. Overall, the
metabolic modelling results indicate that dengue infection is associated with substantial
metabolic remodelling in monocytes, with the magnitude of these changes increasing with disease
severity. Additional metabolic modelling results, including pathway category distributions and
mild dengue monocyte analyses, are provided in Appendix Figures A6 and A7.

AKG[m] + 2 H+[m] + NADPH[m] + NH3[m] <=> glutamate[m] + H20[m] + NADP+[m]

ATPIc] + creatine[c] <=> ADPIc] + creatine-phosphate[c] + H+[c]

Super_Category
—— glucose-6-phosphate[r] + NADP+[r] => glucono-1,5-lactone-6-phosphate[r] + H+[r] + NADPH]r] Amino Acid Metabolism
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arachidonate[e] => arachidonate[c]
Nucleotide Metabolism

NAD+[r] => NAD+[c] . Transport reactions
— 2-hydroxybutyrate(c] + L-lactate[e] <=> 2-hydroxybutyrate[e] + L-lactate(c] Flux (mmol/gDW/hr)
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Figure 5. Predicted metabolic flux alterations in monocytes across control, mild dengue, and severe dengue
conditions. Rows represent selected metabolic reactions identified as altered across disease conditions,
while columns represent the corresponding monocyte-specific metabolic models. Reactions are grouped
into amino acid metabolism, carbohydrate metabolism, nucleotide metabolism, and transport reactions, as
indicated by the color annotation bar. The heatmap shows the computationally predicted metabolic fluxes
obtained from Flux Balance Analysis (FBA). Color intensity represents the magnitude and direction of the
predicted reaction flux, where blue indicates positive flux values and yellow indicates negative flux values.
Flux values were constrained between -1000 and +1000 mmol gDW™" h™* during model optimization.
Several reactions involved in glutamate metabolism, pentose phosphate pathway activity, nucleotide
interconversion, arachidonate metabolism, and metabolite transport exhibited distinct flux patterns across
the three conditions. Severe dengue monocytes showed the most pronounced flux alterations, indicating
substantial metabolic reprogramming associated with disease severity.

Differential Gene Expression and Pathway Enrichment Analysis in NK Cells

Differential gene expression analysis identified transcriptional alterations in NK cells across the
control, mild dengue, and severe dengue groups. The number and magnitude of differentially
expressed genes increased with disease severity, indicating progressive changes in NK-cell
transcriptional activity during dengue infection. To investigate the biological significance of these
transcriptional changes, pathway enrichment analysis was performed using significantly altered
genes. Several pathways associated with immune regulation, signal transduction, inflammation,
cellular stress responses, and metabolic processes were significantly enriched. The enriched
pathways varied across disease comparisons, suggesting that NK cells undergo condition-specific
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biological adaptations during dengue infection. The most pronounced pathway alterations were
observed in the severe dengue versus control comparison (Figure 6). Enriched pathways included
processes related to immune signalling, cytokine-mediated responses, cellular metabolism, and
host defence mechanisms, indicating substantial functional changes in NK cells during severe
disease. Detailed pathway enrichment results for the mild versus control and severe versus mild
comparisons are provided in Appendix Figures A8 and A9. Overall, these findings demonstrate
that dengue infection is associated with significant transcriptional and functional alterations in
NK cells, with the strongest effects observed in severe dengue. The progressive enrichment of
immune-related and metabolic pathways suggests that NK cells contribute to the host response
during disease progression.
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Figure 6. Pathway enrichment analysis of differentially expressed genes in NK cells from the severe dengue
versus control comparison. The dot plot shows significantly enriched KEGG pathways identified from
differentially expressed genes. Pathways are displayed on the y-axis, while the x-axis separates pathways
enriched among upregulated and downregulated genes. Dot size represents pathway significance based on
the adjusted p-value (Benjamini-Hochberg corrected), with larger dots indicating greater statistical
significance. Orange dots indicate pathways enriched among upregulated genes, whereas blue dots indicate
pathways enriched among downregulated genes. Severe dengue NK cells showed enrichment of immune-
and inflammation-related pathways, including cytokine-cytokine receptor interaction, complement and
coagulation cascades, hematopoietic cell lineage, neutrophil extracellular trap formation, and intestinal
immune network for IgA production. In contrast, pathways associated with immune-cell effector functions
and cellular metabolism, including natural killer cell-mediated cytotoxicity, T-cell receptor signaling, Fc
gamma R-mediated phagocytosis, leukocyte transendothelial migration, fatty acid elongation,
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thermogenesis, and mTOR signaling, were significantly downregulated. These findings indicate substantial
transcriptional alterations in NK cells during severe dengue infection, characterized by activation of
inflammatory pathways and suppression of pathways involved in cytotoxicity, immune signalling, and
metabolic regulation.

