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GSEA Analysis in R: A Comprehensive Guide to Gene Set Enrichment

gsea analysis in r has become an indispensable approach for researchers aiming to interpret complex

gene expression data. Whether you’re a bioinformatician, computational biologist, or a wet-lab scientist

diving into transcriptomics, understanding how to perform GSEA (Gene Set Enrichment Analysis) in R

can elevate your data analysis, helping you uncover meaningful biological insights hidden within large

datasets.

Understanding GSEA: What and Why?

Before jumping into the nuts and bolts of performing GSEA analysis in R, it’s essential to grasp what

GSEA actually entails. Gene Set Enrichment Analysis is a computational method that determines

whether a predefined set of genes shows statistically significant differences between two biological

states, such as diseased versus healthy samples. Instead of focusing on individual genes, GSEA

evaluates gene sets—groups of genes that share common biological function, chromosomal location, or

regulation.

This approach helps address the problem where subtle but coordinated changes in gene expression

might be missed by traditional single-gene analysis. By looking at pathways or gene ontology (GO)

terms, GSEA provides a systems-level view that is more biologically relevant.

Getting Started with GSEA Analysis in R

R is a powerful tool for bioinformatics, and several packages have been developed specifically for

gene set enrichment, making it the go-to environment for GSEA analysis.



Key R Packages for GSEA

When performing GSEA in R, these packages are commonly used:

clusterProfiler: Offers advanced functions for GSEA and over-representation analysis, supporting

various gene set databases.

fgsea: A fast implementation of GSEA optimized for large datasets.

limma: Useful for differential expression analysis, often used prior to GSEA.

DOSE: Helps with disease ontology semantic and enrichment analysis.

msigdbr: Provides easy access to the MSigDB gene sets within R.

These tools collectively create a robust workflow for gene set enrichment, from preprocessing

expression data to visualizing enriched pathways.

Preparing Your Data for GSEA

The first step in any GSEA analysis is to prepare a ranked gene list. This ranking typically reflects the

differential expression of genes between two conditions, often using metrics like log fold change or

signal-to-noise ratio.

Here’s a simple outline to prepare your data:



Perform differential expression analysis using packages like limma or DESeq2.1.

Generate a ranked list of genes based on a chosen metric (e.g., log2 fold change).2.

Ensure gene identifiers match those used in your gene sets (e.g., Entrez IDs or gene symbols).3.

Proper data preparation is crucial because GSEA relies on the ordered list of genes to calculate

enrichment scores.

Performing GSEA Analysis in R: Step-by-Step

To illustrate, let’s walk through a basic GSEA workflow using the popular clusterProfiler package

and the Molecular Signatures Database (MSigDB).

Step 1: Install and Load Necessary Packages

```r

if (!requireNamespace("BiocManager", quietly = TRUE))

install.packages("BiocManager")

BiocManager::install(c("clusterProfiler", "org.Hs.eg.db", "msigdbr", "fgsea"))

library(clusterProfiler)

library(org.Hs.eg.db)

library(msigdbr)

library(fgsea)

```



Step 2: Obtain Gene Sets

MSigDB is a curated collection of gene sets widely used in GSEA. The msigdbr package allows easy

retrieval of these gene sets.

```r

m_df <- msigdbr(species = "Homo sapiens", category = "H")

gene_sets <- split(x = m_df$gene_symbol, f = m_df$gs_name)

```

Here, category “H” corresponds to hallmark gene sets, which summarize and represent specific well-

defined biological states or processes.

