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1. │∂╘⌐ 

1.1 ≤  

ⱬ▬☼ ─ │ ↄ⅛╠╟ↄ ╠╣≡™╢⅜⁸ ─ ≤ ⌐⅔™≡│⁸

⅛╠─ ⌐ ≠ↄ ⅜ ≢№╢⁹ICH E91≢│₈ⱬ▬☼ ─

╛ ─ ─ ╙⁸∕╣╠─ ─ ⅜ ╠⅛≢№╡⁸ ⌂╢ ─ ≢╙ ≤⇔

≡ ╠╣╢ ⅜ ⌐ ⇔≡™╢ ⌐│ ∆╢↓≤⅜≢⅝╢⁹₉≤ ↕╣≡™

╢╙──⁸ⱬ▬☼ ─ ⅜ ≢ ↕╣╢ │ ╠╣≡™√⁹ 

2020⌐FDA╟╡⁸₈Interacting with the FDA on Complex Innovative Trial Designs for Drugs 

and Biological Products2₉⅜ ↕╣⁸▪♄ⱪ♥▫Ⱪ♦◙▬fi⁸ ⁸ⱴ☻♃כⱪ꜡♩

◖ꜟ⌂≥─ ⌂ ♦◙▬fi⌐⅔™≡ⱬ▬☼ ─ ─ ⅜ ↕╣≡™╢⁹ⱬ

▬☼ ▪ⱪ꜡⁸│♅כ ⌐ ⌂▪♄ⱪ♥כ◦ꜛfi╛ ⸗♦ꜟ⅜ ↕╣╢ ⌐⁸

─♦◙▬fi≤ ⌐ ╩ ≢⅝⁸ⱬ▬☼ │ ─◄ⱦ♦fi☻─ ╩

⌐ ╖ ╦∑╢ ≢ ≢№╢ ⅜№╢√╘⁸∕─ ⌐ ⅜╟╡ ╕∫≡™

╢⁹╕√⁸ ⌂ ∞↑≢⌂ↄ⁸FDA≢│Bayesian Supplemental Analysis Demonstration 

Project (https://www.fda.gov/about-fda/cder-center-clinical-trial-innovation-c3ti/bayesian-

supplemental-analysis-bsa-demonstration-project) ⅜ ↕╣⁸ ⌂ ≢─ⱬ▬☼ ─

⌐≈™≡╙ ⅜ ↕╣≡™╢⁹╕√⁸₈Pediatric Inflammatory Bowel Disease: 

