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Background and Overview

e The DINAMO study was designed to evaluate the efficacy and safety of em- * PK models were estimated on adult and limited pediatric data with relevant covariate Figure 2: A causal selection graph for pediatric predictions.
pagliflozin and linagliptin in pediatric patients with type 2 diabetes mellitus (T2DM) adjustments (e.g., weight, eGFR, age, race, and sex).
[8]. This selection graph was developed retrospectively as one element of formal justification

| | o | | * The ER model for empaglitlozin was based solely on adult data, whereas the model ¢, ¢ transportability between adult and pediatric populations. Per the criteria of Pearl
* Following FDA guidance for pediatric extrapolation, we leveraged previously devel- for linagliptin leveraged adult and adolescent data. and Bareinboim [6], such a selection graph may be formally analyzed to identify

oped PK and ER models for empagliflozin and linagliptin, built primarily on adult conditions for conditional exchangeability of evidence, i.e. conditions under which

: : P - * Both ER models included relevant covariate adjustments (e.g., weight, eGFR, race,
data, to predict treatment effects in the pediatric population. similarity is expected between adults and pediatrics.

sex, and concomitant medication).

e A Bayesian analysis was developed using a robust mixture prior [1, 2, 3]. Prior
variances and a prior weight for the informative component in the mixture were
pre-specified according to a previously published justification [4, 5].

* The covariate adjustments were assumed to be sufficient to allow for pediatric extrap- : ,
: : ) ) : ny ) : P P Prescribed Dosing
olation given our confidence in describing differences in exposure after allometrically
scaling by weight and having observed comparable responses for short-term mark-

e Justification for the prior mean of pediatric outcomes based on PK and ER models is ers of efficacy (urinary glucose excretion for empagliflozin, and DPP-4 inhibition for :
explored herein and involves extrapolation from the adult population using relevant linagliptin) in pediatric patients with T2DM relative to adults. e -
covariate adjustments (e.g., weight, eGFR, age, race, and sex). : : : : eignt ll.’ ,,
* The covariate adjustment strategy was also retrospectively evaluated via causal selec- e ll‘
Figure 1: Schematic of evidence integration strategy, taken from Sailer et al. [4] tion graphs as a formal justification for transportability between populations [6]. \\\ Race
, - _ e Pediatric predictions adjusted for variables are represented in rectangles, while un- \\
Supplementary Bayesian analysis: overview colored ellipses indicate variables that were likely to influence the outcome but were \\\ o CUGE>
not adjusted for in the model. Age is a special case, since it was adjusted for in the I
Historical studies: I pharmacokinetic simulation§ .but not in the pha.rmacodynamic sin.lulations. Prior evi- \\\
covarates, | [, | Phemacometrio | s, | Preccion ofchange in dence suggested that.(c.ondltlonal on eGFR) urine gl}lcose excretion (UGE) does nf)t Age Sex
oAt ael) population depend on age, providing support for the lack of direct effect of age on change in
blinded baseline covariate distribution T ﬂ HbAlC (Figure 2).
 The adjustment sets computed from this analysis imply that valid extrapolation is “Selection™ (Lon-mec
paediatric study: Bayesian Study * Informative prior possible either by direct adjustment for age or by adjustment for body weight, eGFR, |
covariates, — Postoror eatment | <——— "ﬁféﬁ?‘é}'&'}iﬁi‘é’?ﬁ?ﬁé” and concomitant medications (as long as the effects of age are mediated by these
oA To(%) effect & inference Population latter three variables, as implied by Figure 2).
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Results
Figure 3: Accuracy of placebo-corrected HbAlc predictions for empagliflozin. Figure 4: The density of the prior for the placebo-corrected treatment effect for Figure 5: Accuracy of placebo-corrected HbAlc predictions for linagliptin.
the two normal components and the mixture.
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Figure 6: Placebo-corrected treatment effect versus informative prior weight for e Near the center of the distribution, the mixture follows the informative com- Figure 7: Placebo-corrected treatment effect versus informative prior weight for
empagliflozin. ponent, and in the tails of the distribution, the mixture follows (with an linagliptin.
offset) the uninformative component. The mixture is also very non-normal
The 95% credible intervals are represented by the ends of line segments. The which is visually noticeable for the non-quadratic shape. This visualization The 95% credible intervals are represented by the ends of line segments. The
horizontal dashed line corresponds to the null effect. The bold interval communicates how in each region (prior-data agreement or disagreement) horizontal dashed line corresponds to the null effect and the dotted line
corresponds to the pre-specified informative weight of 0.65. of the estimated treatment effect, the gradient of the prior follows the ap- corresponds to the tipping point threshold. The bold interval corresponds to the
propriate distribution, and the effect of the other distribution is negligible pre-specified informative weight of 0.65.
00 b= == == - m— = - = = = = = - — - (Figure 4).
» After adjusting for relevant covariates, the predicted treatment effect for em- T
T pagliflozin (-1.02 %) was close to the observed treatment effect in DINAMO -
> T (-0.84 %) (Figure 3). T
€ 3 T * For empagliflozin, the prior and likelihood distributions substantially over- T e e - I .
= %'0'5' TT+ _ lap, so the posterior has lower variance than using just the likelihood (i.e., *g _ T
S I T 7T a frequentist analysis) (Figure 6). e T T
= 9 5 2
3 e * In the linagliptin analysis, the ER model predicted a greater treatment effect = %
§ Q | (-0.64 %) than was observed in DINAMO (-0.34 %) (Figure 5). E c
S 5 AR ST SR S 0 SO AR S B § o
(6) & 1.0 * The linagliptin conclusions depended on the pre-specified informativeness 5 % 0.5- 41l
S of the mixture prior. The tipping point sensitivity analyses showed that Lc-i 5
O . . o . . : K] N—"
© the informative prior weight where the posterior probability of the placebo- 3
o : ) Q
corrected treatment effect being less than zero was 97.5% was a weight of D_ﬂ_i
1 41 4L L£4L+L = = = 0.54 (Figure 7).
15/ =+ N * Due to the information gain, the estimated credible intervals of the treatment 1 41 4 Ll-L1LL L L L
0.00 0.95 0.50 0.75 100 effect in the Bayesian borrowing analysis were narrower than that for the 10{ T
Informative Prior Weight traditional analysis using only DINAMO data. 0.00 0.95 050 0.75 100
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e Bayesian borrowing is an increasingly popular technique for evidence integration [7].

e Bayesian borrowing can be informed by prior beliefs about conditional exchangeability (the idea that certain observations are comparable after making known covariate . sosere S °°%% oS0 o3%e
adjustment) while also providing a fail-safe if those exchangeability assumptions become inconsistent with the data. PPN X el SR - T S X

e The acceptance of the results also relies upon the pre-specification of the prior weight and the assessment of subsequent sensitivity analyses [ 7][9]. So gragee, N::.Eoz:é:; 3

* Collaboration between pharmacometricians, statisticians, and stakeholders about the proposed methodology early on, prior to model development, can increase confidence and S0 %ges "a3® %53°°30e"a"3 s one
support successful implementation of Bayesian borrowing. ¢ o3%000gss0l 0% 233, 3000 [gellsl, o
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