Step 3: Create a Ranked Gene List

Suppose you have results from differential expression analysis stored in a data frame called res with

columns gene and logFC.

```r

# Example: Create named vector of log fold changes

gene_list <- res$logFC

names(gene_list) <- res$gene

# Sort in decreasing order as required by GSEA

gene_list <- sort(gene_list, decreasing = TRUE)

```



Step 4: Run GSEA

You can perform enrichment analysis using either clusterProfiler::GSEA() or

fgsea::fgsea(). Here’s using clusterProfiler:

```r

gsea_results <- GSEA(geneList = gene_list,

TERM2GENE = gene_sets,

pvalueCutoff = 0.05,

verbose = FALSE)

```

Alternatively, fgsea offers a fast approach, especially for large datasets:

```r

fgsea_res <- fgsea(pathways = gene_sets,

stats = gene_list,

minSize = 15,

maxSize = 500,

nperm = 1000)

```

Step 5: Visualize and Interpret Results

Visualization helps to intuitively understand which pathways are enriched.

```r

# Using clusterProfiler

dotplot(gsea_results, showCategory = 10)



# Using fgsea

library(ggplot2)

top_pathways <- fgsea_res[order(padj)][1:10, ]

ggplot(top_pathways, aes(reorder(pathway, NES), NES)) +

geom_col() +

coord_flip() +

labs(x = "Pathway", y = "Normalized Enrichment Score (NES)")

```

Enriched pathways with positive NES values are upregulated in the phenotype of interest, while

negative values indicate downregulation.

Tips and Best Practices for Effective GSEA Analysis in R

1. Choose Appropriate Gene Sets

The choice of gene sets impacts the biological relevance of your results. MSigDB offers different

categories like hallmark, curated gene sets, and GO terms. For disease-specific studies, consider

custom gene sets or disease ontology databases.

2. Properly Format Gene Identifiers

Consistency in gene identifiers between your ranked list and gene sets is vital. Use annotation

packages like org.Hs.eg.db to convert between symbols, Entrez IDs, or Ensembl IDs as needed.



3. Be Mindful of Multiple Testing

GSEA performs multiple hypothesis tests across gene sets. Always consider adjusted p-values (e.g.,

FDR) to control for false discoveries.

4. Interpret Results in Biological Context

Enrichment scores and p-values provide statistical evidence, but interpretation should be aligned with

existing biological knowledge or hypotheses. Integrate results with pathway databases or literature for

comprehensive insights.

5. Utilize Visualization Tools

Besides dot plots and bar charts, consider enrichment plots that show running enrichment scores of

gene sets across ranked gene lists for a more detailed view. The enrichplot package complements

clusterProfiler for such visualizations.

Advanced GSEA Approaches in R

For those looking to extend beyond basic GSEA, R offers several advanced techniques:

Pre-ranked GSEA: Instead of raw expression data, use a pre-ranked gene list derived from any

statistic. This is especially useful when integrating data from multiple studies.

Single-sample GSEA (ssGSEA): Calculates enrichment scores for individual samples rather than

groups, providing insight into heterogeneity.



Pathway topology-based methods: Some tools incorporate pathway structure information,

enhancing biological interpretability.

Packages like GSVA implement ssGSEA, which can be a powerful complement to traditional GSEA.

Common Challenges and How to Address Them

While performing gsea analysis in r, you might encounter a few hurdles, but most have straightforward

solutions:

Mismatch of gene identifiers: Always double-check and convert gene IDs using annotation

packages to ensure compatibility.

Low statistical power: Increase sample size or use well-curated gene sets to improve detection

of enriched pathways.

Computational time: For large datasets, use fgsea which is optimized for speed.

Interpreting borderline p-values: Look at the normalized enrichment score (NES) and biological

relevance rather than p-value alone.

By anticipating these issues, you can streamline your analysis and obtain more reliable results.

---

Mastering gsea analysis in r opens the door to uncovering the complex biological mechanisms



underlying gene expression changes. With the right tools, a thoughtful approach to data preparation,

and a keen eye on biological interpretation, you can leverage GSEA to transform raw data into

meaningful scientific discoveries.

Frequently Asked Questions

What is GSEA analysis in R?

GSEA (Gene Set Enrichment Analysis) in R is a computational method used to determine whether

predefined sets of genes show statistically significant differences between two biological states, such

as phenotypes or treatments. It helps identify pathways or biological processes that are enriched in

gene expression data.

