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introduction to Probabilstic Programming in Pumas T

Pumas can do Bayesian inference by leveraging the MCMC backend of Turing.jl[1], Parameters match between Pumas and NONMEM
one of the many Probabilistic Programming Languages (PPLs) available in the Julia .
Language. Pumas uses No-U-Turn Sampler (NUTS) implemented in the } HJeT o bpe e, with aata of e 9007 AraFlotsn,
AdvancedHMC.jl[2] package which is the MCMC backend for Turing.jl. The NUTS is
a gradient based MCMC sampling method and Pumas computes gradients of the e Al B e T _
objective function in full precision with forward mode automatic differentiation s R 8
provided by the ForwardDiff.jl package. Important features of Bayesian inference e LU e U o e R o
in Pumas i e R e e 5
» Model specification is identical to maximum likelihood methods sl |8 o (bl | vei | sawen | b | 2o B e o sserarion recores: 1
o Future release will use the core Julia features for chain level parallelism and LT ow o sow
GPU acceleration §§ i | e E e ii?gii’m ii‘{’;i‘fm iii;ﬁ"fm 52152114 i : P B
w2 et | e7stest | 1aesie | 17ress | 2i1sees | 204756 | 29 Scaling CL with WT  0.4323  (0.3558)
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Here we showcase the comparison of Bayes in Pumas and NONMEM using the 4 I H el el sl el Bl & PRINT=100

commonly used Theophylline dataset. We also showcase the readily available
parameter summarization and plotting of posteriors that are available in Pumas.

A Note on using Priors in Pumas

In the @param block within the model specification, it is possible to assign distributions to each of the
parameters instead of just specifying domains for the parameters. When estimating the model with
MCMC, the distributions will serve as prior distributions for the parameters. E.g. a variance parameter
could be assigned an Inverse Gamma Prior distribution with shape and scale parameters 0.1 by setting

> ® Model specification in Pumas

1 using Pumas, CSV, Random, StatsPlots )
> o” ~ InverseGamma(0.6, 0.2)
3 theopp = read_pumas(example_data("event data/THEOPP"),cvs = [:WT, :SEX]) Any distribution definition from the Distributions.jl [3] package or custom distributions that follow the
g A rEoEEEEl_EyEs = GIedEl heeln same interface can be used as prior distributions. This allows for flexibility in experimenting with
6 @param begin alternative prior distributions. If a parameter is not assigned a distribution but just a domain, the
7 6 ~ Constrained( parameter will implicitly be assigned a flat (improper) prior.
8 MvNormal(
9 [1.9, 0.0781, 0.0463, 1.5, 0.4],
Diagonal([9025, 15.25, 5.36, 5625, 400]), It is assumed that all parameters are independent meaning that the definition
1)(,)wer [0.1, 0.008, 0.0004, 0.1, 0.0001], o’_prop ~ InverseGamma(0.6, 0.2)
et [£5§ %567&@96 3216;5:{’5 o 4 o’_add ~ InverseGamma(0.6, 0.2)
) R S S will result in independent priors for o> _prop and o?_add. A joint distribution for the variance parameters
Q ~ InverseWishart(2, fill(0.9, 1 ) . *x (2 + 1+ 1)) can be specified by using a single matrix valued parameter for the variances

, 1
c € RealDomain(lower = 0.0, init = 0.388) _
end > ~ InverseWishart(v, [0.125 0.1; 0.1 0.125]*(v + 3))

Typically, the fixed effects parameters are assigned a constrained multivariate normal distribution to

random begin . .
< J allow for correlation between the parameters and avoid extreme parameter value. An example could look

n ~ MvNormal(Q)

end like
Ao (el 0 ~ Constrained(MvNormal([1.9, 0.0781,0.0463,1.5,0.4],

Ea_= (EEX == 1 7 6[1] : e[4]) + n[1] Diagonal([9025, 15.25, 5.36, 5625, 400))),

%5131 % (Wi / 70)~6[5] lower=[0.1,0.008,0.0004,0.1,0.0001],

V = CL / K upper=[5,0.5,0.09,5,1.5],

(sjc =V / (WT / 70) init=[1.9,0.0781,0.0463,1.5,0.4] )
en It is possible to use the maximum likelihood estimation methods FO, FOCE(l), and Laplace(l) for models
@covariates SEX WT with prior distributions. In that case, the prior distribution is only used for specifying the domain.
evars begin Posterior plots of parameter from a single chain
end
@dynamics OneCompartmentModel
@derived begin

dv ~ ©. Normal(conc, sqrt(oc) + eps())
end [l

end

param = Pumas.init_param(theopmodel bayes)

Random.seed! (1)

b = Pumas.fit(
theopmodel_bayes,
theopp,
param,
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Pumas .BayesMCMC( ), )
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nsamples = 2000, D
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c = Pumas.Chains(b) |tB|

plot(
C,

xtickfont font(17),

ytickfont font(17),

guidefontsize = 17,

Linecolor = :red,

dpi = 600,

size = (1400, 1900),

left_margin = 50 * Plots.px,

titlefontsize = 20,
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Real time sampler metrics
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h = Hamiltonian(metric=DiagEuclideanMetric(|0.32628353156892637, 0.010 ...]))

o )
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CREM ct = 807 . .07278216725603728
EBFMI est = 80/7.9282162569328

do A \J

-
| T = NUTS{Multinomial,Generalised}(integrator=Leapfrog(e=0.105), max_depth=10),
L
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https://github.com/TuringLang/AdvancedHMC.jl
https://turing.ml/dev/
https://github.com/JuliaStats/Distributions.jl

