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Motivating study: “iPSC differentiation into endoderm”
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Figure Credit: Sammy Thomas

Our big questions:

1. For each species, identify significant gene expression change since Day 0.

2. Between species, identify significant species difference in gene expression pattern during the
experiment.

3.  Among genes with significant species difference, characteristics and groupings of expression
curves.




Modeling time series gene expression data

Functional data analysis (FDA) models individual trajectories as a sample of random
functions, which are not parametrically specified (Muller, 2006). Examples of parametric trend
are linear or quadratic pattern, and an example of non-parametric trend is piecewise linear
trend. For example, for gene i and individual j at time Kk, Yiik = b (tjk:) + €ijk

Two methods to represent these functions

1. Basis expansion methods: represent the mean function as a linear combination of
basis function. An example is polynomial function.

P
s(t) = Brsk(?)

2. Smoothing splines: represent the mean function as a non-parametric function with
smoothness constraint to control the shape of the curve. N
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EDGE (Extracting Differential Gene Expression)

Storey et al, 2005: For every gene i and individual j, model each time series using
a natural cubic spline basis, specifically fitting a piecewise third-order polynomial
with continuous second-order derivative at the knots.
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Introducing the EDGE model

Storey et al, 2005: For every gene i and individual j at time point k,
Yijk = Hi(tjx) +Vij + €ijk

Individual random variation is model by 7y;;, with zero mean and gene-dependent variance.
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Key analytical concerns

e Choosing shape of the fitted curve
o How many degrees of polynomial?
o Same or different for every gene?

e Stating the null hypothesis
o Consider changes within a biological condition and changes between biological conditions
o  Within a biological condition
m Compare to baseline or the average
m |s there a control condition?
o Between biological conditions
m Condition-specific variation?
e Testing the null hypothesis

o Bootstrapping or not



Hypothesis testing: comparing expression trajectories

Under null hypothesis: Under alternative hypothesis:
Single trajectory across time Group-specific trajectories
(no group difference)

p A
3}’?5 = ZBZOkS(tJ) y”ﬁ' Z’B%ks(t Yi; = ZB S(t
k=1

E i time for G 2
Expression over time for Gene 2 (edge) xpression over time for Gene 2 (edge)

i ) - s 10.5-
s = Group

105 C 2
g Group in
2 w contn
0 @
i H ¢ pontred =
g . i —s— endotoen
= & = v 1]
i ¥ 3 »  endoloin 1

104-

103

10 15 =
] 10 15 ) 25 Time (hours)

Time (hours)



Computing test statistic

1. Compute sum of squares of the residuals under and under alternative.

N

SSP = "[yi; — 13 S8t = Z['gm Ui ]2+Zyzj vi; €

j=1

2. Construct a statistic that is proportional to the typical F statistic.

SSnull . Ssqlt
SSelt
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Obtaining null distribution of the test statistic

Bootstrap method

1.  Compute residuals from the alternative model fit, so for human samples, we get
within-individual residuals €;;, = y;x — @'5& and between-individual residuals r’jrg

2. Make bootstrapped data g3, = (ymk ﬁ«%) + e+

where e;‘ and f}f;.*‘ are randomly sampled with replacement from fitted residuals.

3. For each of the B iterations, compute F null statistic.



Choosing p pi(t) = Birsk(t)
k=1

Birs1(t) + Bizsa(t) + -+ + Bipsp(t)

p is determined by the number of regions, degree of polynomial and the number of
constraints at the endpoints. For natural cubic splines over 3 regions,

p = 3 regions x 3 x 2 constraints = 12

1. If pis too large, then we lose power because degrees of freedom are wasted.
2. If pistoo small, then power is lost because expression is not properly

modeled.
3. Varying p by genes resulted in over-fitting the data and artificially inflating the

significance.




EDGE versus maSigPro

Input measurement
Curve function

Null hypothesis

Allow individual replicates
Test statistic

Bootstrapped null distribution

Note. Next maSigPro is a RNA-seq version of maSigPro, which assumes negative binomial distribution of the data.