Which R packages are commonly used for GSEA analysis?

Common R packages for GSEA analysis include 'clusterProfiler', 'fgsea', 'GSEABase', and 'DOSE'.

Among these, 'fgsea' is known for its fast implementation of GSEA using pre-ranked gene lists.

How do I prepare my gene expression data for GSEA in R?

To prepare data for GSEA in R, you typically create a ranked gene list based on a metric like log fold

change or t-statistic. This ranked list is then used as input for functions in packages like 'fgsea' or

'clusterProfiler' to perform the enrichment analysis.

Can I perform GSEA on RNA-seq data using R?

Yes, GSEA can be performed on RNA-seq data in R. After normalizing and processing the RNA-seq

data (e.g., using DESeq2 or edgeR), you generate a ranked gene list based on differential expression

statistics, which can then be used for GSEA.



What is the difference between GSEA and ORA in R?

GSEA (Gene Set Enrichment Analysis) analyzes ranked gene lists considering the entire dataset, while

ORA (Over-Representation Analysis) tests for enrichment using a subset of significantly differentially

expressed genes. GSEA is more sensitive to subtle changes in gene expression.

How do I interpret the NES (Normalized Enrichment Score) in GSEA

results in R?

The NES in GSEA represents the enrichment score normalized to account for the size of the gene set.

A higher absolute NES indicates stronger enrichment of the gene set in the phenotype. Positive NES

means enrichment in the upregulated genes, and negative NES indicates enrichment in downregulated

genes.

How can I visualize GSEA results in R?

You can visualize GSEA results in R using functions like 'plotEnrichment' from the 'fgsea' package, or

'gseaplot2' from 'clusterProfiler'. These functions generate enrichment plots showing the running

enrichment score and gene positions in the ranked list.

Is it possible to use custom gene sets for GSEA in R?

Yes, you can use custom gene sets for GSEA in R by formatting your gene sets as a list of gene

vectors or as a GMT file and loading them with functions like 'GSEABase::getGmt' or directly as a list

when running 'fgsea' or 'clusterProfiler'.

How do I perform pre-ranked GSEA using the fgsea package in R?

To perform pre-ranked GSEA using 'fgsea', first create a named numeric vector where names are

gene identifiers and values are ranking statistics (e.g., log fold changes). Then use the 'fgsea' function

by providing this vector and a list of gene sets to obtain enrichment results.



What are the best practices for multiple testing correction in GSEA

analysis in R?

Best practices include applying multiple testing correction methods such as Benjamini-Hochberg (FDR)

to control false discovery rate. Most GSEA functions, like those in 'fgsea' and 'clusterProfiler', provide

adjusted p-values to help identify statistically significant gene sets while accounting for multiple

comparisons.

Additional Resources

GSEA Analysis in R: A Comprehensive Guide to Gene Set Enrichment

gsea analysis in r has become an indispensable approach for researchers aiming to interpret complex

gene expression data within the context of biological pathways. Gene Set Enrichment Analysis (GSEA)

enables scientists to determine whether predefined sets of genes show statistically significant

differences between two biological states, such as diseased versus healthy samples. Leveraging R, a

versatile statistical programming language, for GSEA offers a powerful, flexible, and reproducible

environment to conduct such analyses efficiently.

Understanding the nuances of GSEA in R is essential for bioinformaticians and molecular biologists

seeking to extract meaningful insights from high-throughput sequencing or microarray data. This article

delves into the methodology, practical implementation, and advantages of performing GSEA within the

R ecosystem, while also touching upon relevant packages, data preparation steps, and interpretation

of results.

What is GSEA and Why Use R for Its Analysis?

Gene Set Enrichment Analysis is a computational method that evaluates whether a set of genes, often

related by function or pathway, is overrepresented at the extremes (top or bottom) of a ranked gene



list generated from expression data. Unlike methods focusing on individual genes, GSEA emphasizes

the collective behavior of gene groups, enhancing biological relevance and interpretability.