Developing Drugs for Treatment3₉─♪ꜝⱨ♩●▬♄fi☻≢╙⁸ ⌐⅔↑╢ⱬ▬☼

─ ╩ ™√ ─♃כ♦ ⌐≈™≡ ↕╣≡™╢ ⁸₈Use of Bayesian 

Methodology in Clinical Trials of Drug and Biological Products₉─ ╙2025⌐ ↕╣

ꜟ◦▫ⱨ▫♦ה☻♦▬○☺ꜞ♩☻꜡◒4⁹╢™≡ ╩ ≤⇔√ REBYOTA─

5≢│ⱬ▬☼ ─ ⌐ ≠ↄ95% ⅜ ─ ⌐ ↕╣╢⌂≥⁸ⱬ▬☼

─ ╩ ™√ ╙ ⅎ≡⅝≡™╢⁹ 

⌐⅔™≡╙⁸AMED ה ≢₈ ─

⌐⅔↑╢ⱬ▬☼ ▪ⱪ꜡כ♅─ ⌐ ∆╢ 6₉⅜╕≤╘╠╣⁸20246 ⌐

↕╣√₈ ⌐⅔↑╢ⱴ☻♃כⱪ꜡♩◖ꜟ ─ ⌐ ∆╢ 7₉≢╙

ⱬ▬☼ ─ ⌐≈™≡ ↕╣≡⅔╡⁸∕─ ⅎ ⅜ ↕╣≡⅝≡™╢⁹ 

≢│⁸ⱬ▬☼ ─ ╩ ™√ ה ⌐≈™≡₈Rare disease─

─ 8₉─ ≢⁸ ╛ ≢─ ⌐⅔↑╢ ─♃כ♦ ≤™∫√♥

☼▬ⱴ≢ⱬכ ─ ╛ ─ ╩ ∫√⁹Complex Innovative Trial Designs CID

⌐ ⇔≡│⁸ ⅜20244 ⌐ ⇔√₈Complex Innovative Trial Design─ ≤

─ 9₉─ ≢⁸FDA─CID⌐ ⇔√ ╡ ╖ ┘CID╩ ⇔√ ─ ─

╩╕≤╘⁸ ⌂ ╛ ≤ ≤⌂╡℮╢ⱳ▬fi♩╩ ⇔≡™╢⁹╕√

≢│⁸ I ≢ⱬ▬☼ ─ ⅜ ╦╣╢↓≤⅜№╡⁸∕╣╠─ │

2022⌐ ⇔√₈ ─⅜╪ I ♦◙▬fi≤∕─ 10₉≢ ↕╣√⁹ 

ⱬ▬☼ ─ ╩ ™√ ≢│⁸ ─ ⌐ ≠ↄ ⌐╟╡ ⌐

╩ √∑√╡⁸ ─ ╩ ∆╢↓≤≢ ⌂ ⅜ ≤⌂╢ ⅜№

╢⁹⇔⅛⇔⁸ ╛ ─ ⌐╟∫≡│ ∫√ erroneous conclusion╩

https://www.fda.gov/about-fda/cder-center-clinical-trial-innovation-c3ti/bayesian-supplemental-analysis-bsa-demonstration-project
https://www.fda.gov/about-fda/cder-center-clinical-trial-innovation-c3ti/bayesian-supplemental-analysis-bsa-demonstration-project
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ↄ ─ ⅜№╡ ╢√╘⁸ ⌐∕─ ╩ ⌐ ∆╢ ⅜№╢⁹
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╩ ℮⅜⁸◦Ⱶꜙ꜠כ◦ꜛfi ─ ╛∕─ ─√╘─ⱪ꜡◓ꜝⱵfi◓◖כ♪⌐≈

™≡╕≤╘√╙─⅜⌂™─⅜ ≢№╢⁹ 

≢│⁸ ─ ↑⌐⁸ⱬ▬☼ ♦◙▬fi─ ╩

╢√╘─◦Ⱶꜙ꜠כ◦ꜛfi─ ╩ ⇔⁸ ⅜ ⌂ ⌐⅔™≡ ⌂ⱬ▬☼

╩ ≢⅝╢↓≤╩ ≤∆╢⁹↕╠⌐⁸ ─ ╩ ↑╢√╘⌐⁸ ≢

∫√◦Ⱶꜙ꜠כ◦ꜛfi─ R │ SAS◖כ♪│ GitHubhttps://github.com/JPMA-

DS/2025TF3-2Bayesian.git⌐≡ ⇔√⁹ⱨ□▬ꜟ ─ ─ ⅜⁸ ≢─

╩ ⇔≡™╢⁹ ⅜ ≢ ⇔⁸ ╩ ╘╢↓≤╩ ∆╢⅜⁸ ↕╣√ⱪ꜡

◓ꜝⱶ⅔╟┘ ╠╣√ ─ │⁸ ⌐№╢↓≤╩ ™√∞⅝√™⁹⌂⅔⁸

≢ ⇔√ ♦◙▬fi ┘ ⌐ ⇔≡│⁸ ─ ╛

⌐╟∫≡⁸ ─ ↑ ╣ │ ⌂╢≤ ⅎ╠╣╢√╘⁸ ⌐ ∂≡

⇔≡™√∞⅝√™⁹ 

 

1.2 ─  

─ │ ─ ╡≢№╢ 2 ≢│⁸ⱬ▬☼ ─ ─◦Ⱶꜙ꜠כ◦ꜛfi

─ ╣≤ ∆╢═⅝ⱳ▬fi♩⌐≈™≡ ═⁸ ⌂ ≢─ⱬ▬☼ ≢─

◦Ⱶꜙ꜠כ◦ꜛfi ╩ ∆╢⁹ 3 ⅛╠ 5 ≢│⁸╟╡ ⌂ ≢─◦Ⱶꜙ꜠

fiꜛ◦כ ╩ ∆╢⁹ 6 ≢│⁸ I ≢─◦Ⱶꜙ꜠כ◦ꜛfi≢

∆═⅝ⱳ▬fi♩╛∕─ ╩ ∆╢⁹Appendix⌐│ⱬ▬☼ ─ ⌐≈™≡╙

╣√⁹™∏╣─◦Ⱶꜙ꜠כ◦ꜛfi ≡⌐GitHub│♪כ◖⁸╙ ⇔√⁹ 

 

 

1.3  

1. . (1998). ₈ ─√╘─ ₉⌐≈™≡. 

