Error model estimation by maximum-likelihood methods

in the context of dynamic modeling
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Introduction 1. Standalone Fit of Error Model
Common Setup: 1. preprocessed data: Estimate error from measured variances:
. . . . —1 . .
» time series data with n < 4 replicates | > p = ("’02 )V X2 _q timeseries:
» use mean values for modellin g :
5 . 8 o . > PDFE: ®,,_,(p) — &1 (v) 9_
» empirical variances bad estimate for uncertainties : i (n—1)o\ (n—1) ,
Pr_1 (p(v)) Fdv = Pny ( =2 ) -z v L,
Goal: e e e e ,
tme min » estimate o via log-likelihood method: ’ S
» reliable estimate of measurement uncertainties N N Y N N
tmol tations: . combined fit: B o {var .
plementations: 20(os) =) log |67 (xi,0)] | mean and variance:
7
standalone fit of error model (data preprocessing) g o e (ni — 1)v;
. o — 10 .
— mean-variance tuples E o 62(xi,05)
simultaneous fit of model and error parameters ! | | | own{
1 ime [min] A~ . o
— model residuals | » 6%(xp,0s): error model with parameters o ; : ;
: - : - o 52(xp) = 02 + o2, 22 | error model:
dMod: dynamic modeling in R D) =0y + 0D
Model: dynamic System j’; — f(CL), p) u) Data: tlme-serles E: Implementation: 0.100 -
with states z;, parameters p, forcings u( ) e e e | Stine | Get mean values and variances:
Bobs 0 0.3 0.1 > data <- reduceReplicates ("data.csv") 0.001 1
Bobs 20 1.2 0.2 - 8 Fit error model:
MOdel Setup: example Bobs 50 4.1 0.3 > errorModel <- "exp(s0)+exp(srel) *x"2" . . .
A B (Z) - > factors <- "conditions" value
— — > pars <- c(s0=1,srel=0.1)
Parameter Estimation: > data <- fitErrorModel (data, factors, errorModel, pars)
Specify the model reactions:
> f <- addReaction (NULL, "A", "B", "k1*A", "translation")
> f <- addReaction(f, "B", "", "-k2*B",'"degradation")
De ne observables: _2 log L(Q) — Z conp con_pds con_pfl
> obs <= eqnvec(Bobs = "s1*B") p 1e+01 - - a Error Model Parametrisation:
Parameter transformations: - oD .
> innerpars <- getSymbols (c(names(f), £, obs)) Objective function: 1e-01 - .' ? . . C e e
trafo <- repar("x ~ exp(x)", x = innerpars) > obj <~ normi2(data, g*x*p) . — | . » specify common and independent
# condition specific: Optimization via trust package: 16=03 . cab
conditions <- c("a", "b") > myfit <- trust(obj, c(A=5,B=0,kl=1,k2=1,sa=1,sb=1)) ° . o parameters for data subsets:
traf?L <- list( o % 0 10 20 2 4 6 80 5 10 15 20 25 P
g _ iiiig:iﬁigi E..z..: ..2;..: Eiig;; transformation prediction observation objective %1e+01_ pds pfl_standard standard : ::f — per dataset, Observable, ce
Generate compiled C code for ODEs and Sensitivities: / / / (DW . .
> model <~ odemodel (£) X Py — 0 ) I G tesor » n = 1: use parameters of similar data
prediction function dx v dy L dw Hy? 9 teoa
<- Xs (model) 8_ e-03 -
Observati f ti s o 5 1 44 . . . :
S O  1aUE, modelname — "obsfn®) g O I R R A » model identification: comparison of fits
Condition-specific transformation function » signal
<- NULL -
(C in conditions) { .
p <- p + P(trafo[[C]], condition = C) X b o Y » (n)wrssores(”)
} - o x(ty,p™) e >yt p™) a
#Calculate a prediction: Pro & COIIS:

pars <- c(A=5, B=0, kl=1, k2=0.2, sa=1, sb=2)
pred <- (g*x*p) (times = 0:50, pars = pars)

» independent of model fit
— no overcompensation due to wrong model

2. Combined Fitting

» easy validation of error model:

Procedure: simultaneous estimation of dynamic model and error parameters — plot of fit result with sigma bands |
©) — P\’ = . - . S
2log L(0) = 3 (:1:7,(9) T; > +log(o4(6)2) | » error m()fiel might underestlmat(.e error: m
Z. oi(0) - systematics not captured by replicates il v
Error Model: — fit of .dy.namic modgl: model parameter T .
| j B uncertainties underestimated : g :

> err <- egnvec (Bobs = "sqgrt(sig rel”2*Bobs”2+sig abs”2)") 95%/3.84 1 11\ /
> e <- Y(err, g, compile = TRUE, modelname = "errfn") 90%’2'71'\
Adjust parameters, transformations, objective function, e.g.: 68% /1 1

> 1nnerpars <- getParameters (model, g, e)
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CL /sz

> Obj <— normL?2 (d ata, g* X*p , e) logsigma_opf_abs logsigma_oz_rel logsigma_oz_abs = /;//
HH, - Comparison
» in general: 0., 0aps per observable ] \/ Set
° ° [ ° ° ° o d e u :
» model identification: profile likelihood T @ A6 45 40 45 d0ds 40 95 A0 P N B :
parameter value A B Cf d 1 06 dynamic 0.6 - replicates
. L » A— B — (' mode e 7] f e 2 o4
Result: Combined fit with bands from error model observables: B g S .
high WT low WT high mutB ) 0.0 0.0
- . . 0 5 10 15 20 0 5 10 15 20
. » simulate with: time time
_g oy ® _ _ sigma sigma
Z- Pros: 00 —002, O'R—()'l " 4 +0.35 g 0; 2.4 04g R;;
_ 11 — o %eo___o Il name . ) -4;0:29 E -2:5;0:39 EE
S o_’r ? *| | es—2 ) - —— _. . > apphcab]e forn =1 > fl}: on IOg'Scalel- _ 104 : o method
<, 0 20 40 60 og __ og __ D : N ' dynamic
o pfl WT pfl mutB —o— B O-O o _39’ OR o —23 é : E: | (rjeyplicates
g O . » capture all relevant 05- : 1 .
‘- ", L : !
3. 3 0 uncertainties . L
). Results: 0.0 : .
5 4 3 4 3 2
1 - f 8 5 ) . value
] - — » similar performance by both
0 20 40 60 O 20 40 60 . )
time [min] methods: comparable width of
Cons: Fitting a wrong model: 0o, o distributions ;
40 T T T T T T ] 1 1 . d -g
» no information from absolute y? value, as > 1. Iep 1§:ates. vatiance predic= ¢ 2
but comparison of nested models possible > ;103 unbiased erectimation of 3
: . dynamic: underestimation e
» error model parameters increased to compen- 2 ynamic: underestimation ot s
ts the variance 5
sate for bad models 0 8 1
» likelihood fit underestimates errors " g
Conclusions:
Outlook: , , , 0
. . o . » typical example of bias-variace 0% 02 0%
» unbiased variance estimation by correction for degrees of freedom tradeoff
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