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1. Introduction

Biological marker
Accuracy of available marker
Resistance/tolerance



1la. Biological marker

" Reduction of bovine mastitis prevalence
(eg. breeding for disease resistance)

" Early detection of mammary infection (IMI)

" Biomarker = objective indicator of disease state
(eg., SCC, M-SAA3, Hp, LDH, NAGAse, ...)
" Surrogate endpoint = substitute for disease
endpoint
(eg. early predictor of infection, survival, or clinical signs)

< mathematical models to estimate pr(IMl)



1b. Accuracy

Frequency distribution of SCC for IMI- or IMI+ quarters
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- misleading info on transmission dynamics
(prevalence, incidence, association with disease, ...)
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1c. Resistance/ tolerance

m Resistance =

proba of infection

hitign, 34(1), 2000, pp. 51-63
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2. Mixed hidden Markov
model

General formulation
Bayes estimation



2a. Formulation

Pr(SCC), = . pr(SCC|II\/II ok Tolerance

ReS|stance
@ery IMI*,_, > IMI,
Recurrence: IMI-; 2IMI*,
Persistence™: IMI*,_; 2 IMI*,

IM IMI+
il @ersistence : IMI-, >IML:




Time:
t=1 E=# t=3 t=4

Transition probability

Hidden states :

Tt —» IMI+—>» IMI- —» II\/II— —>|I\/II—

SIS l

SCC SCC
Observed sequences

Wil /

Genetic values

Emlssmn probability
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Time

0—>@—»@—>@

t _ .
Y = value of biomarker at tth time on kth cow

t t
Zi = 0 if IMI- Zy = 1if IMI+
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Output independence: observations are independent
given the unknown IMI state

PV, | Zes Vi Yy se) =DP(Yy | Z)

Time Is discrete

Markov property: the next state depends only on the
current state 1 1!
+ +

f |14l iy t
p(z, |2,z 5., 2,) =D(2 | Z,)
“Conditioned on the present,the past & future are independent”

Stationarity: transition probabilities are time

Invariant
t+1

p(z,” =ilz, =]) =2
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p(z | EO’El’ 6396129 @»Z)N N(MOEO+M1E1+ZQ9R)

y = (NT X 1) vector of data

Zz = (NT X 1) vector of hidden states

Lo, = (T X 1) vector of fixed effects for data on a IMI- cow
u, = (T X 1) vector of fixed effects for data on a IMI+ cow
a = (N X 1) vector of random additive genetic effects

(NT X T) matrix with elements = 1 if Z% =0
(NT X T) matrix with elements = 1ifz, =1
(NT X N) incidence matrix relating a to y.

0]
1
R ~ JOGS +J1012 J; = (NT X NT) matrix with elements = 1 if Zf( =i
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2b. Estimation

Prior distributions

HO ~ N (lmO,ISS)

“1 ~ N (lmlalslz

a~N (@0 Ac))

2 bl AN
G, ~ % (s3)

2 N2
Go ~ X (sp

2 B
c; ~ X (s

T Br(}‘*k)
(z;. =0|z;' =0)~ Br(ny")
(z =1]z;" =0)~Br(n,')
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Joint posterior distribution

2 z 2 00 O
O:(MOal”llaGaaG()aGlaE 9 ZQZ\‘)

p(©O]y) (y19)p(6)

nb hidden sequences per cow= 27
—> total number of operations — 4NT'

Use of the trellis stucture of HMM
- Forward-backward algorithm
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Forward-backward algorithm

L CEERRNERY

POt > pto

yl e o o yt yt+1 e o o yT

The algorithm takes on the order of 4T computations
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m Forward probabilities : proba that, given H, at time t, the state is i and
the sequence of partial observation (y; ... y,) has been generated

oy (i) = p(Yy. -2k = 1)

3 steps
induction (t=0)
recursion (increasing t)
termination (t=7)
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m Backward probabilities : proba that, given H and given the state i at
time t, a sequence of partial observation (y.,.; ... Y1) has been generated

t+1

P g a0

3 steps
induction (t=T)

@ o o o o o @ recursion (decreasing t)
termination (t=1)

yl o o o yt t+1 e e o yT
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Fully conditional distributions
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zi ~Bi({ox) ¢l =plzl =0ny, 1= al©) BL(O)

It is the probability of being healthy at start with the
observation sequence y; VY5 ... yr.

