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Function-on-Function Regression Results

« While we could run the DLM for every methylation (CpG) site separately, modeling True Paak Surtace Estimated Peak Surface
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methylation profiles as functions rather than independent sites allows information to be
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borrowed across neighboring sites and samples, giving greater power to detect
differentially methylated regions.
« We are interested in the relationship between two functions:
1) y(s): methylation level as a function of CpG site position, s, in the genome.
2) X(t): maternal air pollution exposure on day t of gestation.
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yi(s) = a(s) + | B(t,s) x(t) dt + Ei(s), E;(s) ~ GP(0,%)
teT « We simulate a multivariate normal peak surface centered
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at the 50" probe and 45" exposure day with a signal-to-
noise ratio of 0.5.

« We compare the function-on-function (FF) model and DLM
for a positive control site (s=50, strong signal) and
negative control site (s=80, zero signal).
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We want to pinpoint genomic regions and time periods during . | :
i ' i : : : , . > CpG sites
which epigenetic changes in those regions occur in order to B /\__ 4. .\m

understand the biological mechanisms by which air pollution &

may lead to adverse health outcomes. &———— l Method Control MSE Bias? Var. Rel. Eff.
FF Pos 8.51 7.46 1.05 2.10
Time (days) Ti d Time (days)
Methodology Background | - i » . DLM  Pos 928  7.08 220 1

. - - : - - R Time-varying association Stack the curves across CpG Color indicates magnitude of
C_)ur goa! IS 10 Id?ntlfy C.I’I'[ICa| Wln_dOWS_ of Susceptlblllty'_ _ between methylation level (y) sites and smooth by borrowing time-varying association FF Neg 0.21 0.00 0.21 7.81
time perlods durlng which there is an increased association and air pollution exposure (x) for information across sites and between methylation level and
a single CpG site time exposure across CpG sites DLM Neg 1.64 0.00 1.64 1

between an exposure and a future outcome of interest.

« Adistributed lag model (DLM) can estimate the time-
varying relationship between an exposure and outcome. Fitting the Function-on Function Model Conclusions

s - . . . .
| 1. Transform both the air pollution and methylation profiles from the original data space into ) ;Zeth?/?gggrfc;itt)ggg\r,\cl)\l/ri];zrsmeilt‘;gigr?g;og;s;ir?selt%htaznfzaction-on-
Time- 44 the wavelet space using the Discrete Wavelet Transform (DWT). function model relative to the DLM approach that models
yi=a+ 2 B: xi+ + €; e\;fergt'?gt \/\  Wavelet regression is useful for modeling data with local features (e.g. spikes). ‘obes independentl PP
= 0.00 « The DWT tends to concentrate signal on a small subset of wavelet coefficients. . .I?.hoe feusnlctioenp-f)n-finc)t/i-on regression framework is a powerful

* We can regularize the original functions by shrinking the small wavelet . .
.. method for capturing complex associations between
coefficients towards zero.

. . . . variables that may var lally and temporally.
2. Use MCMC to obtain posterior samples of the coefficient surface § in the wavelet space. ariables that may vary spatially and temporally

* If we let time get increasingly dense, we have the +  Place spike-and-slab priors on the coefficients where d, is a point-mass at zero. _
continuous analog of the DLM: B ~ 1, N(0,7,) + (1 — 7,)do v, ~ Bern(my) 0 Selected References
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