Metabolic Modeling and Flux Analysis in NK Cells

To investigate metabolic alterations associated with dengue infection in NK cells, transcriptomic
data were integrated into context-specific genome-scale metabolic models and analysed using
FBA. Predicted reaction fluxes were compared across control, mild dengue, and severe dengue
conditions to identify disease-associated metabolic changes.

The metabolic flux heatmap revealed distinct differences in predicted reaction activity among the
three NK cell conditions (Figure 7). Severe dengue NK cells exhibited the most pronounced
alterations in metabolic flux patterns compared with control and mild dengue NK cells, indicating
substantial metabolic reprogramming associated with disease severity. Hierarchical clustering of
reactions demonstrated distinct flux profiles across disease conditions, suggesting progressive
metabolic dysregulation during dengue infection.

Several altered reactions were associated with transport processes, amino acid metabolism,
nucleotide metabolism, and energy metabolism. Reactions involved in fumarate and succinate
transport, homoserine and threonine transport, sphingomyelin metabolism, citrate-isocitrate
interconversion, and nucleotide interconversion displayed noticeable differences in predicted
flux between disease conditions. In particular, severe dengue NK cells showed marked changes in
flux activity compared with both control and mild dengue samples, indicating alterations in
metabolic pathways involved in cellular energy production, amino acid utilisation, membrane
lipid metabolism, and metabolite transport.

Overall, the metabolic modelling results suggest that dengue infection is associated with extensive
metabolic remodelling in NK cells. The greater flux alterations observed in severe dengue NK cells
indicate increased metabolic adaptation during disease progression and support the involvement
of NK-cell metabolism in the host response to severe dengue infection. Additional metabolic
modelling results, including mild dengue NK cell analyses are provided in Appendix Figures A10.
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Figure 7. Predicted metabolic flux alterations in NK cells across control, mild dengue, and severe dengue
conditions. Rows represent selected metabolic reactions identified as altered across disease conditions,
while columns represent the corresponding NK-cell-specific metabolic models. Reactions are grouped into
amino acid metabolism, energy metabolism, nucleotide metabolism, and transport reactions, as indicated
by the color annotation bar. The heatmap displays computationally predicted reaction fluxes obtained from
FBA. Color intensity represents the magnitude and direction of the predicted flux, where blue indicates
positive flux values and yellow indicates negative flux values. Flux values were constrained between -1000
and +1000 mmol gDW™* h™* during model optimization. Several reactions involved in amino acid transport,
sphingomyelin transport, fumarate and malate transport, citrate metabolism, proline metabolism, and
nucleotide interconversion exhibited distinct flux patterns across the three conditions. Severe dengue NK
cells displayed the most pronounced flux alterations, particularly in transport reactions and pathways

associated with amino acid, energy, and nucleotide metabolism, indicating metabolic reprogramming
associated with disease severity.

Discussion

The present study investigated transcriptional and metabolic alterations in monocytes and NK
cells during dengue virus infection using transcriptomic analysis, pathway enrichment analysis,
and genome-scale metabolic modelling. By integrating differential gene expression data with
context-specific metabolic models, this study aimed to better understand how immune responses
and cellular metabolism are altered during mild and severe dengue infection. The findings
demonstrated that dengue infection affects both immune regulation and metabolic pathways,
with more pronounced alterations observed in severe dengue conditions. Overall, the results
highlight the importance of immunometabolism in dengue pathogenesis and demonstrate how
systems biology approaches can improve the understanding of host-virus interactions.