R has emerged as a preferred platform for GSEA due to several factors:

Comprehensive Package Availability: The Bioconductor project offers packages such as

**clusterProfiler**, **fgsea**, and **GSVA**, all supporting various aspects of enrichment

analysis.

Reproducibility: R scripts facilitate transparent workflows, allowing researchers to document and

share their analytical processes extensively.

Integration: Seamless compatibility with other bioinformatics tools and data visualization libraries

like ggplot2 makes R ideal for downstream analysis and presentation.

Popular R Packages for GSEA

Several specialized packages cater to GSEA in R, each with unique strengths:

clusterProfiler: Offers comprehensive enrichment analyses, including GSEA, with support for1.

multiple gene ID types and extensive visualization options.

fgsea: Known for its fast implementation of GSEA, ideal for large datasets where computational2.

efficiency is critical.

GSVA (Gene Set Variation Analysis): Although not classical GSEA, GSVA evaluates pathway3.

activity changes across samples and complements GSEA findings.



Choosing the right package largely depends on dataset size, desired speed, and specific analysis

goals.

Preparing Data for GSEA Analysis in R

A critical step before performing GSEA is preparing a ranked gene list derived from expression data

comparing two phenotypes or conditions. Typically, this involves:

Data Normalization: Ensuring expression values are comparable across samples by applying

methods like RPKM, TPM, or quantile normalization.

Differential Expression Analysis: Using packages like **limma** or **DESeq2** to calculate

statistics such as log fold change or t-statistics, which will serve as ranking metrics.

Ranking Genes: Sorting genes based on a chosen metric, often log fold change or signal-to-

noise ratio, to generate an ordered list for GSEA input.

Proper preprocessing impacts the accuracy and biological relevance of the enrichment results.

Integrating Gene Sets and Pathways

GSEA relies on predefined gene sets representing pathways or functional categories. Common

sources for such gene sets include:



MSigDB (Molecular Signatures Database): A widely used repository providing curated gene sets

like Hallmark, KEGG, and Reactome pathways.

Custom Gene Sets: Researchers can create their own gene groups based on literature or

experimental context.

In R, gene sets can be imported as GMT files or constructed as lists, facilitating flexible enrichment

analysis.

Executing GSEA in R: Workflow and Key Considerations

The execution of GSEA in R follows a logical sequence, which can be summarized as:

Load Required Libraries: For example, loading clusterProfiler and fgsea libraries.1.

Import and Prepare Data: Load expression data and gene sets.2.

Rank Genes: Generate a named vector of gene-level statistics.3.

Run GSEA Function: Apply functions like `gseKEGG()` in clusterProfiler or `fgsea()` in the fgsea4.

package.

Visualize Results: Use enrichment plots, dot plots, or heatmaps to interpret significant pathways.5.



Example Using fgsea Package

The fgsea package is heralded for its speed and ease of use. A typical workflow includes:

```r

library(fgsea)

library(data.table)

# Load ranked gene list (named vector)

ranks <- readRDS("gene_ranks.rds")

# Load gene sets from GMT file

pathways <- gmtPathways("pathways.gmt")

# Run GSEA

fgseaRes <- fgsea(pathways = pathways, stats = ranks, nperm = 1000)

# Filter significant pathways

signifPathways <- fgseaRes[fgseaRes$padj < 0.05]

# Plot enrichment for top pathway

plotEnrichment(pathways[[signifPathways$pathway[1]]], ranks) + ggtitle(signifPathways$pathway[1])

```

This example highlights the minimal coding effort required to obtain meaningful enrichment results.

Interpreting and Visualizing GSEA Results

Interpreting GSEA output demands attention to multiple statistics:



Normalized Enrichment Score (NES): Reflects the degree to which a gene set is overrepresented

at the extremes of the ranked list, adjusted for gene set size.

