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® Intake data are necessary in e Self-reported data are
various fields (nutrition, subjective and possibly biased
epidemiology,...) ® Dietary biomarkers can

® Often the only intake data provide more objective

available are self-reported measurements of intake
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Discovering biomarker candidates

® Experimental studies are designed e Different biological samples
to investigate the potential of are collected and analysed
compounds as specific from the participants
nutrient/food biomarkers e Multiple steps are required

® Participants are fed the food of to candidate compounds as
interest, either directly or indirectly biomarkers

Experimental studies only investigate the relationship between
candidate biomarkers and portions of intake. This should be
generalized, to allow biomarkers usage outside of experimental study

contexts.

How to generalize experimental studies results?



Previous works on food biomarkers

Vdazquez Manjarrez et al. 2019
Glrdeniz et al. 2016. .
e Low intake
e Medium intake
e Consumers L
e High intake
e Non-consumers



Apple intake data

¢ Xylose 3 Epicatechin Sulfate 3 432 ‘i:y‘]“mMp{;’g sﬂ) 3 Glucodistylin
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Apple quantity (grams)
e Feeding study, N = 32 e Collection: 4 days diet + 5t
participants day urine + wash-out periods
e D = 3 apple quantities: 50, o Data: n = 86 observations and

100 and 300 grams P = 4 biomarkers



The model
Yip = CQp + szi + €ip,

D
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with and
e P biomarkers: o a, ~ Npooo)(ta; 02)
.. yet
e n latent intakes: * Bp ~ Niowo) (15, 5)
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Modelling the latent intakes

= oy L=l
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d=1

c={ci,...,Ci,...,cn} are observation-specific allocation labels.

Modelling the weights
n D n D
ci=d ci—
p(r | v, e. Y. X) =TT =5~ = T[T I mia(ilva, m)t=

i=1d=1 i=1d=1

n D
_ H H [Pr(x,- < Xy | vasm, ¥i) — Pr(xi < Xg—1 | Va—1,m,¥i)

i=1d=1

] [ci=d]

where Pr(x; < Xq | 74, m, i) = %[arctan (%(vd + 77)/i)> + %}



Model structure

mg, mg T Vg1V32 m, My Vot Vs

® o ~ Nooo)(Ma; Ta0d?) o v — {02, .. ,03}
® 15 ~ No,oo) (ms, 7503) o 0={R .. 02}
® o7 ~ Invl(vp1,vp2) ® i~ Ny oy, ) (Mg )

® 02 ~ Invl(vz1,v20) ® 1y~ N(my,, k)



Estimation
- Metropolis within Gibbs MCMC algorithm -

Outline

1 Initialize all parameters

2 Gibbs steps: update «, 3, fia, 13, aé and ¥ from their full
conditional distributions

3 MH steps: update v and 7 (random walk)
4 Update labels c

5 Gibbs steps: update © and z from their full conditional
distributions

zilci=d, -~ Npooy(1iy, 0%)
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Intake quantification / prediction

AIM: Infer intakes for a new group of n* observations, when
only biomarker measurements are available.

e Sampling distribution for a new intake zjf":

* k% D Mz'92+X ‘73' —1 [Cj*:d]
Pz |76 =TI [Moo (M08t (3 + %))

Zj

where:
P Bi\-1
u Uﬁj = (Zp:l ?g)
P Belyp—ap)
[ ] Mz = 02(2,;:1 - J;g o )

. Q= {Oz,ﬁ,z,x7@77);7}

e Posterior predictive distribution for a new intake zJTk:

p(z | yisc) o< [ p(z [y e Qp(]Y)dQ



Simulations - details

Settings
® P = 4 biomarkers 3
e n={30,60,99,150}, n* = [0.4 x n|
® (a,f): small, medium and large e é @ %
biomarkers range 7 % ; §
® 3 : small, mixed and large variability o . - —
® X: stable, increasing, and decreasing e

increments e e e |
® O: low and high variability
e c: sampled at random in {1,...,D} Pl
Outline ;

® 20 datasets per each settings combination

® 30000 MCMC iterations (burn: 6000)




Simulations - intake quantification with...
e Study I: varying biomarker variability (O'g)

e Study Il: discrepancies between training and test data
generation
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-
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e Study Ill: model misspecification

Yip = Qp + BPZI2 + €ip



Simulations - results

Absolute error values (in grams)
between true and estimated/predicted intakes

Estimates Predictions
Sim. study T MM BLR PLS MM BLR PLS
Small 3(7)  77(200)  10(24) 49)  76(216)  10(26)
I Mixed 4(8)  62(136) 20(39) 4(33)  111(263) 21(41)
Large 6(18) 62(136) 35(60) 9(59)  64(137)  37(69)
Small 3(8)  61(181)  9(30) (25)  62(184)  10(37)
! Mixed 4(8)  113(222) 22(33) 7(22)  112(224)  23(43)
Large 7(62)  80(118)  39(56) 22(77) 41(67)
Small 6(35) 66(227) 26(72) (49)  67(231)  31(77)
" Mixed 7(44)  98(269 (80) 9(56) 112(208)  46(87)
Large 11(62) 87(197) 64(65) | 27(74) 101(138) 70(80)

Models:

MM:

multiMarker model

BLR:

Bayesian linear regression
PLS:

PLS regression



Simulations - Multinomial weights

P
exp(Vd + 2 pe1 NdpYiv)

Tid = D P
> e &P(Yar + 22,1 NapYip)

