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Jackstraw
A method to perform inference on man
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Jackstraw Example: Yeast Cell Cycle

Recall the yeast cell cycle data from earlier. We will test which genes have
expression significantly associated with PC1 and PC2 since these both capture
cell cycle regulation.
> load("./data/spellman.RData")
> time
[1] 0 30 60 90 120 150 180 210 240 270 330 360 390

> dim(gene_expression)
[1] 5981 13
> dat <- t(scale(t(gene_expression), center=TRUE, scale=FALSE))

Test for associations between PC1 and each gene, conditioning on PC1 and
PC2 being relevant sources of systematic variation.
> jsobj <- jackstraw_pca(dat, r1=1, r=2, B=500, s=50, verbose=FALSE)
> jsobj$p.value %>% qvalue() %>% hist()

π̂0 = 0.357
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This is the most significant gene plotted with PC1.
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Test for associations between PC2 and each gene, conditioning on PC1 and
PC2 being relevant sources of systematic variation.
> jsobj <- jackstraw_pca(dat, r1=2, r=2, B=500, s=50, verbose=FALSE)
> jsobj$p.value %>% qvalue() %>% hist()

π̂0 = 0.41
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This is the most significant gene plotted with PC2.
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Surrogate Variable Analysis Example: Kidney Expression by Age

In Storey et al. (2005), we considered a study where kidney samples were
obtained on individuals across a range of ages. The goal was to identify genes
with expression associated with age.
> library(edge)
> library(splines)
> load("./data/kidney.RData")
> age <- kidcov$age
> sex <- kidcov$sex
> dim(kidexpr)
[1] 34061 72
> cov <- data.frame(sex = sex, age = age)
> null_model <- ~sex
> full_model <- ~sex + ns(age, df = 3)

> de_obj <- build_models(data = kidexpr, cov = cov,
+ null.model = null_model,
+ full.model = full_model)
> de_lrt <- lrt(de_obj, nullDistn = "bootstrap", bs.its = 100, verbose=FALSE)
> qobj1 <- qvalueObj(de_lrt)
> hist(qobj1)

π̂0 = 0.806
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Now that we have completed a standard generalized LRT, let’s estimate Z (the
surrogate variables) using the sva package as accessed via the edge package.
> dim(nullMatrix(de_obj))
[1] 72 2
> de_sva <- apply_sva(de_obj, n.sv=4, method="irw", B=10)
Number of significant surrogate variables is: 4
Iteration (out of 10 ):1 2 3 4 5 6 7 8 9 10
> dim(nullMatrix(de_sva))
[1] 72 6
> de_svalrt <- lrt(de_sva, nullDistn = "bootstrap", bs.its = 100, verbose=FALSE)

> qobj2 <- qvalueObj(de_svalrt)
> hist(qobj2)

π̂0 = 0.671
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> summary(qobj1)

Call:

qvalue(p = pval)

pi0: 0.8059662

Cumulative number of significant calls:

e



<1e-04 <0.001 <0.01 <0.025 <0.05 <0.1 <1
p-value 28 175 879 1802 3064 5431 34061
q-value 0 0 2 4 16 30 34061
local FDR 0 0 2 2 8 21 34061
> summary(qobj2)

Call:

qvalue(p = pval)

pi0: 0.6708454

Cumulative number of significant calls:

<1e-04 <0.001 <0.01 <0.025 <0.05 <0.1 <1
p-value 26 151 1022 2081 3635 6279 34061
q-value 0 0 0 3 4 47 34061
local FDR 0 0 0 1 3 28 34049
P-values from two analyses are fairly di�erent.
> data.frame(lrt=-log10(qobj1$pval), sva=-log10(qobj2$pval)) %>%

+ ggplot() + geom_point(aes(x=lrt, y=sva), alpha=0.3) + geom_abline()
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