The clustering analyses performed using PCA and t-SNE demonstrated clear transcriptional
differences between control, mild dengue, and severe dengue conditions in both monocytes and
NK cells. Monocytes showed stronger separation between disease groups compared with NK cells,
suggesting that monocytes undergo more extensive transcriptional alterations during dengue
infection. This observation is consistent with previous studies reporting that monocytes are one
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of the major target cells for dengue virus replication and play an important role in initiating
inflammatory and antiviral responses (Clyde et al., 2006; Zanini, Robinson, et al., 2018). Single-
cell transcriptomic studies have also shown that monocytes display increased activation of
interferon signalling pathways, inflammatory responses, and cytokine production during dengue
infection (Kwissa et al., 2014). Since monocytes are involved in antigen presentation, cytokine
secretion, and innate immune activation, extensive transcriptional changes in these cells may
contribute to disease progression and immune dysregulation observed in severe dengue.

Differential gene expression analysis revealed extensive transcriptional alterations in monocytes,
especially in severe dengue conditions. The comparison between severe and mild dengue
identified the largest number of significantly altered genes, suggesting increased biological
dysregulation during severe disease progression. Several immune-related pathways, including
cytokine signalling, antigen processing and presentation, cytokine-cytokine receptor interaction,
and NOD-like receptor signalling pathways, were significantly enriched in monocytes. Similar
activation of inflammatory pathways has been reported in previous dengue studies, where
excessive cytokine production and innate immune activation were associated with severe disease
outcomes (Screaton et al,, 2016). Increased activation of inflammatory signalling pathways may
contribute to cytokine storms, endothelial dysfunction, plasma leakage, and vascular
permeability, which are major clinical features of dengue haemorrhagic fever and dengue shock
syndrome (Malavige et al., 2020).

In addition to immune activation, the enrichment analyses also identified several altered
metabolic pathways in monocytes during dengue infection. Oxidative phosphorylation, amino
acid metabolism, citrate cycle activity, and lipid metabolism pathways were enriched in dengue
conditions, indicating substantial metabolic reprogramming during infection. Viral infections are
known to modify host metabolism to support viral replication and immune activation (Thaker et
al, 2019). Dengue virus, like many other RNA viruses, depends on host cellular machinery for
energy production and biosynthetic intermediates. Previous experimental studies have
demonstrated that dengue virus infection increases glycolytic activity and glucose consumption
in infected cells to support efficient viral replication (Fontaine et al., 2015). Increased metabolic
activity may therefore reflect both viral replication requirements and increased immune
activation.

Metabolic modelling further showed that transport-associated reactions and lipid metabolism
represented a large proportion of the altered metabolic pathways in monocytes, particularly in
severe dengue conditions. Lipid metabolism is known to play an important role in dengue virus
replication because viral replication complexes are closely associated with host lipid membranes
(Heaton & Randall, 2011). Alterations in lipid metabolic pathways may therefore reflect increased
membrane synthesis, viral assembly, and cellular stress responses during infection. In addition,
changes in transport-associated reactions suggest altered nutrient exchange and metabolite
transport during immune activation. Similar metabolic alterations have been observed in other
viral infection studies where metabolic remodelling affected mitochondrial function, nutrient
transport, and cellular energy balance (Munger et al., 2008). Increased transport activity may
indicate higher cellular demands for nutrients and biosynthetic molecules required to maintain
immune responses during severe infection.

The findings from flux balance analysis further support the idea that severe dengue infection is
associated with extensive metabolic remodelling in monocytes. Monocytes are highly
metabolically active immune cells and rapidly adapt their metabolism in response to
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inflammatory stimuli. During infection, activated monocytes often increase glycolysis and
mitochondrial metabolism to support cytokine production and immune activation. Therefore, the
metabolic alterations observed in this study may reflect both antiviral responses and
inflammatory activation associated with disease severity. These findings also support the growing
evidence that metabolism and immune function are closely interconnected during viral infections.

Compared with monocytes, NK cells showed less extensive transcriptional and metabolic
alterations during dengue infection. Although several immune-related pathways were enriched,
the number of significantly altered genes in NK cells was lower than that observed in monocytes.
NK cells are important components of the innate immune system and contribute to antiviral
defence mainly through cytotoxic activity and cytokine production (Green et al., 1999). Previous
studies have shown that NK cells become activated during dengue infection and may contribute
to early viral clearance through the elimination of infected cells (Petitdemange et al., 2016).
However, excessive or dysregulated NK cell activation has also been associated with severe
dengue and immune imbalance (Comach et al., 2013).