EDGE

Continuous
Natural cubic splines

Same trajectory across
groups

No

Proportion to F

Yes

maSigPro

Continuous
Polynomial

Same trajectory across
groups

No
F

No



Edge and maSigPro pipeline

https://jhsiac999.qithub.io/diff TimeExpression/analysis/
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Running edge and maSigPro on the same dataset

Interested in differences bet. 2 groups; Study design (from Calvano et al. 2005)
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Model comparison

EDGE: For every gene, person j, time Kk,
H : exp; = a, x group + Bj * spline basis + €1

(0]

H,: exp; = a, X group + Bj * spline basis + Y, * Bj * spline basis (interaction) + €1

maSigPro: For every gene person j, time Kk,
: 2
H :u + u1tj + uztj €,

. — 2 2
H,: exp,, = Bt [31tj + thj td + d1tj + d2tj t €



Comparison of results

Expression over time for Gene 2 Expression over time for Gene 2
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Edge

Cumulative number of significant calls:

p-value
g-value
local FDR
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Unadjusted p-value in maSigPro (df =2)

Comparison of unadjusted p-values in 2 programs

0.8

Unadjusted p-values (Pearson’s corr. = 0.341)
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When maSigPro calls a gene significant (adj. p-val. =

6.2*10%) and edge does not (adj. p-val = 0.90)
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When edge calls a gene significant (adj. p-val. = 0.093)
and maSigPro does not (adj. p-val. = 0.589)
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Edge Pipeline Part |

1) Create splines

# Null model: make the basis matrix for natural cubic splines
null_model <- ~grp + ns(tme, df = 2, intercept = FALSE)

# Full model: make the basis matrix for natural cubic splines
full_model <- ~grp + ns{tme, df = 2, intercept = FALSE) + (grp):ns(tme, df = 2, intercept = FALSE)

de_obj <- build models(data = endecexpr, cov = cov, full.model = full model, null.model = null_model)

2) Fit the null and full models using least sgs.

ef obj <- fit model={de obj, stat.type = "odp")




Edge Pipeline Part Il

3) Significance testing

de_odp <- odp(de_obj, bs.its = 58, verbose = FALSE, n.mods = 5@)

# See the results p-value density histogram

summary (de_odp)
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maSigPro Pipeline Part |

Time Replicate Group.l Group.?Z2

01.T1.1 @ 1 1 @

. . . 01.T2.1 e 1 1 @

1) Make the experimental design matrix G1.T6.1 O 1 1 0
L1.7T3.1 e 1 1 B

6G1.7T4.1 2 2 1 B

061.75.1 P 2 1 @

2) Make a regression matrix for the full regression model. Discussion: degrees!
matrix _endo_design <- make.design.matrix(final_endo_design, degree = 5)

Group.ZvsGroup.l Time TimexGroup.Z TimeZ TimeZxGroup.Z Time3d Time3xGroup.Z Timed

G1.T1.1 @ B %} ) %} ) @ B

G1.TZ2.1 @ 5} @ 0 @ 5} @ 5}

G1.T6.1 @ B @ ) @ ) @ B

G1.T3.1 @ @ @ @ %] @ @ @

G1.T4.1 @ 2 @ 4 @ B @ i

G1.75.1 @ 2 @ 4 @ g @ 16
TimedxGroup.2 Time5 TimeSxGroup.Z

G1.T1.1 1] ] 1]

G1.T2.1 ] ] ]

G1.76.1 ] %] ]

G1.T3.1 ] ] ]



maSigPro Part Il

3) Compute a regression fit for each gene. It will compute an unadjusted p-value
and a p-value associated with the F-statistic of the model (here, FDR = 10%)

endo_p_vector <- p.vector(t_endo_data, matrix_endo_design,| counts = TRUE, theta = 18,/Q = 8.1@, MT.adjust = "BH")
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Aside: degrees does matter for some genes

Regression for Gene 108 when degree = 5 | Regression for Gene 108 when degree = 2
" 35 ------------------------------ : B R :
! ! I I I ! T T T T T 1
¢ 2 4 6 9 o4 0 2 4 6 9 24
time time

Correlation between unadjusted p-values when degrees = 2 and degrees = 5: 0.721



maSigPro Part IV

4) For the significant genes in step 3, use forward stepwise regression to find
which coefficients are statistically significant — different genes have different

coefficients in the “best” model

endo_t_stat <- T.fit(endo_p vector)

endo_sig genes <- get.siggenes(endo_t_stat, rsq = 8.2, var

3group.coeffs

= "groups")

Group.l_beta@ Group.l_betal Group.l_betald Group.Z2_beta®@ Group.Z_betal
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2)

BH adjusted p-values (Pearson's corr. = 0.405)
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BH adjusted p-values in maSigPro (df

BH adjusted p-values in edge (df = 2)

Program unadj_pvalues_0.01 unadj_pvalues_0.1 adj_pvalues_FDR_0.01 adj_pvalues_FDR_0.1
edge 53 131 19 54
masigPFro 142 237 119 177

Genes in commaon a8 100 18 46