Adjusted P-value (FDR): Corrects for multiple hypothesis testing, indicating statistical

significance.

Enrichment Plots: Visualize the running enrichment score across the ranked gene list,

highlighting where genes from a set appear.

R packages provide built-in plotting functions, but users often customize visualizations with ggplot2 to

enhance clarity or publication quality.

Advantages and Limitations of GSEA Analysis in R

While GSEA in R offers numerous benefits, it is important to weigh its strengths against some

constraints:

Advantages:

Flexibility in data input and gene set selection.

Open-source and community-supported, ensuring continuous improvements.

Integration with other analysis workflows and visualization tools.



Limitations:

Requires careful preprocessing; inconsistent data normalization can skew results.

Interpretation may be complicated when multiple pathways overlap extensively.

Computational resources can be strained with extremely large datasets or numerous

permutations.

Awareness of these factors can guide researchers in optimizing their GSEA pipelines.

Emerging Trends and Best Practices

Recent advances in the field have led to the development of complementary approaches and refined

methodologies. Single-sample GSEA (ssGSEA) and pathway activity scoring methods extend

traditional GSEA by enabling analysis at the individual sample level, increasing applicability in

heterogeneous datasets like single-cell RNA sequencing.

Best practices recommend:

Using multiple gene set databases to cross-validate findings.

Incorporating biological replicates and robust statistical controls.

Documenting all analysis steps in R Markdown or Jupyter notebooks for reproducibility.



Such strategies enhance the reliability and interpretability of gene set enrichment findings.

In summary, gsea analysis in r continues to be a cornerstone technique in bioinformatics, bridging

statistical rigor with biological insight. As datasets grow in complexity, the adaptability and depth

offered by R-based GSEA tools position researchers to uncover nuanced molecular mechanisms

underlying health and disease.

Gsea Analysis In R

  gsea analysis in r: Molecular Data Analysis Using R Csaba Ortutay, Zsuzsanna Ortutay,
2017-02-06 This book addresses the difficulties experienced by wet lab researchers with the
statistical analysis of molecular biology related data. The authors explain how to use R and
Bioconductor for the analysis of experimental data in the field of molecular biology. The content is
based upon two university courses for bioinformatics and experimental biology students (Biological
Data Analysis with R and High-throughput Data Analysis with R). The material is divided into
chapters based upon the experimental methods used in the laboratories. Key features include: •
Broad appeal--the authors target their material to researchers in several levels, ensuring that the
basics are always covered. • First book to explain how to use R and Bioconductor for the analysis of
several types of experimental data in the field of molecular biology. • Focuses on R and
Bioconductor, which are widely used for data analysis. One great benefit of R and Bioconductor is
that there is a vast user community and very active discussion in place, in addition to the practice of
sharing codes. Further, R is the platform for implementing new analysis approaches, therefore novel
methods are available early for R users.
  gsea analysis in r: Statistics and Data Analysis for Microarrays Using R and
Bioconductor Sorin Draghici, 2016-04-19 Richly illustrated in color, Statistics and Data Analysis for
Microarrays Using R and Bioconductor, Second Edition provides a clear and rigorous description of
powerful analysis techniques and algorithms for mining and interpreting biological information.
Omitting tedious details, heavy formalisms, and cryptic notations, the text takes a hands-on,
example-based approach that teaches students the basics of R and microarray technology as well as
how to choose and apply the proper data analysis tool to specific problems. New to the Second
EditionCompletely updated and double the size of its predecessor, this timely second edition
replaces the commercial software with the open source R and Bioconductor environments. Fourteen
new chapters cover such topics as the basic mechanisms of the cell, reliability and reproducibility
issues in DNA microarrays, basic statistics and linear models in R, experiment design, multiple
comparisons, quality control, data pre-processing and normalization, Gene Ontology analysis,
pathway analysis, and machine learning techniques. Methods are illustrated with toy examples and
real data and the R code for all routines is available on an accompanying downloadable resource.
With all the necessary prerequisites included, this best-selling book guides students from very basic
notions to advanced analysis techniques in R and Bioconductor. The first half of the text presents an
overview of microarrays and the statistical elements that form the building blocks of any data
analysis. The second half introduces the techniques most commonly used in the analysis of
microarray data.

