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Open data - Why make data available?
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Accelerated Discovery
Openly available datasets enable researchers to build upon existing work, validate 

each other’s findings, and accelerate scientific discovery without repeating costly and 

time-consuming data collection.

Helps ensure we don’t miss breakthroughs
There are countless ways to analyze any given dataset. What appears as noise to 
one researcher might represent a key discovery to another, depending on their 

perspective or analytical approach.

Improved Integrity and Reproducibility
When the underlying data are accessible, researchers can verify one another’s work 

and ensure that conclusions rest on a solid foundation.

Accountability and Transparency
Making data publicly available promotes transparency and accountability, and 

enables informed civic participation in policy decisions.



FAIR your data

3https://www.biomeris.it/en/introduction-fair-principles/
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https://www.ashg.org/wp-

content/uploads/2023/10/ASHG_Success_Stories-Data-Sharing-Final.pdf



‘Data Availability Statements’ in a research paper
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• An article’s data availability statement lets a reader know where and how 

to access data that support the results and analysis.

• Data availability statements are important because they support validation, 

reuse and citation of research data.



Major repositories for public high-throughput data
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Repository type Repository names Typical data type Note

Public repositories for non-

sensitive data

GEO, ENA, SRA, 

ArrayExpress

Bulk & single-cell RNA-seq, 

microarray, ChIP-seq, 

ATAC-seq

Processed or raw 

expression data, no 

identifiable human info

Public repositories for 

sensitive data

dbGAP, EGA, JGA Human WGS, WES, 

genotype, clinical / 

phenotype, RNA-seq

Require DAC approval, 

human identifiable data

Project-specific repositories GDC (TCGA, TARGET), 

ICGC

Cancer multi-omics (WES, 

RNA-seq, methylation, 

clinical)

NIH- or consortium-based 

data portals

Single-cell and spatial data 

portals

Human Cell Atlas, 

Single Cell Portal

scRNA-seq

Proteomics repositories PRIDE, PeptideAtlas Mass spectrometry 

proteomics

Processed protein 

identification and 

quantification

Metabolomics repositories MetaboLights, 

Metabolomics Workbench

LC-MS, GC-MS 

metabolomics



GEO & SRA
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• A public repository maintained by NCBI for sharing gene expression 

and functional genomics data.

• Stores PROCESSED or NORMALIZED data such as expression 

matrices and sample annotations.

• Common data types: microarray, RNA-seq, ChIP-seq, ATAC-seq, 
and single-cell RNA-seq.

• A global repository jointly maintained by NCBI, EBI, and DDBJ.

• Stores RAW SEQUENCING data (FASTQ) generated by high-

throughput technologies.

• Enables users to re-analyze data using their own pipelines or 

updated reference genomes.



Relationship between SRA and GEO

8

BioProject

SRA study

GEO Series

GEO Samples

SRA Run

GEO Platform

(PRJNAxxxxx)

(SRPxxxxx)

(GSExxxxx)

(GSMxxxxx)

(SRRxxxxx)

(GPLxxxxx)

A single GSE may correspond to multiple GSMs, and each GSM can be linked to one or more SRRs.

/ BioSample (SAMNxxxxx)
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Project → Sample → Experiment → Run
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Extract FASTQ-files from SRA-accessions using SRA Toolkit
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https://github.com/ncbi/sra-tools



SRA Toolkit – Step 1: download datasets
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# Example: download a single run
prefetch SRR1234567

# Example: download multiple runs listed in a text file
prefetch --option-file SRR_AccList.txt

# Example: specify download directory
prefetch --output-directory /data/SRA SRR1234567

prefetch retrieves SRA files (.sra) from a given accession ID (SRR, SRX, SRP, etc.)



SRA Toolkit – Step 2: convert SRA to FASTQ files
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# Basic conversion
fasterq-dump SRR1234567

# Specify output directory
fasterq-dump SRR1234567 -O /data/fastq/

# Use multi-threading for large files
fasterq-dump SRR1234567 -e 8 -O /data/fastq/

After downloading .sra, convert to FASTQ format using fasterq-dump

For spots having 2 reads (paired-end reads), the reads are written into the *_1.fastq and 

*_2.fastq files. Unmated reads are placed in *.fastq.