® n=50 P=D=3,
Qp NMO,OO)(47 1)’

Bp ~ N(0,00)(0.001,0.1),

og =52 495 =82
® Two scenarios: “stable
increments”,
X = {50,100, 150}, and
“increasing increments”,

X = {50, 100, 300}

® n* = {10,25,50,100}
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Simulations - Multinomial weights

P
eXp('yd + Zp:l ndpy/p)
D P
Zd’:l exp(’yd’ + szl nd’py/p)

Tid =

Ordinal regression Multinomial regression

® n=50P=D=3, i X=(50, 100, 150) H X~ (50,100, 150)

ap ~ Njo,00)(4: 1), [— el 3 ] [— =]

Bp ~ N(0,00)(0.001,0.1), el

2_ 52 p2 _ g2 H 5 97 i
o, =5%05=38 £ ! + EE’+ { t
& — T T § 70— T T
® Two scenarios: ‘“stable H 02 & w3 o 2 5 100
" -
increments”,
Ordinal regression Multinomial regression

X =(50, 100, 300)

— 95%Cl

X =(50, 100, 300)

— %%l

X = {50,100, 150}, and
“increasing increments”,

X = {50,100, 300}
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® n* = {10,25,50, 100}

Median abs.error true and predicted intakes
Median abs.error true and predicted intakes



Simulations - Multinomial weights

P
eXp(’Yd + Zp:l 77dpyip)
D P
D ar—1 &P(Yar + D 1 Nd'pYip)

Tid =

® n=50,P=D=3,

Multinomial regression Ordinal regression
ap ~ /\f[()7(,<>)(47 1), X = (50, 100, 300) X = (50, 100, 300)
~ N, 0.001,0.1), O Tue O Tre
Bp (0*"0)( ’ ) O Predicted O Predicted
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g e z
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P
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® n* = {10,25,50,100}

Intake Intake



Simulations - extras

General settings:

® n=50,P=D=3,
Qp ~ Mo,oo)(4v 1),
Bp ~
N{0,00)(0.001,0.1),
02 =52 02 =82
X = {50,100, 150}
Test data:

® Uniform intakes:
z¥ ~ U(0,200)

® Unbalanced
components: Last
component contains
most of the

observations
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Simulations - extras

General settings:

® n=50,P=D=3,
Qp ~ -/\[[O,oo)(47 1)Y
5p ~
N{0,00)(0.001,0.1),
O’g =52, 9‘21 =82,
X = {50,100, 150}
Test data:

® Uniform intakes:
z} ~ U(0,200)

® Unbalanced
components: Last
component contains
most of the

observations

Frequency

Test data
U(0,200)

50 100 150

True intakes (test data)

Inferred intakes (test data)

200

150
I

100
I

Test data
U(0,200)

*  median
— 95%Cl

0 50 100 150

True intakes (test data)

Abs.er=17.88



Simulations - extras

General settings:

® n=50,P=D=3,
Qp ~ -/\[[O,oo)(47 1)Y
5p ~
N{0,00)(0.001,0.1),
O’g =52, 9‘21 =82,
X = {50,100, 150}
Test data:

® Uniform intakes:
z} ~ U(0,200)

® Unbalanced
components: Last
component contains
most of the

observations

Freguency

Test data
Unbalanced components

40 60 80 100 140

True intakes (test data)

Inferred intakes (test data)

Test data
Unbalanced components

={17,17,66}

¢ median
— 95%Cl Abserr=17.43
| B —

T T T
40 60 80 100 140

True intakes (test data)



Apples - predicted intakes

® |eave-one-out

cv

® Models:

- MM
- BLR

- PLS

Difference between inferred and actual intake (grams)
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Apples - predicted intakes
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Apples

® |eave-one-out

cv

® Models:

- MM
- BLR

- PLS

Difference between inferred and actual intake (grams)
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Apples

Density

005

Obsenvation 13

posterior

predictive distributions

Observation 1

Obsenvation 32
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Apples - repeated measures?

Parameter
Data  Dimension ap 3 oy 04
1 0.206 (0.267) 0.003 (0.002) 0.353 (0.117)  5.546 (6.514)
Original 2 0.489 (0.215) 0.005 (0.002) 0.271 (0.104) 7.546 (14.038)
3 0.612 (0.514) 0.007 (0.004) 0.677 (0.234) 98.989 (71.505)
4 0.614 (0.323) 0.008 (0.004) 0.382 (0.174)
1 0.214 (0.433) 0.003 (0.003) 0.597 (0.157)  1.806 (1.176)
Modified 0515 (0.416) 0.005 (0.004) 0.600 (0.264)  2.032 (1.773)
3 0.517 (0.755) 0.000 (0.007) 0.746 (0.258) 8.407 (10.358)
4 0.662 (0.635) 0.008 (0.006) 0.676 (0.226)
Original data: Modified data:
® n = 86 observations, treated as ® FEach one of the 32 participants

independent appears only once



Conclusions

® Flexible framework to infer intake from
multiple biomarkers

® Uncertainty quantification

® multiMarker: R package and Shiny app

® Easily extendable to other applied contexts,

when multiple outcomes are associated with

an unobserved variable of interest
e EXTRA: introduction of covariates
® EXTRA: repeated measurements

Inferring food intake from multiple biomarkers using a latent variable model. (2021)

D’'Angelo, Brennan, Gormley. Annals of Applied Statistics.


https://adiet.shinyapps.io/multiMarker/

