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Molecular QTL mapping: 
The statistical foundations



Expression quantitative trait locus (eQTL) mapping detects 
variants that influence gene expression
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Molecular QTLs: same core idea, different phenotype layers
QTL Full Name Molecular Phenotype Assay Statistical Model Key Resource

Linear regression on normalized, continuous phenotypes

eQTL ★ expression QTL Gene expression level RNA-seq (bulk) Linear regression
GTEx Consortium, Science, 
2020 

pQTL protein QTL Protein abundance Mass spec / 
SomaScan

Linear regression Ferkingstad et al., Nat 
Genet 2021., Sun et al., 
Nat Genet 2023

caQTL chromatin 
accessibility 
QTL

Open chromatin peaks ATAC-seq 
(bulk)

Linear regression Calderon et al., Nat Genet 
2019

haQTL histone 
acetylation QTL

H3K27ac / H3K4me1 marks ChIP-seq 
(bulk)

Linear regression Hou et al., Nat Genet 2023

Require different models (bounded or compositional phenotypes)

mQTL methylation 
QTL

CpG methylation beta values Bisulfite-seq / 
array

Logit-transformed 
linear or beta 
regression

GoDMC Consortium, Nat 
Genet 2021; Oliva et al., 
Nat Genet 2023

sQTL splicing QTL Intron excision ratios RNA-seq (bulk) Dirichlet-
multinomial
or ratio-based (PSI)

GTEx Consortium, Science, 
2020 



The linear model: testing variant-expression associations

Y  =  β0  +  β1 G  +  β2 C  +  ε

Y
gene expression

(normalized read counts)

Key term
β₁ G

genotype effect size
G = 0, 1, or 2 (allele count)

β₂ C  +  ε
covariates + noise

(sex, age, PCs, PEER factors)

• Test: Is β₁ significantly different from zero? 

• Run for: each gene × each nearby variant (cis-window: ~1 Mb)

• Correct for multiple testing: permutations or Benjamini-Hochberg FDR per gene

Key assumption:
expression Y is approximately normally distributed and independent. 



Visualizing eQTL detection: genotype stratifies expression
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• Each box shows expression distribution for 
individuals with that genotype

• β₁ = slope = change in mean expression per 
additional testing allele

• eQTL detected when expression increases or 
decreases across genotype groups

Y = β₀ + β₁ G + β₂ C + ε

H0: β₁ ≠ 0    vs.  H1: β₁ = 0 



Covariates, multiple testing, and calling eGenes

Covariates (C)

• Genotype PCs (population 
stratification)

• Age, sex, batch

• PEER factors (hidden 
confounders in expression)

• Cell type composition (bulk)

Multiple Testing

• Millions of tests: ~20K genes 
x ~10M variants

• cis-window: test variants 
within +/- 1 Mb of gene

• Permutations: get null p-
value per gene, then BH-FDR 
across genes

• Tools: FastQTL, TensorQTL, 
Matrix eQTL

Output: eGenes

• eGene: a gene whose 
expression is influenced by at 
least one genetic variant

• Lead variant: top associated 
variant per gene

• GTEx (v9) detected ~16K eGenes 
across 49 tissues

This framework powers GTEx and all major bulk eQTL studies and 
assumes continuous, normally distributed expression
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Bulk RNA-seq measures gene expression in different tissues 
But Missing Cellular Variations
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Bulk RNA-seq measures gene expression in different tissues 
But missing cellular variations

Cells vary in different aspects (cell context): 
• Cell type 
• Cell state

➢ under stimulations/treatments
• Cell cycle phase

➢ Position in division cycle (G1, S, G2, M)
• Developmental stage
• Metabolic state

Whole Blood

Lung

Liver

Thyroid

AA CA CC
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