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1. Introduction

Biological marker
Accuracy of available marker
Resistance/tolerance
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Reduction of bovine mastitis prevalence
Opposition to disease transmission 

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(IMI)

1a. Biological marker
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1b. Accuracy

Frequency distribution of SCC for IMI- or IMI+ quarters

Imperfect detectability
misleading info on transmission dynamics

(prevalence, incidence, association with disease, …)
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1c. Resistance/ tolerance

Resistance = low 
proba of infection

Tolerance = little fitness 
loss after infection

- disease spread
+ natural selection

+ herd immunity
- natural selection
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2. Finite mixture model

General formulation
Likelihood
EM algorithm
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2a. Formulation of FMM

Resistance
Surrogate

Tolerance
Accuracy

Pr(SCC) =  pr(SCC Ω IMI-)Pr(SCC) =  pr(SCC Ω IMI-) + pr(SCC Ω IMI+)

Pr(SCC) = pr(IMI-) * pr(SCC|IMI-)

+ [1- pr(IMI-)] * pr(SCC|IMI+)
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Observed sequences 

IMI-IMI-IMI+ 

SCC SCC SCC SCC 

IMI-

Time:
t=2 t=3 t=4t=1

Emission probability:
P(SCC|IMI)

Hidden states 
P(IMI)

FMM
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Time:
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2b.Maximum likelihood 
estimation
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FMM

∏
=

==

=

=

T

1t

t
k

T
k

3
k

2
k

1
k

1
k

2-T
k

1-T
k

T
k

1
k

2
k

3
k

1
k

2
k

1
k

T
k

2
k

1
k

F)|p(z  F)|p(z ... F)|p(z F)|p(z F)|p(z

F),z ..., , z,z|p(z ... F) ,z,z|p(z F) ,z|p(z F)|p(z 

 F)|z,...,z,p(z F)|zp(

  F)|1p(z F) 1,z|p(yF)|0p(z F) 0,z|p(y

 F)|p(z F) ,z|p(yF)|y,...,y,p(y

t
k

T

1t

t
k

t
k

t
k

T

1t

t
k

t
k

t
k

T

1t

t
k

t
k

T
k

2
k

1
k

==+===

=

∏∏

∑∏

==

=z

Likelihood for N cows:  F) |y .., ,y( pF)|y( p
N

1k
N1∏

=

=



14

2c. EM algorithm
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SCS sequence y1 y2 ... yT .
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FMM

M step: Θ(p) = argmax Q(p-1)
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3. Hidden Markov model

General formulation
Likelihood
EM algorithm
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2a. Formulation

Pr(SCC)t = pr(IMI-)t * pr(SCC|IMI-)t

+ pr(IMI+)t * pr(SCC|IMI+)t

Recovery: IMI+
t-1 IMI-

t

IMI-
t-1

Recurrence: IMI-
t-1 IMI+

t

IMI+
t-1 Persistence-: IMI-

t-1 IMI-
t

Persistence+: IMI+
t-1 IMI+

t

Resistance

Tolerance
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Hidden states : 

Observed sequences 

IMI+ 

SCC SCC 

IMI-

SCC 

IMI-

SCC 

IMI-

Transition probability

Emission probability

P(IMI)

Time:
t=2 t=3 t=4t=1
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Time:
t=2 t=3 t=4t=1
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t
kz = 1 if IMI+

t
ky = value of biomarker at tth time on kth cow
t
kz = 0 if IMI-
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Output independence: observations are independent 
given the unknown IMI state 
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H = (A, µ0, µ1, σ²0, σ²1, λk)
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3b. Maximum likelihood 
estimation
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zt=1
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zT=1
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The algorithm takes on the order of 4T computations

Forward-backward algorithm
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Forward probabilities : proba that, given H, at time t, the state is i and 
the sequence of partial observation (y1 …  yt) has been generated
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3c. EM algorithm
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It is the probability of being in state i at time t, given 
the observation sequence y1 y2 ... yT . 
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It is the probability of being in state i at time t and in state j 
at time t+1, given the observation sequence y1 y2 ... yT . 
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4. Simulation

Survey of SCC
Pathogen
Severity of response
Data sets
Accuracy of MLE
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4a. Survey (de Haas et al., 2002, 2004)

All lactations

No clinical case

No case (clin. or subclin.)
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4b. Pathogen

Coli

Aureus
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4c. Severity of response

Severe (>50%) Moderate (<50%)
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4d. Simulated data sets
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Accuracy of MLE:

3 simulated data sets:
% infected cows = 20, 50%
% E. coli among infected cows = 0,50,100%
high and moderate responders:

EM algorithm for both HMM and FMM:
same priors
500 iterations
10 replications

1.4or  1.0σ2
0 =

t
1µ 

θ̂ - θ



39

4e. Accuracy of MLE

Bias in      (1.0 or 1.4)
FMM : 0.22 (0.04)
HMM : 0.24 (0.05)

2
0σ 

Bias in      (3 to 5)
FMM : 0.15 (0.03)
HMM : 0.19 (0.02)

t
0µ 

Similar differences between true 
values and MLE for parameters of 
the IMI- distribution
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Conclusions
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Same amount of data 
Increased accuracy of MLE
Resistance and tolerance
Transition probabilities

Same amount of data 
Increased accuracy of MLE
Resistance and tolerance
Transition probabilities

Simplification of reality 
Age, season, herd, ..
‘Isolated’ proba of IMI-
Genetic relationship between cows
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Thank you for your attention