How the fasterq-dump work
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Analyzed processed GEO data using GEO2R
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Functions of GEO2R
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• Web-based analysis tool integrated into the NCBI GEO database.

• Allows users to compare two or more groups of samples within a GEO Series (GSE).

• Provides an interactive interface without requiring programming skills.

• Performs differential expression analysis using the limma package.

• Automatically normalizes and log-transforms data when appropriate.

• Enables sample grouping and visualization of group differences.

• Generates volcano plots and boxplots for quick exploratory analysis.

• Outputs a table of differentially expressed genes with logFC, p-values, and adjusted 

p-values (FDR).

• Allows downloading of results in text or Excel format.

• Provides links to annotation and gene information directly from the result table.

• Works primarily with processed microarray or RNA-seq expression matrices 

available in GEO.



GEO2R: To learn more, please read this page
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https://www.ncbi.nlm.nih.gov/geo/info/geo2r.html



GEO2R: define groups
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Step 1.

Step 2.



GEO2R: set options
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GEO2R: analysis results
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GEO2R: visualization
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To evaluate the quality of data

To evaluate the quality of statistic test

To display the differentially expressed genes



GEO2R: gene expression exploration
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GEO2R: automatically generated analysis script 
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GEQquery (R package)
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Fetch GEO processing data via GEOquery
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library("GEOquery")

gseid <- "GSE124226"
gset <- getGEO(gseid, GSEMatrix =TRUE, AnnotGPL=TRUE)
gset1 <- getGEO(gseid, GSEMatrix =TRUE, AnnotGPL=FALSE)

class(gset)
#> 'list’
names(gset)
#> 'GSE124226_series_matrix.txt.gz'

gset <- gset[[1]]
gset1 <- gset1[[1]]

class(gset)
#> 'ExpressionSet'



Data structure of ExpressionSet object
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exprs(gset)

pData(gset)

fData(gset)

F
e
a
tu

re
s

Samples

A
tt
ri

b
u
te

s

Feature info.

Feature table

Sample table/Metadata

Expression matrix



Expression matrix: exprs()
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Phenotype/sample data: pData()

29



AnnotGPL=TRUE / FALSE
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AnnotGPL: A boolean defaulting to FALSE as to whether or not to use the Annotation 

GPL information. These files are nice to use because they contain up-to-date 

information remapped from Entrez Gene on a regular basis. 

AnnotGPL=TRUE

AnnotGPL=FALSE



Collaboration and data exchange between NCBI and EMBL-EBI repositories

31

ArrayExpress

INSDC

INSDC (International Nucleotide Sequence Database Collaboration) ensures 

data synchronization among NCBI (SRA), EBI (ENA), and DDBJ (DRA, Japan).

Import



Databases for archiving and distributing human-sensitive data
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Human genomics data, Controlled data

NCBI (U.S.)

https://dbgap.ncbi.nlm.nih.gov/

NIH-funded human genomic studies

EMBL-EBI (Europe)

https://ega-archive.org/



Common Features of dbGaP and EGA
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• Purpose

Both are repositories for human genomic and phenotypic data that require controlled access due to 

privacy and ethical concerns.

• Data type

Store individual-level, potentially identifiable human data — such as genotype, sequencing, clinical, 
and phenotype data.

• Controlled access model

Researchers must apply for access via a Data Access Committee (DAC), specifying study purpose and 

data-use agreement.

• Ethical and legal compliance
Governed by informed consent, IRB/ethics approval, and data-use restrictions defined by the original 

study.

• Metadata and study registration

Each study includes metadata describing cohort design, sample type, and consent group.