 1047. https://www.pmda.go.jp/files/000156112.pdf 

2. Food and Drug Administration. (2020). Interacting with the FDA on Complex Innovative 

Trial Designs for Drugs and Biological Products. https://www.fda.gov/regulatory-

information/search-fda-guidance-documents/interacting-fda-complex-innovative-trial-

designs-drugs-and-biological-products 

3. Food and Drug Administration. (2024). Pediatric Inflammatory Bowel Disease: Developing 

Drugs for Treatment. https://www.fda.gov/regulatory-information/search-fda-guidance-

documents/pediatric-inflammatory-bowel-disease-developing-drugs-treatment 

4. CDER Guidance Agenda New and Revised Draft Guidances Planned for Publication in 

Calendar Year 2025. https://www.fda.gov/media/185228/download?attachment 

5. Ferring Pharmaceuticals Inc. (2022). Rebyota. Package Insert. 

https://www.fda.gov/media/163587/download 

6. AMED ה . (2021). ─ ⌐⅔↑╢

ⱬ▬☼ ▪ⱪ꜡כ♅─ ⌐ ∆╢ . 

https://github.com/JPMA-DS/2025TF3-2Bayesian.git
https://github.com/JPMA-DS/2025TF3-2Bayesian.git
https://www.pmda.go.jp/files/000156112.pdf
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/interacting-fda-complex-innovative-trial-designs-drugs-and-biological-products
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/interacting-fda-complex-innovative-trial-designs-drugs-and-biological-products
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/interacting-fda-complex-innovative-trial-designs-drugs-and-biological-products
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/pediatric-inflammatory-bowel-disease-developing-drugs-treatment
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/pediatric-inflammatory-bowel-disease-developing-drugs-treatment
https://www.fda.gov/media/185228/download?attachment
https://www.fda.gov/media/163587/download


ⱬ▬☼ ♦◙▬fi⌐⅔↑╢◦Ⱶꜙ꜠כ◦ꜛfi─   

8 

 

https://www.jpma.or.jp/information/evaluation/symposium/jtrngf0000001cap-

att/DS_202302_hirakawa1.pdf 

7. AMED ה . (2024). ⌐⅔↑╢ⱴ☻♃כⱪ

꜡♩◖ꜟ ─ ⌐ ∆╢ .  

https://www.mhlw.go.jp/hourei/doc/tsuchi/T240621I0030.pdf 

☻fi◄▬◘♃כ♦   .8 . 2022. Rare disease

─ ─ . 

https://www.jpma.or.jp/information/evaluation/results/allotment/ds_202212_rare.html 

☻fi◄▬◘♃כ♦   .9 . 2024. Complex 

Innovative Trial Design─ ≤ ─ . 

https://www.jpma.or.jp/information/evaluation/results/allotment/DS_202404_CID.html 

☻fi◄▬◘♃כ♦   .10 . 2022. ─⅜╪

I ♦◙▬fi≤∕─ . 

https://www.jpma.or.jp/information/evaluation/results/allotment/DS_202306_oncoP1DE.ht

ml 

 

https://www.jpma.or.jp/information/evaluation/symposium/jtrngf0000001cap-att/DS_202302_hirakawa1.pdf
https://www.jpma.or.jp/information/evaluation/symposium/jtrngf0000001cap-att/DS_202302_hirakawa1.pdf
https://www.mhlw.go.jp/hourei/doc/tsuchi/T240621I0030.pdf
https://www.jpma.or.jp/information/evaluation/results/allotment/ds_202212_rare.html
https://www.jpma.or.jp/information/evaluation/results/allotment/DS_202404_CID.html
https://www.jpma.or.jp/information/evaluation/results/allotment/DS_202306_oncoP1DE.html
https://www.jpma.or.jp/information/evaluation/results/allotment/DS_202306_oncoP1DE.html


ⱬ▬☼ ♦◙▬fi⌐⅔↑╢◦Ⱶꜙ꜠כ◦ꜛfi─   

9 

 

