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A B S T R A C T

Transcriptome analyses are widely used for biological research. Gene ontology (GO) enrichment analysis is often 
used for effectively analyzing large data matrices. However, various software and methods can be used for 
performing GO enrichment analyses, which might lead to different conclusions. To date, there is no agreement 
whatsoever in the scientific research community about standards and processes for analysis; moreover, the 
description about such analyses in previous research is often brief, causing difficulties in both research repro
ducibility and manuscript review. Herein, we introduce the advantages of different tools and methods, while the 
limitations or problems are stated. We found that the essential key to improving the reproducibility and accuracy 
of GO enrichment analyses was to set appropriate thresholds in data processing and might combine different GO 
methods to avoid the limitations of each one. Finally, research associations might need to consider draft- 
standardized generic transcriptomic analysis standards to promote advances in biological research.

1. Introduction

Transcriptome analyses, including single-cell RNA sequencing 
(scRNA-seq), spatial transcriptomic analysis, bulk-RNA sequencing 
(bulkRNA-seq), and RNA micro-array are widely used in current bio
logical research [1,2]. These powerful tools allow researchers for 
quickly and accurately identifying the differences between two groups, 
cell clusters, or different spatial locations. In addition, compared with 
the older biology research methods detecting transcriptome changes, 
such as real-time quantitative Polymerase Chain Reaction (qPCR), these 
tools provide broad and overall results of the transcriptome changes, 
indicating that the most valuable research directions from thousands of 
genes are changing [3,4], providing potential directions worth noting 
and elucidating [5,6].

Currently, methods for analyzing differential gene expression (DEG) 
from transcriptome analyses have made significant progress [7,8]; many 
studies reported methods for data analysis [8,9], data standardization 
[10,11], and group comparison, making these tools available to every 
biological and medical researcher [12,13]. Regarding pairwise 
comparative analyses, gene ontology (GO) enrichment (or pathway 
enrichment) analysis is often used for identifying significant changes in 
biological pathways [14]. However, various software and methods can 

be used for performing GO enrichment analyses, which might lead to 
different conclusions. Moreover, there is no agreement whatsoever in 
the scientific research community about standards and processes for 
analysis. Furthermore, the description about such analyses in articles is 
often brief, causing difficulties in both research reproducibility and 
manuscript review. Therefore, standards for such analysis should be 
established by the scientific community to improve the accuracy and 
reproducibility of scientific research.

Herein, we introduce the advantages of different tools and methods 
and a few limitations or problems found in actual processes [15–19]. 
The findings in this study might provide some insights and recommen
dations for the GO analysis process to beginners in GO analysis and tips 
for senior researchers to review and inspect articles.

2. GO enrichment analyses based on threshold setting

Herein, we summarize the tools of enrichment analyses into two 
types: one relies on setting a statistical threshold to filter out the gene 
set, tools such as database for annotation visualization and integrated 
discovery (DAVID), Metascape, and Genome enrichment (GO) analysis 
(Fig. 1a). The other type takes gene function and expression differences 
into the calculation process and summarizes the results with direction
ality of functional change, indicating directionality of pathways, such as 
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gene set enrichment analysis (GSEA) and Ingenuity Pathway Analysis 
(IPA) (Fig. 1b).

Methods or tools using gene sets filtered out by a statistical threshold 
on DEG are commonly used for the analyses of bulk-RNAseq, single-cell 
RNA sequencing, spatial transcriptomic analysis, and any other tran
scriptional analyses to summarize the overall changes between the 
groups [20]. With a large number of pathways or signaling databases, 
this type of analysis covers almost all known biological activity path
ways; analyses using these types of tools and methods are simple and fast 
to perform.

The DAVID is a popular bioinformatics resource system that includes 
a web server and service for functional enrichment analysis, published in 
ten papers since 2003 [21,22]. DAVID's functional annotation tools 
identify enriched biological themes and GO terms and might create 
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway [23–25] 
maps to visualize gene expression changes. Its main advantage is that it 
can cluster and classify result terms by level, providing clear relationship 
information between genes, pathways, and biological processes. How
ever, although the DAVID provides a gene ID conversion function, an
alyses using gene symbols are difficult to set up and implement.

GO analysis, officially published in 2000 [26], provides a compre
hensive and up-to-date computational model for analyzing the signifi
cance and relationships of genes, such as proteins and non-coding RNAs 
[27–29]. Using GO analysis, these aspects can be divided into three 

categories: Molecular function, biological process, and cellular compo
nents. The results are presented in a table that can be obtained imme
diately from GO analysis. However, visualization of enrichment results 
must be performed manually after analysis using other software or tools.

Metascape, launched in 2015, provides an integrated and user- 
friendly web tool designed to facilitate multi-platform OMICs data 
analysis [30]. The setup of enrichment analysis using Metascape is easy 
and clear; it can automatically identify various formats of gene ID. In 
addition, it generates a brief analysis report and a few bar charts sort the 
pathways or biological processes by p values and visualizes enrichment 
networks. However, reports and charts automatically generated by 
Metascape combine terms or pathways from different databases, such as 
GO, Wiki pathway, KEGG, and Reactome Gene Sets, which might result 
in duplicate pathways from different databases. Manual reorganization 
of results is necessary before publication.

However, these analytical methods are easy to perform; the database 
is abundant of almost all known biological processes and pathways. 
There are two main limitations to these analyses: First, these methods 
rely on the gene set filtered from the data, which is highly affected by 
statistical calculation methods and threshold settings (Fig. 2a). Second, 
the results of these methods only provide information on pathways 
related to the DEGs but cannot indicate direction of the difference.