In the present study, pathways related to natural killer cell-mediated cytotoxicity, T cell receptor
signalling, neurotrophin signalling, and mTOR signalling were altered in severe dengue
conditions. Reduced activity of natural Kkiller cell-mediated cytotoxicity pathways in severe
dengue may suggest impaired antiviral immune function during advanced stages of infection.
Similar reductions in NK cell cytotoxic activity have previously been reported in severe dengue
patients (Azeredo et al., 2006). Impaired NK cell function may reduce the ability to eliminate
infected cells efficiently, potentially contributing to prolonged viral persistence and increased
immune dysregulation.

Alterations in mTOR signalling pathways may also indicate changes in immune regulation and
metabolic control in NK cells. The mTOR pathway plays an important role in regulating immune
cell activation, nutrient sensing, cytokine production, and cellular metabolism (Ganesh &
Mohanram, 2022b). Therefore, altered mTOR signalling may reflect metabolic adaptation and
functional changes in NK cells during dengue infection. Although the metabolic alterations
observed in NK cells were less extensive than those observed in monocytes, pathways related to
amino acid metabolism, carbohydrate metabolism, lipid metabolism, and transport reactions
were still affected. These findings suggest that dengue infection influences the metabolic state of
NK cells, although the magnitude of these changes appears to be lower than that observed in
monocytes.

The differences observed between monocytes and NK cells may reflect their distinct biological
roles during dengue infection. Monocytes are directly involved in viral replication, antigen
presentation, inflammatory signalling, and cytokine production, whereas NK cells primarily
contribute to antiviral defence through cytotoxic activity and immune regulation. Therefore,
monocytes may undergo stronger metabolic and transcriptional adaptation to support both
immune activation and viral replication. Similar differences between immune cell populations
have been reported in previous immunometabolism studies where monocytes and macrophages
displayed greater metabolic remodelling during infection compared with lymphocyte populations
(Neill etal., 2016).

One important strength of this study is the integration of transcriptomic analysis with genome-
scale metabolic modelling. Conventional transcriptomic analyses provide information about gene
expression changes but do not directly explain how these changes influence cellular metabolism.
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By integrating transcriptomic data into context-specific metabolic models, this study was able to
investigate metabolism at the systems level and identify metabolic pathways associated with
dengue severity. The use of Human1 and context-specific GEM reconstruction provided a broader
understanding of host metabolic responses during dengue infection (Robinson et al., 2020).
Systems biology approaches are particularly useful for studying complex infectious diseases
because they allow the integration of multiple biological processes and provide insight into host-
virus interactions that may not be identified through conventional analyses alone.

Despite these findings, several limitations should be considered. This study was based on publicly
available transcriptomic datasets, and therefore the analyses depended on the quality, sample
distribution, and metadata available in the original datasets. In addition, transcriptomic data may
not fully reflect actual metabolic activity because metabolism is also regulated at post-
transcriptional, translational, and post-translational levels. The metabolic predictions generated
through flux balance analysis were computational and were not experimentally validated.
Furthermore, single-cell transcriptomic data may contain technical variability and dropout effects
that can influence downstream analyses. Therefore, future studies integrating transcriptomics
with metabolomics, proteomics, and experimental validation would provide a more accurate
understanding of dengue-associated metabolic alterations.

Another limitation is that this study focused mainly on monocytes and NK cells, while other
immune cell populations such as T cells, B cells, dendritic cells, and macrophages may also
contribute significantly to dengue pathogenesis. Future studies investigating multiple immune
cell populations together with longitudinal sampling may provide a more comprehensive
understanding of how immune and metabolic responses change during different stages of dengue
infection. In addition, further experimental studies are needed to validate whether the identified
metabolic pathways could serve as potential therapeutic targets in severe dengue disease.

Overall, the findings of this study demonstrate that dengue virus infection induces extensive
transcriptional and metabolic alterations in immune cells, particularly in monocytes. Severe
dengue was associated with stronger immune activation, pathway dysregulation, and metabolic
remodelling compared with mild dengue infection. The results highlight the importance of
immunometabolism in dengue pathogenesis and demonstrate the value of systems biology
approaches for understanding host-virus interactions. Improved understanding of the metabolic
mechanisms involved in severe dengue may contribute to future studies aimed at identifying
diagnostic biomarkers, therapeutic targets, and improved strategies for disease management.