Zi Br( &0l || 15 =l =il 2kt = 0y, ]
() B () pr(y g fzi = 1)
oy () By ()

It is the probability of being in state i at time t given state
J at time t-1 and the observation sequence y;Y> ... yr.
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4. Simulation

Survey of SCC
Pathogen

Severity of response
Genetics

Data sets

Accuracy
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4a. SUrVeY (de Haas et al., 2002, 2004)
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4b. Pathogen

T E

El —
-E 3 1: = il
= T = 6 B
5 3 AR &
B EQ
E 2 g E

| Coli

0 4

0 6 12 18 24 30 36 41 48 54 o) oo 72

CELINE RIOLLET, PASCAL RAINARD.* anp BERNARD POUTREL

CLiMICAL AND DHAGHOSTIC LApORATORY IMMUNMOLOGY, Mar., 2000, p. 161-167

logicfu) /fml

AuUreus s+
5.2

.0
58
5.6
5.4
52
5.0

log(cells) fml

22



IN
O

Severity of response
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o a © b
- CFU
w SCC

CFU & SCC (X10%/ ml)
1

0 20 40 60 ¥ 20 40 60

Time relative to E, coli challenge (h)

Jalil MEHRZAD®P-¢, Luc DUCHATEAU?, Christian BURVENICH®*
Vet. Res. 36 (2005) 101-116
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4d. Genetics

3 discrete generations with 400 cows per generation
sires selected from 30 different bulls

each cow was replaced by a daughter

mating at random

breeding values for base animals —N(O, | G§

additive variance of 0.15 or 0.25.

breeding values for non-base animals ~N(mid—parent,cs§/2)
No selection , no inbreeding
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de. Simulated data sets

uf)fortzltoT

uf fort=1toT
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Simulated data sets:
% infected cows = 20, 50%
% E. coli among infected cows = O ,50,100%
hlgh and moderate responders: H1
o 2 _100rl1.4 = residuals IMI- ~N(0G;)

6. =0.150r0.25

Gibbs sampler
1000 iterations
200 burn-in
10 replications
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4f. Accuracy

=corr(a,a)

=differences : 9-0 for Hos M1, 02,03,012

zlt( =1)

=sensitivity: SE= ) > p(zi =1

k=1,N t=1,T

=specificity: SP= i pr(if( =0‘z{( =0)

k=1,N t=1,T
= proba of correct classification:
PcC= Y Yprlzt =102t =1) Uzl =0n3zL =0)]

k=I,N t=1,T

27



%

O Sensitivity
O Specificity

100 -
B Correct classification
90 - T T
T
80 -
70 -
O— -
_ =B

o) 50 100
Proportion of E. coli among infected cows

28



25

20

15

%

10

Posterior - prior proba of IMI

10 20 30 40 50 60 70 80 90 100

Prior proba = prevalence

High SE = SNOUT

- No further test
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SP and PCC decreased when
% E. coli among infected increased
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Difference between true and estimated means

2 o IMI- Biases increased when
| I+ disease prevalence is low
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g 1 /\j
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Biases increased when
disease prevalence is high

/\ ~1.2 " Difference between true and estimated
variances
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Conclusions
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B Same amount of data

m Increased accuracy of MLE
m Resistance and tolerance
m Transition probabilities

m Simplification of reality
m Age, season, herd, ..
m ‘Isolated’ proba of IMI-

m Genetic relationship between cows
for IMI




Genetic relationship among IMI and SCC
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