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Cantext : Multi-way (multi-factor) clinical trial




SO many possibilities. ..

Clinical trial ...

lonﬁiJrualinal, cross-over, multi-center, sequenﬁal, observational, exPer'imerH'al,
randomized, prospective, retrospective ...

Factors ..
... Fixed, random
Relationships among factors ...
. crossed, nested, interactions
Complexities ...

. unbalanced, distributions, outliers, missing data ...
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ANOVA with MULTIVARIATE RESPONSE
X_1°m:bAFA+bBFB+bABFAB+E

8. o oo .| -1m = b, + by + by +E




ANOVA with MULTIVARIATE RESPONSE

X_l.mszFA_l_bBFB_I_bABFAB_I_E
Ggeneral Lineal madel
b = argmin || X —m — bF||,

b= (F «F)'F - (X -m)

¥

X—1m=XA+XB+XAB+E




MULTIVARIATE EXTENSIONS TO ANOVA

1X = 1 mli2 = X% + 1XcI2 + 1XNZ + [[Xpel | + ENZ
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MEDA Toolbox

system ﬂ

© CHROMEDIA

‘ MathWorks:

X—1-m = bypeFiime + BeraitFirait + PrreFrre + E




MEDA Toolbox

; 'Mean' 61649 61649 NaN
"Factor 1' 2013.4 503.34 0.000999

MEDA : ,
Rt iy actor 2 1366.8 455,59 0.00099%
S 2 'Factor 3' 1230.4 1230.4 0.000999

TmRE A e 'Residuals’ €931.5 36.291 NaN
: 'Total’ 73191 365.9¢6 NaN

MATLAB
4\ MathWorks X—-1-m= Xtime + Xtrait + Xtre +E
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Power Analysis 2 arms
T T T T

o Define effect size
o  Estimate response variance

o Define error probability

©  Alpha: Folse positive
(0.05 or 0.0

o Beta I - False negative

(O 8) - 100 150 200 250 300 350 400 450 500
’ Sample Size (in the total of cells)




Ssimulated Power Curves for ASCA

Estimate RELATIVE statistical POWER of varionts of ...

A speciPic clinical trial / DoE / nested vs crossed / Fixed vs random:
X—1-m=Xype + Xpgit + Xtye T E

Vs
X_1°m=Xtime+Xtre+E

Vs

X—1-m=Xyypme+Xere + Xtimextre T E




Ssimulated Power Curves for ASCA

Estimate RELATIVE statistical POWER of varionts of ...

A specific test and/or test statistic (related to the previous):

Journal of Statistical Computation and Simulation, @ thl?'rﬁfxcis
2003, Vol. 73(2), pp. 85-113

PERMUTATION TESTS FOR MULTI-FACTORIAL
ANALYSIS OF VARIANCE

MARTI J. ANDERSON™* and CAJO J. E. TER BRAAK"™'

*Centre for Research on Ecological Impacts of Coastal Cities, Marine Ecology Laboratories, A1l
University of Svdnev. NSW, 2006, Australia; PBiomerris, Wageningen University and
Research Cemtre, Box 100, 6700 AC, Wageningen, The Netherlands

(Received 1 February 2001; In final form 13 August 2002)




Ssimulated Power Curves for ASCA

Estimate RELATIVE statistical POWER of varionts of ...
A speciPic data preprocessing choice:
Missing dato, transformation, outlier detection, ...

Materials: https://github.com/josecamachop/PowerCurvesASCA

. PowerCurvesASCA  rublic 2 pin | ®unwatch 3~ ¥ Fork 0~

¥ main ~ ¥ 4branches © 0 tags Go to file Add file = About 5

Software corresponding to the paper
Your main branch isn't protected ) "Camacho, José, Caridad Diaz, and Pedro
Protect this branch X
Protect this branch from force pushing or deletion, or require status checks before merging. Learn more Sanchez-Rovira. "Permutation Tests for
ASCA in Multivariate Longitudinal
Intervention Studies.” Journal of
. josecamachop Update README.md 31b24ae onJun 9 @ 10 commits Chemometrics: e3398.",
https://analyticalsciencejournals.onlinelibr
A el e STl lastyear  any wiley.com/doi/full/10.1002/cem.3398




o Define varionts

o Define

Alpha: Faolse positive
(0.05 or 0.0

Increasing eflfect size
(hull o S)

° Decsian the simulation *

Overly
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. T Less
powerful
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ExXample I: Predieting dynamije response to
neoadjuvant chemotherapy in breast cancer: a
novel metabolomies approach
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X=1m+A+B+C(A)+AB+E



Example I: Predicting dynamic response to
neoadjuvant chemotherapy in breast cancer: a novel
metabolomies approach

Motivation: Our First results with real data were unexpec’redly sianiﬁicar\’r

Steps:
- Varionts: 5+ variants in DoE and statistical tests
- dlpha = 0.05
- effect size From 0 to 05

Curves computed: X=1m+A+B+C(A)+AB+E




ExXample
nEDadjuvant effecetS = 0:0.05:0.5;

Xpac = randn(length (up),length(var 1)};:
Xpac Xpac/norm(Xpac) ;
¥time = randn(length (ut),length(var_ 1))
Motivation: Our ,(:-“ ¥time = Xtime/norm(Xtime) :
for 1 = l:lengthioks 1)
if strcmp{class{i}, "R")}
5+8P9'- ¥struct(i,:) = Xpac(vp(i),:) + Xtime (vt (i),:):
else
- Xstruct (i, :) = Xpac(vp({i),:):
Variants: 5] e
end

alpha = 0.04

Xnoise = randn(length(obs 1}),length(var 1)}:
Xnoise Xnoise/norm(Xnoise) ;

effect sizq
for a = 1l:length{effects)

Simulation: X=1Im+A+B+C(A)+AB+E

% Make a blend

Xm = effect5(a)*Xstruct + (l-effect5({a)) *Xnoise;
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Example 1II: Transformations and ouliers

Motivation: We obtained inconsistent results after outliers isolation and several
transformations

$+ep<5:
- Variahts: Raw datoa, Box-Cox, Rank, Raw+Rank
- aIPha = 0.05

- effect size From 0 to 0.05

Curves compu+ed-. residulals distributed as normal, uniform, exp"3 and normal with
an outlier
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CONCLUSION

ASCA is a redly interesting and competitive method
For multivariate analysis in clesiar\ecl experiments

BUT it is still under developmenJr

There are plenty of problems of interest that
deserve research

Simulated Power Curves are a simulation Framework
to exPlore these Prololems




THANKS

CREDITS: This presentation template was created by Slide';ao, includina icons by
Flaticon, and in-(:ographics % images on Freepik and illustrations by Stories

Please keep this slide For attribution
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