• Data security
Both provide secure infrastructure for storage, transfer, and auditing of sensitive datasets.



dbGaP / EGA Data Access Procedure
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Create an 

account to 

submit a request

Submit a request 

for access to 

controlled data

Review of the 

request by DAC 

(Data Access 

Committee)

Approval of the 

request and 

granting of 

access 

permission

• Research proposal

• Data Access 

Agreement 

(Institute to Institute)

• dbGAP: only PIs can 

create the account 

(eRA)

https://grants.nih.gov/policy-and-compliance/policy-topics/sharing-policies/accessing-data/dbgap

https://ega-archive.org/access/request-data/how-to-request-data/



Who can apply for access to controlled data in dbGaP?
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Those eligible to apply for data access must be a permanent employee of their institution 

and either:

• At a level equivalent to a tenure-track professor

• Senior scientist with responsibilities that may include laboratory or research program 
administration and oversight.

Laboratory staff and trainees such as graduate students and postdoctoral fellows are NOT

permitted to submit data access requests in dbGaP. However, they may be part of projects 

using such data when the projects are overseen by an eligible user.

Investigators not affiliated with NIH must have an eRA account to access dbGaP.



36https://www.youtube.com/watch?v=m0xp_cCO7kA



Submit a request to access controlled data in EGA
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Submit a request to access controlled data in EGA
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Accessing TCGA data: GDC data portal
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https://portal.gdc.cancer.gov/



Accessing TCGA data: GDC data portal
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Open-access data can be downloaded directly, 

whereas controlled-access data require approval through dbGaP before download.



Accessing processed TCGA data: R package TCGABiolink
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Overview of TCGAbiolinks functions. 

42Colaprico A. et al. 2016. NAR



Accessing processed TCGA data: cBioPortal
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https://www.cbioportal.org/



Accessing processed TCGA data: Xena
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https://xenabrowser.net/



Single Cell Expression Atlas
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https://www.ebi.ac.uk/gxa/sc/home



Single Cell Portal
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https://singlecell.broadinstitute.org/



Comparison: Single Cell Expression Atlas vs. Single Cell Portal
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Single Cell Expression Atlas Single Cell Portal

Host Organization EMBL-EBI Broad Institute

Purpose Centralized resource for exploring 

standardized, reprocessed single-cell 

datasets across multiple species

Platform for uploading, sharing, and 

interactively exploring single-cell 

studies

Data Source Public datasets collected and re-

analyzed using uniform pipelines

Researcher-submitted studies, often 

directly from publications

Standardization 

Level

High — datasets are normalized and 

annotated for cross-study comparison

Variable — depends on individual 

study submissions

User Uploads Not user-uploadable (curated by 

EMBL-EBI team)

Users can upload and publish their 

own datasets

Data Download 

Options

Processed (normalized) data, 

metadata, and cell type annotations

Raw and/or processed files; 

downloadable visualizations



What is a batch effect?
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• Non-biological variations introduced by experimental or 

technical factors.

• Can mask true biological signals or create false-positive 

differences.

• Common in public datasets integrated from different 

studies or platforms.



Batch correction is very important for data integration

49doi: 10.1038/nbt.4096



Scenarios: Is it possible to remove the batch effect?
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Dataset 1

RNA-seq

Normal muscle tissues 

(n = 10)

Dataset 2

RNA-seq

Disease muscle tissues 

(n = 8)

Dataset 3

RNA-seq

Disease/normal muscle 

tissues (n = 10, 6)

Dataset 4

Microarray

Disease/normal muscle 

tissues (n = 8, 7)

Dataset 5

RNA-seq

Disease/normal muscle 

tissues (n = 10, 6)

Dataset 6

RNA-seq

Disease/normal muscle 

tissues (n = 7, 7)



Single-cell data integration and batch effect correction

5110.1038/s41587-019-0113-3



Batch-effect correction methods: which is best?

5210.1186/s13059-019-1850-9



Before batch-effect removal
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Color indicates biological groups; shape indicates batches



After batch-effect removal
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Color indicates biological groups; shape indicates batches



How dose ‘batch effect removal’ work?
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Assumption: The distribution of biological groups (e.g., disease vs 

control) is similar  across batches.