2. ⱬ▬☼ ─ ⌂ ⅎ ≤◦Ⱶꜙ꜠כ◦ꜛfi─ⱳ▬fi♩ 

2.1 ⱬ▬☼ ─ⱷꜞ♇♩ ┘  

ⱬ▬☼ ╩ ™╢ ♦◙▬fi─ⱷꜞ♇♩≤⇔≡⁸ ─ ⅜ →╠╣╢1⁹ 

╩ ה ╡ ╣╢↓≤⌐╟∫≡ ─ │ ↕╣⁸∕─ ⅜ ∆

⅜№╢⁹ 

╢™ ה ⌐╟∫≡│⁸ ⌐ ⌂◘fiⱪꜟ◘▬☼╩ ♦◙▬fi≤ ═

≡ ↕ↄ≢⅝╢ ⅜№╢⁹ 

╡╟⌐ⱪ♥▫Ⱪ♦◙▬fi♄▪ ה ◘▬☼╩ ↕∑╢↓≤⅜≢⅝╢⁹ 

─ ה ≢─ ⌐ ⌐ ∆╢↓≤⅜≢⅝╢⁹ 

 

≢⁸ ≤⇔≡│ ─ ⅜ →╠╣╢⁹ 

─ ה ┘ ∆╢ ⸗♦ꜟ─ ╩ ⌐ ∆╢ ⅜№╢⁹

─ ≢ ╛ ⸗♦ꜟ╩ ∆╢≤⁸ ─ ⅜ ℮

ↄ⌂╢√╘⁸↓╣╠│ ≤ ⌐ ∆╢ ⅜№╢2⁹ 

⌐♅כ꜡ⱪ▪ ה ≠ↄ ─ ─ ⌂ ⅜ ⌐⌂╢↓≤⅜№

╢2⁹ 

 

◦fiⱪꜟ⌂ⱬ▬☼ ╩ ™√ ≤⇔≡⁸ ─ clear cell sarcoma; 

