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Stem Cells:
Mother cells near
crypt base

Depth in crypt ~
age of cells

Relative Cell
Position

(Depth w/in crypt):
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- Colon Carcinogenesis Studies
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Rats fed different diets,
exposed to carcinogen, then
euthanized.

DNA adducts, DNA repair,
apoptosis quantified as staining
Intensities along crypt wall

Data has hierarchical structure

— Treatment groups - rats -
crypts - cells

— Hierarchical Functional
Data
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' Colon Carcinogenesis Study

- ® 2 Fish oil diet protective compared with corn oil diet
' : Study:

— 2 diets (fish/corn) x 5 times (0h,3h,6h,9h,12h)

— 3 rats per diet x time combination

— ~ 25 crypts per rat,

— function sampled on fine grid — interpolated to 256-grid

) » | Response: DNA Repair Enzyme (MGMT)

2 ® | Questions of interest:

- @ — At what depths within crypts is MGMT expressed?
- @ — Diet effect on MGMT? Depend on time/depth?

- 2 — Does MGMT vary more from crypt-crypt or rat-rat?
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Hierarchical Functional Model

Hierarchical Functional Model:
Yabc — gabc (t) T eabc J

e () = 8o (8) + 17, (2)

g.,(t)=g,()+S,,(1)

n..(®) and &, (e): mean 0O random processes
with covariance surfacesZ,(¢,,¢,) and X, (¢,1, )
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DNA Repair Data

DNA Repair Enzyme for Selected Crypts

Fish,T3,R1,C 6 Fish, T 9,R 3,C 8 Cormn, T 9,R 3,C 19
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Functional Mixed Models

Methods for nonparametrically modeling
nested functional data:

Brumback and Rice, 1998

— Model nested and crossed functional data using
splines.

Wang, 1998; Guo, 2002

— Functional mixed models using splines
Splines effective for spiky data like ours?
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§ % Introduction to Wavelets

- 9
) o= Wavelets: families of orthonormal basis functions

Lk 'k Daubechies Basis Function
g(x)= D> d""y’

J, ke

Wj,k _ 2—j/2w(2—j/2x_k)3

(o d'* =jg(x)wj’k (x)dx
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Discrete Wavelet Transform IDWT can be used to
N( 2 ) convert wavelet space
guantities to data

abc abc , O

N( A ,0-1]) space

abc

HC{b’k = N(gc{,k’O-Z,j)
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= Shrinkage Prior

£ ® [ |Prioron 6)'= Normal 0 mixture
s O =yINO )+ A-7,
y It~ Bernoulli(p ;)
. .lNonIinear shrinkage — adaptive regularization

_ l p,andz; - regularization parameters
. (scale dependent regularization)

: : ~/Smaller p; : More smoothing at scale 2/
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Adaptive Regularization

Regularization by Local Linear Smoothing

— Span=0.20
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Adaptive Regularization

Regularization by Local Linear Smoothing

— BGSpan=0.05
= Span=0.20
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Adaptive Regularization

Regularization by Local Linear Smoothing Adaptive Regularization by Wavelet Shrinkage

= Span=0.05
= Span=0.20
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Fitting the Model

“IHierarchical model fit using MCMC

— Marginalized model used
— Steps: (£2/=VCs at wavelet level ;)

1.Sample 8/ from (8/* | d’*,Q’) for each j,k,a

- Mixture of point mass at 0 and Normal

2.Sample Q’ from (Q’ |d’*,87*) for each j

- Metropolis step used

: : “1IDWT applied to samples of {67“} yield

1 » posterior samples of g (2).
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Fitting the Model

Relative variability at hierarchical levels,
measured by trace of covariance matrices, can be
computed directly from wavelet space variance
components.

Can also obtain posterior samples for rat- and
crypt-level curves.

1.Sample from (87 | 8/*, Q7 ,d’*) for each a, b, j, k
2.Sample from (97 |97, ,©37 ,d’*) for each a,b,c, j, k

abc
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Results: DNA Repair Enzyme

Estimates & 90% posterior bounds by diet/time

Fish Qil 0 hr

Fish Oil 3 hr Fish Qil 6 hr Fish Qil 9 hr Fish Oil 12 hr

Fish -
Oil
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Results: DNA Repair Enzyme

Estimates of individual rat profiles for T12 rats

Fish Gl 12 hr, Rat 1 Fish Ol 12 hr, Rat 2 Figh il 12 hr, Rat 3

MGMT Lavel
MGMT Lavel
MGMT Lavel

(=t e il A od 0.6
Foalafive Cal Position Falative Call Posilon

od 0.6
Fslaiive Call Posilon

Com Qil 12 b, Rat 1 Com Qil 12 hr, Rat 2 Con Qil 12 hr, Rat 3

W
(=2 =X :] B o 0.8
Felgtive Goll Position Feslative CGodl Posifon

=] 0.8
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Results: DNA Repair Enzyme

More repair enzyme at base of crypt
Possible diet effect at 12 hr time point

Relative variability:

79% between crypts
20% between rats
1% within crypts

Important to sample lots of crypts per rat

T T O T
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Conclusions

Bayesian method for hierarchical functional data

— Nonparametrically estimate curves at mean, individual
and subsampling levels using wavelet shrinkage.

— Covariance parameter estimates
Posterior samples from MCMC allow inference to be done

All done with unified, ‘nonparametric’ model that
appropriately adjusts for imbalance & correlation.

Wavelets allow use of simpler covariance structures and
work well for irregular functions

Applicable to other functional data sets
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Mixture Prior and Nonlinear Shrinkage

A4

Nonlinear

~— Shrinkage
Linear g

Shrinkage

O’* = Posterior Odds

) 4 ]’k 2 T2 A
) 1exp< (Z”) =
2 7 +1

.

T2
W2, T2 p) _£T2+1J Pr{y/ _1|d1k}

= Prior Odds Bayes Factor

- 9 . ~ ~
Lo 774 =0/t 1y Var(@t) TP =72 1Var(dl))
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Shrinkage Curves

(&) Shrinkage functions for p= 0.5 (b) Shrinkage functions for p= 0.1

T2=2
T2=5
T2=20
T2=100
T2= 1000
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