https://stage.support.buyingbuddy.com/archive-th-151/gsea-analysis-in-r.pdf


  gsea analysis in r: Genome Data Analysis Ju Han Kim, 2019-04-30 This textbook describes
recent advances in genomics and bioinformatics and provides numerous examples of genome data
analysis that illustrate its relevance to real world problems and will improve the reader’s
bioinformatics skills. Basic data preprocessing with normalization and filtering, primary pattern
analysis, and machine learning algorithms using R and Python are demonstrated for gene-expression
microarrays, genotyping microarrays, next-generation sequencing data, epigenomic data, and
biological network and semantic analyses. In addition, detailed attention is devoted to integrative
genomic data analysis, including multivariate data projection, gene-metabolic pathway mapping,
automated biomolecular annotation, text mining of factual and literature databases, and integrated
management of biomolecular databases. The textbook is primarily intended for life scientists,
medical scientists, statisticians, data processing researchers, engineers, and other beginners in
bioinformatics who are experiencing difficulty in approaching the field. However, it will also serve as
a simple guideline for experts unfamiliar with the new, developing subfield of genomic analysis
within bioinformatics.
  gsea analysis in r: Integrative Toxicogenomics: Analytical Strategies to Amalgamate Exposure
Effects with Genomic Sciences Pierre R. Bushel, Weida Tong, 2019-04-09 Toxicogenomics combines
the use of toxicology and genomic sciences to elucidate chemical, toxic and environmental stressor
effects on biological systems. Integrative toxicogenomics requires innovation in bioinformatics,
statistics and systems toxicology and typically a combination of the utility of two of more of these
disciplines to better understand molecular mechanisms involved in toxic responses. This Frontiers in
Toxicogenomics Research Topic eBook focuses on integrative toxicogenomics more so at the late
stage (analyzing each data set separately and then merging the results ) and brings together
analyses that combine gene expression (microarray, TempO-Seq or RNA-Seq) with other data
(biological assays, clinical chemistry, therapeutic categories or molecular pathways) or highlights
data analytics that leverage bioinformatics and statistics. The eight articles illustrate the state-of-art
in the field and the analysis of toxicogenomics data for a more comprehensive deduction of
biological mechanisms and cellular functions associated with adverse outcomes from environmental
exposures, chemicals and toxicants. However, it is clear that the field of integrative toxicogenomics
needs considerably more attention paid to it in order to develop other clever ways of integrating the
data for analysis.
  gsea analysis in r: Integrative Omics Manish Kumar Gupta, Pramod Katara, Sukanta Mondal,
Ram Lakhan Singh, 2024-05-03 Integrative Omics: Concepts, Methodology and Applications provides
a holistic and integrated view of defining and applying network approaches, integrative tools, and
methods to solve problems for the rationalization of genotype to phenotype relationships. The
reference includes a range of chapters in a systemic 'step by step' manner, which begins with the
basic concepts from Omic to Multi Integrative Omics approaches, followed by their full range of
approaches, applications, emerging trends, and future trends. All key areas of Omics are covered
including biological databases, sequence alignment, pharmacogenomics, nutrigenomics and
microbial omics, integrated omics for Food Science and Identification of genes associated with
disease, clinical data integration and data warehousing, translational omics as well as omics
technology policy and society research. Integrative Omics: Concepts, Methodology and Applications
highlights the recent concepts, methodologies, advancements in technologies and is also well-suited
for researchers from both academic and industry background, undergraduate and graduate students
who are mainly working in the area of computational systems biology, integrative omics and
translational science. The book bridges the gap between biological sciences, physical sciences,
computer science, statistics, data science, information technology and mathematics by presenting
content specifically dedicated to mathematical models of biological systems. - Provides a holistic,
integrated view of a defining and applying network approach, integrative tools, and methods to solve
problems for rationalization of genotype to phenotype relationships - Offers an interdisciplinary
approach to Databases, data analytics techniques, biological tools, network construction, analysis,
modeling, prediction and simulation of biological systems leading to 'translational research', i.e.,



