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Outline

• Background of the trial
o ODYSSEY trial of first-line/second-line 

antiretroviral therapy for HIV-infected 
children
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Background - ODYSSEY

• Randomised trial of dolutegravir (DTG)-based antiretroviral therapy (ART) vs. 
standard of care (SoC) in children with HIV infection

• Children recruited were starting first-line ART or switching to second-line ART
• Trial includes 707 children aged (4 weeks-18 years], weighing ≥14kg, and 85 

children weighing ≥3kg and <14kg
• Non-inferiority trial
• Primary outcome: treatment failure by 96 weeks

Problem: Children weighing <14kg were recruited 12 months later and needed to be 
analysed separately1.
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Borrowing of information between subgroups
Aim: 

To estimate the treatment effect comparing DTG-based ART to SoC in in children 
weighing <14kg (the target subgroup) 

• A standalone analysis would be underpowered

• The treatment effects in both subgroups were likely to be similar

• Investigators decided to borrow information from the children weighing ≥14kg 
using Bayesian analysis, with the aim of increasing power and precision.

Question: How much information did we need to borrow from the ≥14kg subgroup?
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The Bayesian model
𝜃1 and 𝜃0 are the difference in clinical/virological failure rates in the target subgroup 
and borrowed subgroup. 

Data from the target subgroup provided an estimate of 𝜃1:
𝑦1~𝑁 𝜃1, 𝜎1

2

Data from the borrowed subgroup provided an estimate of 𝜃0:
𝑦0~𝑁 𝜃0, 𝜎0

2

We used a vague normal prior for 𝜃0 and a bias parameter 𝛿~𝑁 0, 𝜎𝛿
2  to describe 

the difference between treatment differences

The commensurability parameter 𝜎𝛿  determined the degree of borrowing between 
the subgroups – could be informed by elicitation or estimated 

→ Different approaches for the analysis
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Publications on ODYSSEY trial1,2
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Elicitation-based commensurate predictive prior 
approach
To estimate 𝜃1, we followed a two-stage analysis: 

1) Analyse the borrowed subgroup

2) Derive the marginal prior for 𝜃1, i.e. a commensurate predictive prior for 𝜃1

3) Use the prior to analyse the target subgroup

• Relative weight given to the data from the borrowed subgroup was a function of 𝜎𝛿

• Individually elicited opinion from 13 paediatrics HIV clinicians on the weighting

• Elicitations were done before trial results were known

• 𝜎𝛿  was fixed (based on the elicitations)
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Original results from a Bayesian analysis
• A Bayesian analysis was the 

primary analysis of the <14kg 
subgroup, in which data from 
the ≥14kg subgroup 
contributed 78% of the weight

• The Bayesian approach 
allowed us to estimate the 
treatment effect with increased 
precision and confirmed the 
superior efficacy of DTG-based 
ART vs. SoC

≥14kg 

<14kg Stand-alone

</≥14kg Pooled Analysis

<14kg Bayesian Analysis
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Re-analysis of the ODYSSEY trial

We propose several alternative methods for implementing 
Bayesian borrowing across subgroups and classify them into:
• Commensurate predictive prior (CPP) approaches 
• Meta-analytic (MA) approaches
• Power prior (PP) approaches

Aim: 
To explore how these proposed approaches could differ in 
estimation results and potentially in conclusions, and to further 
explore any practical implications
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Empirical Bayes-Commensurate Predictive Prior

• EB estimation of 𝜎𝛿: 
1) Compute the marginal likelihood of the data 

conditional on the precision parameter 𝜏 =
𝜎𝛿

−2. 
2) Determine the marginal maximum likelihood 

estimate (MMLE) for 𝜏. 
Ƹ𝜏 = 𝑎𝑟𝑔 max

𝜏>0
𝑚 𝑦0, 𝜎0

2, 𝑦1, 𝜎1
2 𝜏

• EB-CPP assumes no uncertainty for 𝜎𝛿

• Appropriate prior specifications are required

Unrestricted maximisation
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Relaxing 𝜎𝛿  - Bayesian dynamic borrowing
Elicitation-based 
SAS-CPP 

A spike-and-slab prior is used for the precision parameter 𝜏
• A local uniform distribution for the slab component → w (0.5 or 

based on the pairwise Hellinger distance4)
• Point mass concentrated at the spike (based on elicitation)

