Influence of a priori information, designs and undetectable data on
individual parameters estimation and prediction
of hepatitis C treatment outcome
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CO NTEXT Individual parameter estimation
* Fix W at a priori values corresponding to true (M,,,.) and false models (Mg, M) (Table 2) to
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e Hepatitis C Virus (HCV): perform MAP

— infects 150 million people worldwide and causes 350000 deaths each year [1] * BDL data are omitted (OMIT) or taken into account by LBA

— Peg-IFN + ribavirin is likely to remain the backbone treatment of HCV Genotype (GT)-2/3 [2] * Evaluation criteria: mean relative error (MRE), relative RMSE and Shrinkage

— Treatment individualization is recommended to reduce costs and adverse effects Prediction of treatment outcome
* Parameters of viral kinetic models have a high predictive ability for treatment outcome [3] e Simulate the individual predicted infected profile using estimated individual parameters
* Bayesian estimation of individual parameters: e |f predicted infected cells <1 cell/15L, predicted response is SVR

— combines a priori information contained in population model and individual observations e Compare with the simulated response to calculate Misclassification rate (sum of False

— can be used to predict treatment outcome and to individualize treatment Positive and False Negative rates)

e Quality of parameter estimation and prediction depends on viral load sampling designs [4]
e Data below the detection limit (BDL): RESU LTS

— Common issue in analyzing HCV viral load data DESCRIPTION OF SIMULATED DATA
— Methods for treating BDL data: omit, impute at an arbitrary value or taking into account in

the likelihood function (LBA) [5-6] e SVR rate: 78.4%, consistent with the rate of 80% reported in the literature for HCV GT-2/3 [9]

— LBA allow less biased population parameter estimates but how they impact individual * % rebounders (HCV RNA declines > 1 log,, then rebounds under treatment): 11.7%
parameter estimation was not studied [5-6] * %BDLdata:57.4, 27.8,37.7 and 38.5% in designs D,,,, D,,,, D D respectively

INDIVIDUAL PARAMETER ESTIMATION
O Bj ECTIV ES Table 3: MRE (%) RRMSE (%) Shrinkage (%)
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* Evaluate by simulation the influence on individual parameter estimation and treatment If\?ﬂR’j\i’SE o Model.Design Method ;5 I(ig;‘)) B85 I(cig:; B 6 ¢
response prediction in the context of HCV-GT2/3 therapy of: Shrinkage of M., . D,,, LBA 12.1 49 -35 39 552 260 279 46.4 89.8 22.127.5 7.8
— a priori population model the four M, ._D,,_LBA 12.4 53 -3.6 43 57.6 27.9 28.0 412 951 26.029.1 8.9
— viral load sampling designs parameters M. D,y sparse_LBA 12.2 58 60 39 575 36.7 454 47.2 96.3 45.8 55.6 26.5
_ methods for handling BDL data in 6 selected M, D,, ... LBA 11.4 -14.3 27.6 12.2 56.7 32.1 63.0 55.9 97.6 46.1 54.8 21.9

scenario Ms._D OMIT 119 -24.6 353 -2.2 573 38.1 70.2 64.8 97.8 56.9 53.5 22.1

M ETHODS M;__D;,v::?:i_LBA 1013.6 95.9 27.6 103.8 1156.0 116.3 63.1 229.6 97.6 46.1 54.8 21.9
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B, a rebound-related parameter, is poorly estimated in all scenario
VIRAL KINETIC MODEL [7-8]

e Data within the 15t week allow good estimation of §, c, €
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f: nonlinear viral kinetic model identical for all individuals, e True a priori information allows good @ -
@: individual parameters vector prediction, regardless of designs, methods | © <
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BAYESIAN INDIVIDUAL PARAMETER ESTIMATION e False a priori information about B results g&g@s’“ g%v@ﬁ’“ 0%’@5’“
e Let ¥={u, Q,c} bethe known population parameters vector and let p(1n;|y;, ¥) be the in high prediction errors M, Ms, Mg
e . . . . . . . . rue
conditional distribution of 7. The MAP estimate of 77;is given by * Modeling approach allows better results Figure 2: Misclassification rates - sum of false
) p(y;|1n;, V) X p(n;|¥) than basing on empirical rules used in negative (filled with pattern) and false positive rate
N = argmaxm(p(niD’i: llu)) = argmaxy, () clinics (rapid virologic response) (results of treatment outcome prediction in all tested
‘ \_ scenario. D
. A . A . not shown, see [10])
 As iis known, once 7]; is estimated, 6; can be easily calculated
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* |n presence of data below limit of detection (LOD), the distribution p(y;|n;, ¥) is calculated by: ' R~_ | Figure 3: Examples of some
1 . o individual fits for the different
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p(yllrll ) Yij (,b g(ylj) 8 f(’h l]) Yij=>LOD g . g . es N Relapse, Null-response, Break-
ga éé through,  Partial response &
x []® (log(LOD), log (f(ni: tij)) ’ 0.2) 1yijSLOD T o » rebound) obtained with different
; models, designs and methods for
¢ (x, m,v): pdf of normal distribution with mean m, variance v, evaluated at x | L handling BDL data
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@ (x, m, v): cdf of normal distribution with mean m, variance v, evaluated at x Time (days) Time (days)
E) Partial response & rebound
SIMULATION STUDY Table 2: Parameter values of the different viral <) Nu”'reSpon:Se D) Breakthrough R
. . kinetic models (M., Ms., M) et e — o -
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* Four nested designs were considered (Table 1) cells/mL/day 60000 60000 60000 § oo [mrte B - E o- |
e Simulate N = 1000 vectors of 77, using values of d  1/day 0.001 0.001 0.001 g o || 8 s :
M model (TabIe 2) 0 1/day 0.32 0.14 0.32 0 _ * 0 _ 5 “ 5
e c l/day 9 9 9 T T T T 1 | i— T T T T 1 | | i— L R L B A
* Calculate @ and predict viral loads for 1000 p  virions/day 50 50 50 WO W8 W16 w24 w4s WO W8 W16 W24 W48 WO wWe o WI6 Wea Was
patients B mLl/virions/day 107 107 10° S Time (days) Time (days) Time (days) )
| 2l load h i , £h € 0.996 0.900 0.996
design of interest to obtain other datasets T cells/mL 1.3x107 1.3x107 1.3x107
e Assume: sustained virological response (SVR) is s 0.5 0.5 0.5 * Using correct a priori information, good individual parameter estimation and treatment
attained if infected cell number < 1/15L [3] 0 0.5 0.5 0.5 outcome prediction are obtained with only six viral load measurements in four weeks after
“ 0-> 0-> 0-> treatment initiation
e [OD =45 |U/mL. Viral loads below LOD or after . 2.5 2.5 2.5
SVR is attained are consider BDL. 0] 0.461 0.461 0.461  The results remained satisfactory if wrong a priori values on identifiable parameters were used
unless BDL data were omitted
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timepoints for four D24w Y x  x  x x x x x y y y y ayes.,lan individual estimation could provide rapid and reliable treatment outcome prediction
D4w_sparse X X X X : . : P : :
DA chall  This approach needs a priori population model, which is not always available and not valid for
W_cnadilienge X X .
= S other populations
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