drug discovery, drug target prediction, and precision medicine - Covers worldwide methods,
concepts, databases, and tools used in the construction of integrated pathways
  gsea analysis in r: The role of immunophenotype in tumor immunotherapy response Fu
Wang, Jian Song, Chuyan Wu, Jimei Wang, 2023-07-03
  gsea analysis in r: Genomics of immunoregulation and inflammatory responses in the
tumor microenvironment Lan Zhao, Yunpeng Cai, William C. Cho, 2023-03-15
  gsea analysis in r: Immune Responses and Immunotolerance in the Process of Reproduction
Yin Tailang, Li Jin, Xiaomiao Zhao, Hai Huang, 2024-01-11
  gsea analysis in r: Computational Methods for Multi-Omics Data Analysis in Cancer
Precision Medicine Ehsan Nazemalhosseini-Mojarad , Claudia Cava, 2023-08-02 Cancer is a
complex and heterogeneous disease often caused by different alterations. The development of
human cancer is due to the accumulation of genetic and epigenetic modifications that could affect
the structure and function of the genome. High-throughput methods (e.g., microarray and
next-generation sequencing) can investigate a tumor at multiple levels: i) DNA with genome-wide
association studies (GWAS), ii) epigenetic modifications such as DNA methylation, histone changes
and microRNAs (miRNAs) iii) mRNA. The availability of public datasets from different multi-omics
data has been growing rapidly and could facilitate better knowledge of the biological processes of
cancer. Computational approaches are essential for the analysis of big data and the identification of
potential biomarkers for early and differential diagnosis, and prognosis.
  gsea analysis in r: Community series in unveiling the tumor microenvironment by
machine learning to develop new immunotherapeutic strategies, volume II Ping Zheng,
Meng Zhou, Jun Liu, Nan Zhang, 2024-02-06
  gsea analysis in r: Recent Advances in Endometriosis: from Bench to Clinical Application
Achmad Kemal Harzif, Budi Wiweko , Iveta Yotova, Mila Maidarti, 2025-02-27 Endometriosis is a
benign and enigmatic disease estimated to affect 6–10% of women of reproductive age. It has been
associated with two significant problems, chronic pelvic pain and subfertility. Endometriosis is an
estrogen-dependent disorder described as the presence of endometrial glands and stroma outside
the uterine cavity. This disease may have undesirable consequences on a woman's physical and
emotional well-being. Accordingly, it may attenuate women's quality of life and productivity.
Likewise, Endometriosis can cause substantial economic and social problems for patients, families,
and society. Despite its high prevalence, cost, and many published articles, the pathogenesis of
Endometriosis remains controversial due to the lack of robust evidence. This issue may consequently
restrict our understanding of the disease and decelerate innovation in diagnostic and treatment
options. It is now well accepted that a combination of genetic, hormonal, and immunological factors
may contribute to the development of Endometriosis. Endometriosis treatments have been primarily
focused on alleviating the symptoms and not the underlying mechanisms of the disease. The nature
of individual influencing factors, immune system and peritoneal cavity of women with Endometriosis
remains to be elucidated. Although the advances in research over the years have enhanced our
understanding associated with hormones and their receptors, immune disorder, the principle of
hormonal treatments for Endometriosis, comprehensive and interdisciplinary approaches to disease
management, and awareness for patients and health care providers are compulsory to eradicate
stigma, intensify an accurate diagnosis and permit for new developments.
  gsea analysis in r: Biomarkers and Therapeutic Targets of Reprogrammed Tumor Metabolism
Wei Zhao, Zhe-Sheng Chen, Haishi Qiao, 2022-05-10
  gsea analysis in r: Identification of Multi-Biomarker for Cancer Diagnosis and Prognosis based
on Network Model and Multi-omics Data Chunquan Li, Dechao Bu, Dechen Lin Lin, Sun Liang,
Masaharu Hazawa, 2023-03-02
  gsea analysis in r: Multi-omics in studying the mechanisms of anti-cancer drugs resistance and
toxicity Jian Zhang, Clare Y. Slaney, Haitao Wang, Rudy Leon De Wilde, 2023-04-18
  gsea analysis in r: Vascular Immunity and Ischemic Stroke Yanlin Zhang, Xia Wang , Jie
Lu, 2024-11-18 Ischemic stroke is among the most severe diseases threatening human health, of