CCS ┘ alveolar soft-part sarcoma; ASPS⌐ ∆╢♬ⱲꜟⱴⱩ─

⅜№╢3⁹ ⱪfiꜝⱬꜟ⁸כ○⁸│ ⁸ ⁸Phase II≢№╡⁸♬Ⱳꜟ

ⱴⱩ─ ⌐ Thall and Simon1994─ 4⅜ ™╠╣√⁹ │⁸

Response Evaluation Criteria in Solid TumorsRECIST⌐ ≠ↄ ≢№╢⁹ ─

╖ ╣│201611⅛╠ ⇔⁸ ╖ ╣ │2 ≤⇔√⁹ ─▪ⱪ꜡כ♅⌐

╟╡⁸ὖ ─ πȢπυ⁸ὖ ─ πȢσπ⁸‌ πȢπυ⁸ρ ‍

πȢψ─ ≢Fisherôs Exact test⌐ ≠⅝ ╩ ╙∫√≤↓╤⁸18─CCS

┘ ASPS ⅜ ≤⌂∫√⅜⁸ ≢─ ⅜ ≢№╢√╘⁸ ╠│2

≢18─ ╩ ╖ ╣╢↓≤│ ≤ ⇔√⁹ ≢⁸CCS┘ASPS─ ⅛

╠⁸ ⌂ↄ≤╙15 ─ ≢ ╩ ∆╢↓≤⅜ ≤ ⅎ⁸∕╣╩ ⅎ╢

√╘⌐Thall and Simon1994─ ⌐ ≠ↄ ♦◙▬fi⅜ ↕╣√⁹↓─ │⁸

⌐ ∆╢ ⌂ ≢№╢ⱬכ♃ ╩ ∆╢⁹ ⌂ ┘◦Ⱶꜙ꜠

fi⌐≈™≡│⁸ꜛ◦כ 3 ≢ ∆╢⁹CCS┘ASPS⌐ ∆╢ │ ⇔≡™

⌂™↓≤╩ ╕ⅎ⁸ ⌐⅔↑╢ ─ │⁸ ⌂ ─

≢ ↕╣≡™╢5%╩ ⌐ὄὩὸὥρπȟρωπ╩ ⇔√ ─ πȢπυ⁹

⁸♬ⱲꜟⱴⱩ⌐⅔↑╢ ─ │⁸CCS┘ASPS⌐ ∆╢ ─

│⌂™╙──⁸ ≢─ 30%╩ ⌐ὄὩὸὥπȢφȟρȢτ╩ ⇔√

─
Ȣ

Ȣ Ȣ
πȢσ⁹↓╣╠─ ─ ≢⁸♬ⱲꜟⱴⱩ─ ─

╩ ╢ ⅜95%╩ ⅎ╢ ⌐♬ⱲꜟⱴⱩ│ ≤ ∆╢↓≤≤⇔√⁹↓╣⌐

╟╡⁸15─ ╩ ╖ ╣√ ≢⁸3 ⅜ ⇔≡™╣┌ ⅜≢⅝╢
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≤⌂╡⁸ ▪ⱪ꜡כ♅⌐ ≠ↄ ╟╡╙⁸ⱬ▬☼ ▪ⱪ꜡כ♅⌐ ≠ↄ

─ ⅜ ╩ ↄ ⅎ╢↓≤⅜ ≤⌂∫√⁹⌂⅔⁸ ⌐10,000─◦Ⱶꜙ꜠כ◦

ꜛfi ╩ ™⁸ ─ ┘ │∕╣∙╣0.076┘0.977≢№╡⁸™∏╣

╙PMDA⌐ ↕╣√⁹ 

↕╠⌐ ↕∑√ⱬ▬☼ ≤⇔≡│⁸Ᵽ☻◔♇♩ ╛ ╩♃כ♦ ⇔√

⅜№╢⅜⁸↓╣╠─ │ AMED ה ─ ⅜ ⇔√

₈ ─ ⌐⅔↑╢ⱬ▬☼ ▪ⱪ꜡כ♅─ ⌐ ∆╢ 5₉⌐╕

≤╘╠╣≡™╢⁹ 

 

2.2 ⱬ▬☼ ─◦Ⱶꜙ꜠כ◦ꜛfi 

2.2.1 ≤♦◙▬fi  

◖fiⱧꜙכ♃◦Ⱶꜙ꜠כ◦ꜛfi⌐ ≠ↄ ─ ⌐ ∟⁸

≤♦◙▬fi ─2≈─ ╩ ™≡ ⌐ ╩כꜝ◄℮ ∆╢↓≤╩

ⅎ╢⁹ ≢│⁸↓╣╠─ ⅎ ╩case example≤≤╙⌐ ∆╢⁹ │ 2023 

╩ ↕╣√™6⁹╕∏│⁸ ≤♦◙▬fi ⌐≈™≡∕╣∙╣─

╩ ⌐ ∆⁹ 

 

Å   ⌐ ╩ ∆╢√╘⌐ ↕╣╢ ≢№╢⁹

⌐⅔™≡│ ⌐ ⌂ ⌐ ≠™≡ ↕╣╢⁹ 

Å ♦◙▬fi  ≢ ─№╢Ɽꜝⱷכ♃⌐ ∆╢ ⌐⸗♦ꜟ

╩ ⅎ⁸ ─♃כ♦ ╩ ∆╢√╘⌐ ↕╣╢ ≢№╢⁹

⌐ ⇔≡⁸♦◙▬fi │№╢ ─ ⅜ ↕╣╢6⁹ 

 

↓╣╠2≈─ ─ ─ ╩ ≤⇔≡⁸⅜╪ ╩ ⇔√ ─ ⌐

∆╢Ᵽ▬♫ꜞכ ▪►♩◌ⱶ ὣ ╩ ≤⇔√ ⌐≈™≡ ⅎ╢↓≤≤∆╢⁹√

∞⇔⁸ὣ│ὔ ─ ─℮∟ ≢№╢⁹ ⌐│⁸ ─ ╩ ⇔⁸

♦◙▬fi ┘ ─ ╩ ─╟℮⌐ ⅎ╢⁹ 

Å ὴ ─  ὄὩὸὥπȢυȟπȢυ 

Å ὔ     φπ  

Å ─       0Òὴ πȢςȿὣ ώ πȢωυ 

 

