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Introduction

Base models

® Uncertainty Quantification (UQ) is an important concept that permits Semi~Mechanistic One compartment PK ODE model: [ Depot ]
the assessment of the certainty of inputs, methods and results for a 100 K ( _cL ) K4 Figure 3:
, Warfarin Plasma Concentration (t) = —+-—=%=-\e Vo — e Kat d.SChemGt]!C
particular system or model. VD Ka—; lagram of PK
B model
® Unfortunately, UQ assessment of model informed drug development
: Ka (hr) Absorption rate Table 1: Parameter definitions for 1CL
(M|DD) is often overlooked cL (L/hr) Clearance PK model (Fig. 3)
® Some model developers focus on only the UQ of the model Vo (1 volume of distribution
results and neglect the UQ assessment of the inputs or Data driven Sum of Exponentials (SOE) model:
Warfarin Plasma Concentration (t) = a - e 1t — g . e=F2't
methods (Ma /) ) )
, a (Mg/L), B; (hr™), and hr™), are the parameters of the SOE model
® Relative standard errors (RSEs) a common UQ meadsure can /L), By (hr ) Pz (hr™") X : — :
Both models were chosen as they offer mathematically similar solutions
be difficult to robustly estimate and may experience (differing only in how the parameters are represented) for the
numerical issues for complex models? characterisation of warfarin plasma concentrations compared to the
. . | | observed warfarin plasma concentrations (Fig. 4)
UQ assessment of MIDD is crucial as often previous model outputs form
the basis of novel model inputs and it is imperative to know the i i LT
credibility of the inputs as well as the methods used to produce these Novel UQ metrics fOI" parameter uncertalnty Figure 4: Warfarin Plasmq concentration
data
results i istributi i
. | | | Pgrometer posterlor distributions outo.motlcally PK Model SOE Model
To Showcase UQ tools which can be used to assess uncertainty in the display the certainty of parameter estimates ] |
, . , Standard approaches such as RSEs can experience s : M £oot '
mixed effects model development and introduce an alternative UQ numerical issues X AEEE D ggg;j A e
metric for mixed effects model outputs an example QOI was proposed: ® Novel alternative metrics overcome these ey TS
. . . . challenges and derived from the posterior
Example question of interest (QOI): which population model would distributions
provide a more credible and robust fit for warfarin plasma s 959.CDILE B\
concentrations, a semi-mechanistic one compartment PK model or a 95%CDIRLB = — —
data-driven sum of exponentials (SOE) model ? 959, CDIRA = >2XCDIRLB+I5%CDIRUB
M
95%CDIRUB = ——— 2
.. . N L 95%CDIUB y
UQ aanYSIS In Mlxed effeCts mOdeI Typicql UQ metrics Figure 5: POP posterior parameter distributions for PK (A, C and
E) and SOE (B, D and F) models. Black dashed lines refer to the
k development Process ) 95% Credible interval (CDI) Standard errors (SE) mean estimates and the red horizontal lines are the 95%CD!
Start here !
Posterior standard deviation
Define QO SE1 = JEf fective sample size SE2 = /Diagonal elements of covariance matrix
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Profile Likelihood plots for PK model
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Figure 1: Profile likelihood plots for PK
model population parameters; K,
(A), CLpop (b) and V., (C) . Dashed

5 lines are the threshold negative log
201 , , , - likelihood values which is set to 929.
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References: 1. doi10.1007/bf03261932. 2. https://monolix.lixoft.com/tasks/standard-error-using-the-fisher-information-matrix/
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*There are many steps

involved in identification of

relevant data. In this

Example QOI however, the
data was obtained directly

fromm MONOLIX

/

Both PK and SOE model
produce similar outputs
to data

Both are structurally
identifiable.