Batch-effect removal algorithm

Batch1 Batch2 Batch1 Batch2



Batch effect adjustment for RNA-seq count data: ComBat-seq
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# Install from GitHub
install.packages("devtools")
devtools::install_github("zhangyuqing/sva-devel")

library(sva)
adjusted <- ComBat_seq(count_matrix, batch=batch)

https://github.com/zhangyuqing/ComBat-seq



Batch effect adjustment for normalized expression matrix (RNA-seq/microarray)

57

## Using limma
library(limma)
adjusted <- limma::removeBatchEffect(exprs_matrix, batch=batch)

## Using ComBat
library(sva)
adjusted <- sva::ComBat(exprs_matrix, batch=batch)



An alternative to integration: Meta-Analysis

58

Disease Controlvs.
Dataset #1

RNA-seq

Disease Controlvs.
Dataset #2

RNA-seq

Disease Controlvs.
Dataset #3

Microarray

Disease Controlvs.
Dataset #4

Microarray

Meta-analysis strategies:

• Identify common or consensus DE genes

• Combine p-values across studies

• Combine effect sizes across datasets

• Combine gene rankings

R packages: 

GeneMeta, metaRNASeq, 

metafor, RobustRankAggreg


	Slide 1
	Slide 2: Open data - Why make data available?
	Slide 3: FAIR your data
	Slide 4
	Slide 5: ‘Data Availability Statements’ in a research paper
	Slide 6: Major repositories for public high-throughput data
	Slide 7: GEO & SRA
	Slide 8: Relationship between SRA and GEO
	Slide 9
	Slide 10
	Slide 11
	Slide 12: Extract FASTQ-files from SRA-accessions using SRA Toolkit
	Slide 13: SRA Toolkit – Step 1: download datasets
	Slide 14: SRA Toolkit – Step 2: convert SRA to FASTQ files
	Slide 15: How the fasterq-dump work 
	Slide 16: Analyzed processed GEO data using GEO2R
	Slide 17: Functions of GEO2R
	Slide 18: GEO2R: To learn more, please read this page
	Slide 19: GEO2R: define groups
	Slide 20: GEO2R: set options
	Slide 21: GEO2R: analysis results
	Slide 22: GEO2R: visualization
	Slide 23: GEO2R: gene expression exploration
	Slide 24: GEO2R: automatically generated analysis script 
	Slide 25: GEQquery (R package)
	Slide 26: Fetch GEO processing data via GEOquery
	Slide 27: Data structure of ExpressionSet object
	Slide 28: Expression matrix: exprs()
	Slide 29: Phenotype/sample data: pData()
	Slide 30: AnnotGPL=TRUE / FALSE
	Slide 31: Collaboration and data exchange between NCBI and EMBL-EBI repositories
	Slide 32: Databases for archiving and distributing human-sensitive data
	Slide 33: Common Features of dbGaP and EGA
	Slide 34: dbGaP / EGA Data Access Procedure
	Slide 35: Who can apply for access to controlled data in dbGaP?
	Slide 36
	Slide 37: Submit a request to access controlled data in EGA
	Slide 38: Submit a request to access controlled data in EGA
	Slide 39: Accessing TCGA data: GDC data portal
	Slide 40: Accessing TCGA data: GDC data portal
	Slide 41: Accessing processed TCGA data: R package TCGABiolink
	Slide 42: Overview of TCGAbiolinks functions. 
	Slide 43: Accessing processed TCGA data: cBioPortal
	Slide 44: Accessing processed TCGA data: Xena
	Slide 45: Single Cell Expression Atlas
	Slide 46: Single Cell Portal
	Slide 47: Comparison: Single Cell Expression Atlas vs. Single Cell Portal
	Slide 48: What is a batch effect?
	Slide 49: Batch correction is very important for data integration
	Slide 50: Scenarios: Is it possible to remove the batch effect?
	Slide 51: Single-cell data integration and batch effect correction
	Slide 52: Batch-effect correction methods: which is best?
	Slide 53: Before batch-effect removal
	Slide 54: After batch-effect removal
	Slide 55: How dose ‘batch effect removal’ work?
	Slide 56: Batch effect adjustment for RNA-seq count data: ComBat-seq
	Slide 57: Batch effect adjustment for normalized expression matrix (RNA-seq/microarray)
	Slide 58: An alternative to integration: Meta-Analysis