Ethical aspects, gender perspectives, and impact on the society

This study was based entirely on publicly available transcriptomic datasets from previously
published studies. Therefore, no new experiments involving humans or animals were performed
during this project. The original studies had already received ethical approval from their
respective ethical review boards, and informed consent had been obtained from all participants
before sample collection. Since anonymized public datasets were used, the ethical risks related to
patient privacy and direct human involvement were minimal. As this project was fully
computational and based on bioinformatics analyses, no laboratory handling of pathogens,
antibiotics, or infectious materials was required. In addition, no animal experiments were
performed. The use of publicly available datasets and computational approaches supports the
principles of the three Rs (Replacement, Reduction, and Refinement) by reducing the need for
additional biological sampling and replacing experimental studies whenever possible. Artificial
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intelligence (Al)-based tools, including ChatGPT (OpenAl), were used during the preparation of
this thesis to assist with grammar correction, language improvement, and sentence restructuring.
All scientific interpretations, analyses, and conclusions were independently evaluated and
verified by the author. Sex and gender perspectives are important in infectious disease research
because immune responses and disease severity may differ between males and females. In this
study, differential gene expression analyses were adjusted for age and sex to reduce potential bias
and improve the reliability of the results. However, detailed sex-specific analyses were not
performed because of limitations in the available metadata. This study contributes to society by
improving the understanding of immune and metabolic responses during dengue virus infection.
The findings provide systems-level insight into how immune cells respond during dengue
infection and may support future research aimed at identifying biomarkers and therapeutic
targets associated with severe dengue disease.

Future perspectives

The present study demonstrated that dengue virus infection is associated with substantial
transcriptional and metabolic alterations in monocytes and NK cells, with more pronounced
changes observed under severe dengue conditions. By integrating transcriptomic analyses with
genome-scale metabolic modelling, this work provided a systems-level perspective on how
immune and metabolic pathways are reprogrammed during dengue infection. The findings
support previous studies showing that metabolic reprogramming is a key feature of host-virus
interactions and contributes to immune-cell activation and disease progression(Ganesh &
Mohanram, 2022a; Thaker et al, 2019). Furthermore, the observed alterations in lipid
metabolism, nucleotide metabolism, and oxidative phosphorylation are consistent with earlier
reports demonstrating that dengue virus exploits host metabolic pathways to facilitate viral
replication and persistence (Chumchanchira et al., 2024; Fontaine et al., 2015). Although the
present study identified several candidate pathways associated with dengue severity, the findings
are based on computational analyses and therefore require experimental validation. Future
studies should investigate the biological relevance of the identified metabolic alterations using
targeted metabolomics, proteomics, and functional assays. Experimental validation of key
reactions and pathways predicted by genome-scale metabolic modelling would strengthen the
interpretation of the computational results and provide deeper insight into host metabolic
responses during dengue infection (Bordbar et al., 2014).

Another important direction for future research is the integration of additional omics datasets.
Multi-omics approaches combining transcriptomics, proteomics, metabolomics, and epigenomics
have been shown to provide a more comprehensive understanding of complex biological systems
than any individual data type alone (Argelaguet et al., n.d.; Hasin et al,, 2017) .Such integrative
analyses may help identify novel biomarkers associated with disease severity and reveal
regulatory mechanisms that cannot be detected using transcriptomic data alone. The present
study focused specifically on monocytes and NK cells because of their important roles in antiviral
immunity. However, dengue infection affects a wide range of immune-cell populations, including
T cells, B cells, dendritic cells, and macrophages. Future studies involving larger single-cell
datasets and additional immune-cell populations may provide a more complete understanding of
the cellular interactions that contribute to dengue pathogenesis (Lahnemann et al., 2020; Zanini,
Robinson, et al,, 2018). Recent advances in systems biology and artificial intelligence also offer
new opportunities for investigating host-virus interactions. Machine-learning approaches
integrated with genome-scale metabolic models may improve the identification of disease-
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associated metabolic signatures and facilitate the prediction of therapeutic targets (Wani et al,,
2016). In addition, longitudinal studies following patients throughout infection and recovery
could provide valuable information regarding the temporal dynamics of immune and metabolic
responses during dengue disease progression. Ultimately, a better understanding of dengue-
associated metabolic reprogramming may contribute to the development of host-directed
therapeutic strategies. Because viruses depend heavily on host metabolic pathways, targeting key
metabolic processes may provide alternative treatment approaches that are less susceptible to
viral mutation and drug resistance (Thaker et al., 2019). Therefore, continued investigation of
immunometabolism in dengue infection may support the development of novel diagnostic
biomarkers and therapeutic interventions aimed at reducing severe disease outcomes.
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Appendix Figure Al. Scree plot showing the variance explained by the first 50 principal components in
monocyte samples. A clear knee point was identified at principal component 20, which was selected as the
cutoff for downstream analyses.
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Appendix Figure A2. Scree plot showing the variance explained by the first 50 principal components in NK
cell samples. A distinct knee point was observed at principal component 20, which was selected as the cutoff
for downstream analyses
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Appendix Figure A3. t-SNE plot showing clustering of control, mild dengue, and severe dengue NK cell
samples.
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Appendix Figure A4. Differentially enriched pathways identified in monocytes for the mild dengue versus
control comparison. Dot size represents the significance level (-log1l0 adjusted p-value), while colour
indicates the direction of enrichment.