3. Appropriate threshold setting may improve the 
reproducibility and accuracy

To overcome the limitations of enrichment analyses based on 
threshold settings, an appropriate statistical method and clear descrip
tion about the method used for data processing are essential for repro
ducibility. For instance, data processing should consider a quality 
control procedure and use the false discovery rate (FDR) to correct the p 
value.

FDR, introduced by Benjamini and Hochberg in 1995, describes the 
rate at which null hypothesis testing produces errors. It has since 
become an essential tool for interpreting large datasets to reduce type I 
error [31,32]. Considering transcriptome analysis, the Benjamini and 
Hochberg FDR correction methods are often used (Fig. 2b). However, 
these methods are affected by quality control procedures. Different 
conditions of the quality control procedure will change the total tests as 
the “m” in the formal of the B–H's method. Ultimately, this caused 
changes in the filtered gene set for GO enrichment analysis.

Abbreviation

scRNA-seq Single-cell RNA sequencing
bulkRNA-seq Bulk-RNA sequencing
Realtime-qPCR Quantitative Polymerase Chain Reaction
GO enrichment analysis Gene ontology enrichment analysis
DAVID Database for annotation visualization and integrated 

discovery
GSEA Gene set enrichment analysis
IPA Ingenuity Pathway Analysis
KEGG (Kyoto Encyclopedia of Genes and Genomes)
FC Fold change
FDR False discovery rate

Fig. 1. Different process of Gene Onotolgy (GO) Enrichment analyses (a) The process of GO enrichment analyses based on threshold setting. (b) The process of GO 
enrichment analyses shows directionality of functional change.
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Usually, Fold change (FC) ≥2; p value < 0.05 with 5% FDR are often 
used and recommended as the default threshold for bulkRNA-seq anal
ysis. However, because the detection method of microarrays is based on 
fluorescence intensity, its sensitivity is inferior to that of bulk RNA-seq. 
The 5% FDR correction might be too powerful and cause the gene list to 
be filtered from the data, thereby less encouraging to proceed with GO 
enrichment analysis (Fig. 2c). Moreover, such condition (FC ≥ 2; p 
value < 0.05 with 5% FDR) will filter far more genes than needed from 
the scRNAseq or spatial transcriptomic analysis for GO enrichment 
analysis (Fig. 2c). Using these analyses, a flexible adjustment of p values 
is necessary; moreover, the FC can be adjusted as an alternative. How
ever, adjustment of the threshold setting must be clearly described to 
ensure reproducibility.

4. Enrichment analyses indicating directionality on pathways

In addition to the methods introduced above, GSEA [33] and IPA 
[34], which could indicate the directionality of pathways, are often used 
for omics dataset analysis. The results of these methods can provide 
clear information to readers about how and in which direction the dif
ference exists.

GSEA is a computational method developed in 2003. It provides an a 
priori defined set of genes S and determines whether the members of S 
would be randomly distributed throughout L or are primarily found at 
the top or bottom to determine trends in distribution. Moreover, GSEA 
might use a dataset from KEGG or GO to display the overall character
istics of the two datasets.

The IPA software was produced by QIAGEN. It provides a platform 
for the analysis of omics experiments such as RNA-seq, small RNA-seq, 
metabolomics, proteomics, microarrays including miRNAs, single- 
nucleotide polymorphisms, and small-scale experiments. Unlike GO 
analysis based on threshold settings, IPA is mainly based on raw data 
and can distinguish trends in biological pathway distribution. In addi
tion to biological pathway analysis, it can analyze molecular relation
ships and automatically visualize results.

However, regardless of whether GSEA or IPA is used, the omics 
dataset must be reformatted into a specific format for analysis. Addi
tionally, the results of GSEA only showed changes between the two 
groups and might have overexpanded the difference by a single sample 
(Fig. 3a). Therefore, a heat map showing related gene expression 
changes is recommended for proving that the changes are holistic be
tween the two groups.

5. Multiple method combination can be used for cross- 
validating the findings

Based on the above discussion, each method has its own advantages 
and disadvantages. To facilitate peer review and knowledge exchange, 
we used a combination of multiple GO analysis methods for cross- 
validating our findings. In particular, researchers might use GSEA to 
analyze specific pathways indicated by the GO enrichment method 
based on threshold settings to verify each gene change and its contri
bution to the pathway. Similarly, the results of GSEA might be highly 
affected by individual samples. To overcome these limitations, genes 
with significant individual sample differences can be filtered out after 
correct data processing. In addition, GO enrichment analysis based on 
threshold settings can be used for verifying the GSEA results (Fig. 3b). 
Additionally, the results of GO enrichment analyses based on closed- 
source datasets, such as IPA, cannot be easily reproduced. Therefore, 
other GO enrichment analysis methods should be used for proving the 
reproducibility of such analyses.

Lastly, researchers or research associations might need to consider 
draft-standardized, generic transcriptomic analysis standards to 
improve reproducibility and accuracy, facilitate academic exchanges, 
and promote advances in biological research. Currently, researchers 
might use appropriate threshold settings and multiple method combi
nations to describe data processing as much as possible for improving 
the quality and reproducibility of their own studies.

In conclusion, a higher standard of threshold setting and multiple 
methods combination might largely improve reproducibility of scientific 

Fig. 2. Threshold Setting will highly affect the results of Gene Onotolgy (GO) Enrichment analyses (a) Different threshold settings will filter different kinds of gene 
used for GO enrichment analysis, leading to different results. (b) Benjamini and Hochberg FDR correction formula. (c) Unappropriated threshold setting or using 
default threshold without adjustments may not be suitable for filtering gene set used for GO enrichment analysis.

Q. Guo et al.                                                                                                                                                                                                                                     Biochemistry and Biophysics Reports 46 (2026) 102599 

3 



research, such standard urgently needs further establishment.
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