The SOE model is not

practically identifiable

(Fig. 2)
PK model is already a
more credible fit (Fig. 1)

Profile Likelihood plots for SOE model
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Figure 6: Warfarin plasma concentration simulations using the population PK and SOE models. Black dots are the observed plasma
concentrations, brown curves are the simulations based on the fixed effects only and grey curves are the simulations based on the mixed
effects parameter estimates

Table 2: Summary of candidate model performance for
Metic R  [R2  MSE L OFV AIC  BIC Y P

- population PK and SOE models. MSE: mean squared error. LL:
| 0.953 0.908 I e loglikelihood. AIC: Akaike information criterion. BIC: Bayesian

31

092  0.846 1077 -1072.73 2145452 2762.452 3350.355 . DOH A
information criterion

. Kip» (RI1) 0.361 0.328-0.393 0.913 0.088 4.635

- i i ol g PSSO 07 0980-1053 0.965 0.037 1.843

o . A Eol IO c04 7.445-8598 0.93] 0.072 3.658

Kapmrca (RFY) 0288 0.238-0.347 0.827 0.385 10.092

CLomeca (L/BI) 0.399 0.351-0.447 0.887 0140 6.168

D_ O_ _________________________ -

0 3 6 9 12 15 0 3 6 9 12 15
Predicted plasma concentration using population estimates (Mag/L) Predicted plasma concentration using population estimates (Ma/L)

: | 0 W Vo ourca (L) 0712 0.644-0792 0.901 0.074 5.387
R M l|) oo AFixedEffectsonly (Y1306 1229-1388  0.94] 0.041 3.5
2’ g2 <2 units)
| p ; L g ’i 5 P YT M 0.891 0.834-0.951 0.936 0.058 3.368
o - | | & | SRR | | SOE model 'Mean |95%CDI 95%CDIRA |RSE1 |RSE2
° Predicted3plasmacoﬂcegtratiorw using\r?dwidua\ estimli:tzes(MgfL) N ° Predicted?alasmaconcegtrationusiﬂgir?diwdualestim;"tzes(MgfL) " aPOP (M ) II_) 73.960 25.210 — ]5].201 0.4]5 ].583 48_242

B1ppp (M) 0.226 0.200 - 0.251  0.892 0.178 6.022

Figure 7: Predicted vs observations for the population PK (A and C) 5 ) 0293 026l - 0327 0.893 0172  6.044
o or . . . . . .

and SOE (B and D) models. Points refer to the observed and

predicted data using POP parameters only (blue, A and B) and the ELYHd (Mg/L)) 1544 0.676 —2.666  0.509 0.869 37.379
individual parameter estimates (purple, C and D). The red lines are 20 UL, 1199 0.601-2015  0.548 0.754 36.162
the 95%CDIs for the predictions. Baprieea (DY) 1108  0.509-1938 0.515 0.910 38.079
Table 3: A summary of the mean, 95%CDI, 1826 1718 1936  0.942 0.058 3.043
95%CDIRA and RSE values for the PK and SOE KLY,
____________ models nrmpaessy (\LYTHT )M 1.699 1594 - 1.815 0.937 0.058 3.340
Conclusions

+ Although both models simulate similar outputs to the observed data (Fig. 6), the
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Figure 2:Profile likelihood plots for SOE
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mechanistic PK model provides a more credible fit to the warfarin plasma concentrations
compared to the data driven SOE model (Tables 2 and 3, Fig. 7)

model population parameters a,p, © The Novel UQ metrics introduced provides a simplistic UQ representation of the models

(A), Bipyp (B) and B,,,, (C). The

1169+

The results from this have the potential to be used as data input for an expanded model

th(;fjrf:%'fe‘rfa'foiﬁgcrlsgcgrgfégg g * Further work will involve selecting and testing UQ techniques and tools as part of a
- % % & & 8 & ok 171 res'gectivgy ’ defined set of credibility activities fit for mixed effects modelling within the ERAMET DRE

3. https://dataset.lixoft.com/data-set-examples/warfarin-data-set
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