A normal mixture prior is used for 𝜃1 
• Informative component (based on elicitation) assumes similar 

treatment effects → w (0.5, empirical Bayes3, tipping point4)
• Robust component assumes independence of the target 

treatment effect 
• Location at the null; dispersion scaled for a unit-information 

prior

Elicitation-based 
robust CPP (rCPP) 
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Meta-analytic approaches

Elicitation-based MA 𝜃1, 𝜃0~𝑁 𝜇, 𝜂2

• The between-subgroup heterogeneity parameter 𝜂2 
controls the degree of borrowing

• An informative prior for 𝜂 would be required, e.g. based on 
elicitation

2𝜂2 = 𝜎𝛿
2

→ Some equivalence between methods: elicitation-based 
MA and CPP; empirical Bayes MA (EB-MA) and EB-CPP

𝜃1, 𝜃0~𝑤𝑘𝑁 𝜇, 𝜂2 + 1 − 𝑤𝑘 𝑁 𝑚𝑘 , 𝜎𝑘
2

• An informative prior for 𝜂 would be required, e.g. based 
on elicitation

• BDB: a robust extension to the elicitation-based MA

Elicitation-based 
robust MA (rMA)
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Power prior approaches
Elicitation-based PP • The power parameter 𝛼 controls the degree of borrowing

• Power prior for 𝜃1 is equivalent to inflating the marginal 

prior variance, 𝑁 𝑦0,
𝜎0

2

𝛼

• No need to estimate the between-subgroup 
heterogeneity

𝛼 =
𝜎0

2

𝜎0
2 + 𝜎𝛿

2

→ Some equivalence between methods: elicitation-based 
PP and CPP; Empirical Bayes-PP (EB-PP) and EB-CPP

• BDB: 𝛼 determined via simulation-based calibration 
considering frequentist operating characteristics5

Elastic PP
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Re-analysis results

Forest plot including mean estimates with 95% intervals; TTP is test-then-pool6, which is the 
most basic dynamic borrowing approach; EB-MA, EB-PP, elicitation-based MA and PP 
approaches are not shown due to the equivalence. 14



Discussion

• Compared several methods for informing the degree of borrowing, with 
parameters determined using elicitation, empirical Bayes estimation, or 
considering the operating characteristics of a planned Bayesian analysis

• Borrowing of information facilitated treatment effect estimation in a small 
subgroup of patients, i.e. precision and power gains compared to a standalone 
analysis → beneficial for basket trials, e.g. paediatrics, oncology

• Filled the knowledge gap in dynamic borrowing of information within the same 
trial rather than just external historical control data

• Demonstrated an equivalence across various elicitation-based/EB-based 
approaches → use readily available R package for meta-analyses

• Instead of purely relying on elicitations, we recommend exploring EB approaches 
for easy implementation, and BDB approaches for robustness against a prior-data 
conflict

15



References I

1. Amuge P, Lugemwa A, Wynne B, et al. Once-daily dolutegravir-based antiretroviral 
therapy in infants and children living with HIV from age 4 weeks: results from the 
below 14 kg cohort in the randomised ODYSSEY trial. The Lancet HIV. 
2022;9(9):e638-e648. doi:10.1016/S2352-3018(22)00163-1

2. Turner RM, Turkova A, Moore CL, et al. Borrowing information across patient 
subgroups in clinical trials, with application to a paediatric trial. BMC Med Res 
Methodol. 2022;22(1):49. doi:10.1186/s12874-022-01539-3

3. Zhao Q, Ma H. Modified Robust Meta-Analytic-Predictive Priors for Incorporating 
Historical Controls in Clinical Trials. Statistics in Biopharmaceutical Research. 
2024;16(2):241-247. doi:10.1080/19466315.2023.2241405

16

https://doi.org/10.1016/S2352-3018(22)00163-1
https://doi.org/10.1016/S2352-3018(22)00163-1
https://doi.org/10.1016/S2352-3018(22)00163-1
https://doi.org/10.1016/S2352-3018(22)00163-1
https://doi.org/10.1016/S2352-3018(22)00163-1
https://doi.org/10.1186/s12874-022-01539-3
https://doi.org/10.1186/s12874-022-01539-3
https://doi.org/10.1186/s12874-022-01539-3
https://doi.org/10.1186/s12874-022-01539-3
https://doi.org/10.1186/s12874-022-01539-3
https://doi.org/10.1186/s12874-022-01539-3
https://doi.org/10.1186/s12874-022-01539-3
https://doi.org/10.1080/19466315.2023.2241405