Thermogenesis -

Oxidative phosphorylation -

Other glycan degradation -

NOD-like receptor signaling pathway -
Glyoxylate and dicarboxylate metabolism -
Antigen processing and presentation -

Taste transduction - Direction
Steroid hormone biosynthesis -
Olfactory transduction - ® padj(distdirdn)

Neuroactive ligand-receptor interaction -
Metabolism of xenabiotics by cytochrome P450 -
Glutamatergic synapse -

Bile secretion -

CAMP signaling pathway -

Protein digestion and absorption -

Ras signaling pathway -

ECM-receptor interaction -

Cholinergic synapse -

Calcium signaling pathway -

Pancreatic secretion -

GnRH secretion -

PI3K-Akt signaling pathway -
cGMP-PKG signaling pathway -
Vascular smooth muscle contraction -
Retinol metabolism -

Estrogen signaling pathway -

Cortisol synthesis and secretion =

® padj(distdirup)

-log10{padj)
« 00
® 04
® 08
® 2

%j-e o o s s 8 s 8 s s s s s s s s s 000000

%-000000000000000000000 - - - - - -

& &
E
Q

Appendix Figure A5. Differentially enriched pathways identified in monocytes for the severe dengue versus
mild dengue comparison. Dot size represents the significance level (-log10 adjusted p-value), while colour
indicates the direction of enrichment.
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Appendix Figure A6. Distribution of altered metabolic pathway categories in mild dengue monocytes. The
donut chart shows the proportion of altered metabolic reactions identified through genome-scale metabolic
modelling and FBA. Lipid metabolism and transport reactions represented the largest categories of altered
reactions, followed by amino acid metabolism, carbohydrate metabolism, energy metabolism, nucleotide
metabolism, and metabolism of cofactors and vitamins.
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Appendix Figure A7. Distribution of altered metabolic pathway categories in severe dengue monocytes. The
donut chart shows the proportion of altered metabolic reactions identified through genome-scale metabolic
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modelling and FBA. Transport reactions constituted the largest category of altered reactions, followed by
lipid metabolism and nucleotide metabolism, while smaller proportions were associated with amino acid
metabolism, carbohydrate metabolism, energy metabolism, and metabolism of cofactors and vitamins
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Appendix Figure A8. Differentially enriched pathways identified in NK cells for the mild dengue versus
control comparison. Dot size represents the significance level (-logl0 adjusted p-value), while colour
indicates the direction of enrichment.
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Appendix Figure A9. Differentially enriched pathways identified in NK cells for the severe dengue versus
mild dengue comparison. Dot size represents the significance level (-log10 adjusted p-value), while colour
indicates the direction of enrichment.
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Appendix Figure A10. Predicted metabolic flux alterations in mild dengue NK cells compared with control
and severe dengue NK cells. Rows represent selected metabolic reactions identified as altered across
disease conditions, while columns represent the corresponding NK-cell-specific metabolic models.
Reactions are grouped into amino acid metabolism, carbohydrate metabolism, energy metabolism,
nucleotide metabolism, and transport reactions, as indicated by the colour annotation bar. The heatmap
illustrates computationally predicted metabolic fluxes obtained through FBA. Colour intensity represents
the magnitude and direction of the predicted reaction flux, with blue indicating positive flux values and
yellow indicating negative flux values. Altered reactions include pathways associated with nucleotide
interconversion, glutathione metabolism, amino acid metabolism, sphingomyelin metabolism, and
transport processes, indicating metabolic adaptations in NK cells during dengue infection.
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