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ﬁBC' measure theoretic construction

& Bx — RY,  dx — f(dx|6) data-generating stochastic process
§O X5 RK e = (e1,...,ex), ek = pr(Sk(x), Sk(X0)) ABC projection

Bduces the multi-dim error measure

§0 (i x ... x Ex)

i (CAGERT-I :/1{xe§;01(51 X ... x Ex)} (dx|6)

explain why K > 1 later.
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% Bx — RY,  dx — f(dx|6) data-generating stochastic process
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@BC: data augmentation over error space © x R
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@ circumvent likelihood computations for given 6,
Z@ simulate summary errors £, ~ &4 0

Ue weight ¢, according to error magnitude
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K
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asy to extend ABC algorithms to sample from 7.(6, 4. |X0):

MCMC-ABC on © x error space

MCMC1 If now at 6 propose 6’ ~ q(6 — 0').
MCMC2 x" ~ f(-|0"), compute errors £} = px(Sk(X’), Sk(xo)) Vk.
MCMC3 Accept (¢, ). ) with prob
mh(0, 4.4 0, €4.) =
/ / /.
min 1 , q(9 - 9/) % 7.(-(9) Hk K’k(Ek'Tk) ,
q(0 = 0)  7(0) [1k rk(ek: 7%)

o/w stay at (6,,.x). Return to MCMCH.
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¥4 is n = 100 samples of iid Exp(1/5). Assume xo; ~ N (11, 0?).
normal inverse gamma

: sample mean and sample median

: std indicator kernel with 7y = 7 = 1.6

135969

‘—|
Qwoose hyperparameters so we can run simple rejection algorithm (10,000 iterations).
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&BC to interface biological scales:
@volution & ecology of influenza A (H3N2)
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©hoice of ABC summaries across scales

ﬁmmaries reflect characteristic
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q'-i'nterannual variability
@eriodicity

%xplosiveness

Qj)verall magnitude
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Scale: epidemiological data
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e track status of infection with multiple phenot distinct variants

ds; _
i=1,...,n o w(N — S,)—Bt Za,//+'y(N Si—1)
]1
dl

= ﬁt*/ (v + )i

e specify only tempo with which variants emerge

dl
— = 6r — (n+v)li — h(age));

h( ) = H/A (21/>\)’”"_1

e simulate strains of each variant
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Scale: epidemiological & antigenic data
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%}hylodynamic multi-SIRS model
eMCMC
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@ phylodynamic multi-SIRS model; more 6:

.F; nucl mut rate 5.7 x 10~3/site/yr (fix); population multiplier e ~ [0, 250]; rel sel advantage s ~ [0, 0.1]
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@phylodynamic multi-SIRS model; more 6:
Q. nucl mutrate 5.7 x 10_3/site/yr (fix); population multiplier e ~ [0, 250]; rel sel advantage s ~ [0, 0.1]

e MCMC
o
in principle, punctuated antigenic change can reproduce limited diversity

& = log(S(x0)/S(x))
exp(0.4) ~ 1.5 fold, exp(0.7) =~ 2 fold discrepancy
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but only for unrealistic population size, eN = 15006 > 400e6
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Bdded value: model design via conflicting errors e
$
ABC error =  prior predictive error weighted by error magnitude
—
6(51 K‘XO) x ”X0(51;K) X [k ik (eki k)
2
Cpnsider mean ABC error Ex_ (g4.,/X0)
8ector-valued integral:
I
. e S e1mr(e1:21%0)der2
@T ((E;) ) (] eamr(e1:2]X0)deq 2)
o
£
gkth component re-weighted according to mutual constraints

e rl0)], = [ Pi(SK00, kGO Tk (o1 (Sk00): Si30)) s 7¢) ()

-goi:logo

o conflict possible with independent summaries

wf(€1;K|Xo)]k = /Pk(sk(x)’Sk(XO))”k(Pk(Sk(X) Sk(X0)); ) w(dx)
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