Reference II 

4. Best N, Price RG, Pouliquen IJ, Keene ON. Assessing efficacy in important 
subgroups in confirmatory trials: An example using Bayesian dynamic 
borrowing. Pharmaceutical Statistics. 2021;20(3):551-562. 
doi:10.1002/pst.2093

5. Jiang L, Nie L, Yuan Y. Elastic priors to dynamically borrow information from 
historical data in clinical trials. Biometrics. 2023;79(1):49-60. 
doi:10.1111/biom.13551

6. Viele K, Berry S, Neuenschwander B, et al. Use of historical control data for 
assessing treatment effects in clinical trials. Pharm Stat. 2014;13(1):41-54. 
doi:10.1002/pst.1589

17

https://doi.org/10.1002/pst.2093
https://doi.org/10.1111/biom.13551
https://doi.org/10.1002/pst.1589


Acknowledgements
Co-authorship: Becky Turner, 
Deborah Ford, Anna Turkova, 
Diana Gibb, Ian White

Clinical experts who contributed 
to the elicitations;

ODYSSEY trial team;

PENTA Foundation;

ViiV HealthcareImage result for viiv healthcare paediatric logo

18

http://www.google.co.uk/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=2ahUKEwjZxb7C3JbcAhUDblAKHYIYAsYQjRx6BAgBEAU&url=http://www.virology-education.com/event/upcoming/6th-hiv-women-workshop/sponsors/&psig=AOvVaw1ZfGt6wif6dFeT_hmX1eVp&ust=1531387334060262

	Slide 1: A comparison of different borrowing approaches in a trial evaluating therapy in HIV-infected children
	Slide 2: Outline
	Slide 3: Background - ODYSSEY
	Slide 4: Borrowing of information between subgroups
	Slide 5: The Bayesian model
	Slide 6: Publications on ODYSSEY trial1,2
	Slide 7: Elicitation-based commensurate predictive prior approach
	Slide 8: Original results from a Bayesian analysis
	Slide 9: Re-analysis of the ODYSSEY trial
	Slide 10: Empirical Bayes-Commensurate Predictive Prior
	Slide 11: Relaxing sigma sub delta  - Bayesian dynamic borrowing
	Slide 12: Meta-analytic approaches
	Slide 13: Power prior approaches
	Slide 14: Re-analysis results
	Slide 15: Discussion
	Slide 16: References I
	Slide 17: Reference II 
	Slide 18: Acknowledgements


   𝜃 1


   𝜃 0


   𝜃 1


   y 1 ~ N  (   𝜃 1 ,      𝜎 1 2 )


   𝜃 0


   y 0 ~ N  (   𝜃 0 ,    𝜎 0 2 )


   𝜃 0  


  𝛿 ~ N  (  0 ,    𝜎 𝛿 2 )


   𝜎 𝛿  


   𝜃 1


   𝜃 1


   𝜃 1


   𝜎 𝛿


   𝜎 𝛿


   𝜎 𝛿


  𝜏 =    𝜎 𝛿  − 2


  𝜏


   𝜏 ^ = a r g     max  𝜏 > 0 ⁡   [  m  (   y 0 ,    𝜎 0 2 ,  y 1 ,    𝜎 1 2 | 𝜏 ) ]


   𝜎 𝛿


   𝜎 𝛿


  𝜏


   𝜃 1


   𝜃 1 ,  𝜃 0 ~ N  (  𝜇 ,  𝜂 2 )


   𝜂 2


  𝜂


  2  𝜂 2 =    𝜎 𝛿 2


   𝜃 1 ,  𝜃 0 ~  w k N  (  𝜇 ,  𝜂 2 ) +  (  1 −  w k ) N  (   m k ,    𝜎 k 2 )


  𝜂


  𝛼  


   𝜃 1


  N  (   y 0 ,      𝜎 0 2 𝛼 )


  𝛼 =      𝜎 0 2     𝜎 0 2 +    𝜎 𝛿 2


  𝛼