which atherosclerosis is the main pathophysiological basis. In recent years, both basic and clinical
studies have confirmed that the immune system plays a core regulatory role in the occurrence and
development of atherosclerosis. Some patients with systemic immune diseases are more likely to
develop atherosclerosis, and its severity is higher than in patients without systemic immune
disorders. Immune cells are also involved in brain tissue damage and repair after ischemic stroke.
The clinical application of monoclonal antibodies targeting B cell surface molecules (such as CD20)
and survival factors (such as BAFF) in some chronic inflammatory diseases such as rheumatoid
arthritis and psoriasis also provides new directions for the immunotherapy in ischemic stroke.
However, finding the best target for drug intervention remains the biggest challenge and an
attractive target for new strategies for ischemic stroke.
  gsea analysis in r: Identification of Biomarkers for Cancer Immunotherapy: From
Bench to Bedside, volume I Chang Gu, Qingyuan Huang, Haoran Liu, Amr Ahmed El-Arabey,
2023-10-20 During the past few decades, immunotherapy has become an established pillar of cancer
treatment improving the survival of numerous patients with diverse solid and hematologic tumors.
The leading causes behind the success are the discovery of immune checkpoint inhibitors (ICIs) and
the development of chimeric antigen receptor (CAR) T/M/NK cells. As for ICIs, malignancies take
advantage of the inhibitory programmed cell death protein 1/programmed cell death protein ligand 1
(PD-1/PD-L1) or cytotoxic T-lymphocyte-associated protein (CTLA-4) pathways to evade the immune
system, and disruption of the axis by immune checkpoint inhibitors can achieve durable disease
remissions, which has been proved by basic researches and (pre-) clinical studies among lung
cancer, melanoma, renal cell cancer, head, and neck squamous cell carcinoma, urothelial cancer,
and Hodgkin’s disease. However, the 5-year survival rate of patients treated with ICIs varies with
each individual and also relies on tumor specific pathological or molecular subtypes. Besides, the
efficacy of ICIs is still limited in terms of drug resistance and fewer potential responders. Thus,
there is a big challenge to identify and develop more novel reliable ICIs, as well as sensibilize
existing ICIs for patients with drug resistance or even for non-responders.
  gsea analysis in r: New insights into innate immune cell-based immunotherapies in cancer
Mary Poupot-Marsan, Anne Caignard, Daniela Wesch, Virginie Lafont, Chiara Porta, 2024-04-17
  gsea analysis in r: Autoimmune and Autoinflammatory Diseases: from Genes to Metabolites in
the Discovery of Predictive, Diagnostic and Therapeutic Targets. Evangelia Sarandi, Dimitris
Tsoukalas, Vassileios Fragoulakis, Aristidis M. Tsatsakis, 2025-02-07 Autoimmune and
autoinflammatory diseases are increasingly being recognized as an important health challenge with
a significant impact on patient’s quality of life. Early diagnosis is a key determinant of the
progression and proper management of these diseases. Ongoing research advancements have led to
the implementation of omics techniques, such as genomics and metabolomics, to identify disease
biomarkers that could serve as potential diagnostic and therapeutic targets. However, their
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