ὴ⌐ ∆╢ ≢№╢ὄὩὸὥπȢυȟπȢυ⅜ ≢№╢⁹ ≢№╢

╩ ∆╢√╘⁸ ≢│ὴ≤ ⅝ ὃ ╩ ⅎ≡ ∆╢ ⌐ ∆╢⁹╕√⁸

⌐♃כ♦─ ⇔≡⁸ὣ╩ὔ ─ ─℮∟ ≤∆╢≤⁸ὣ─ ℮ │

⌐ ™⁸ὄὭὲὔȟὴ ≢№╢⁹ ─ ≢⁸ὣ ώ╩ √ ─ὴ─ ⌐

≠⅝⁸ ─ ╩ √∆ │18≤ ↕╣╢⁹ │ ∆╢R☻◒ꜞⱪ♩

04_DesignPrior_analysisPrior_example.R╩ ─↓≤⁹ 
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 2.1 ≤ ─ ╩ √∆  

 16  17  18  19  

─  26.67% 28.33% 30.00% 31.67% 

0Òὴ πȢςȿὣ ώ πȢωυ 89.87% 94.21% 96.90% 98.45% 

 
⌐⁸ ┘ ⌐⅔↑╢ ╩ ⇔⁸ ─ ⌐⅔↑

╩כꜝ◄╢ ∆╢⁹ ⌐♃כ♦─ ⇔≡⁸ὣ─ ℮ │ὄὭὲὔȟὴ ≢№╡⁸ὴ⌐

⇔≡ ╩ ∆╢≤⅝⁸↓─ ╩♦◙▬fi ≤ ┬⁹⌂⅔⁸♦◙▬fi

≢№╢ ╩ ∆╢√╘⁸ ⌐ὴ≤ ⅝ Ὀ╩ ⅎ≡ ⇔√⁹ ≤

─ ⌐╟╡⁸♦◙▬fi ╩ὄὩὸὥ‌ȟ‍ ≤∆╢⁹⌂⅔⁸ ≤

⌐ ∆╢√╘⁸♦◙▬fi ─ Ɽꜝⱷ‌⁸╩♃כ‍≤ ∆╢⁹ὄὩὸὥ‌ȟ‍ ⌐

≠™≡⁸ὔ ─ ╩♃כ♦─ ⇔√ ─ │ⱬכ♃  

ὣḐ"ÅÔÁ"ÉÎὔȟ‌ȟ‍  

⌐ ™⁸ ─ ╩ ≈⁹ 

0Òὣ ώ
ὔ
ώ

ὄ‌ ώȟ‍ ὔ ώ

ὄ‌ȟ‍
Ȣ 

↓↓⌐⁸ὄϽ│ⱬכ♃ ≢№╢⁹ὴ─ ⌐√∞ρ≈─ ─╖╩ ╢ ⁸∆

⌂╦∟ ╩⅔™√ ⁸ │ ⌐ ∆╢⁹ ─ ⌐ ≠⅝⁸

┘ ─∕╣∙╣⌐ ⇔≡⁸ ─♦◙▬fi ╩ ∆

╢⁹ 

 

 

Å ὴ       ςπϷ─╖╩≤╢  

Å )ÎÆÏÒÍÁÔÉÖÅ ⌂ ὴ   ὄὩὸὥςπȟψπ 

Å ⌂ ὴ     ὄὩὸὥςȟψ 

 

 

Å ὴ       υπϷ─╖╩≤╢  

Å )ÎÆÏÒÍÁÔÉÖÅ ⌂ ὴ   ὄὩὸὥυπȟυπ 

Å ⌂ ὴ     ὄὩὸὥυȟυ 

 

─σ≈─♦◙▬fi ⌐ ⇔≡⁸ ┘ ─ ╩ √∆ ╩

⇔√ ╩  2.2⌐ ∆ 2☻◒ꜞⱪ♩ 04_DesignPrior_analysisPrior_example.R⁹

─ ≢ ↕╣√ ⅜ ─ ╩ √∆ ≢№╡⁸ ─ ⅜ ─

╩ √↕⌂™ ≢№╢⁹↓↓≢⁸ ≢ ─ ╩ √∆ ╩ⱬ▬☼

≤ ┬ ⁸ςπςσ6⁹ 

 

 2.2 ┘ ─ ╩ √∆  

 ςπ%  

 ὄὩὸὥςπȟψπ ὄὩὸὥςȟψ 
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0Òὣ ρψ τȢςχϷ 

 
0Òὣ ρψ ψȢςσϷ 

 
0Òὣ ρψ ςςȢτςϷ 

 5π%  

 ὄὩὸὥυπȟυπ ὄὩὸὥυȟυ 

 
0Òὣ ρψ ωωȢωυϷ 

 
0Òὣ ρψ ωωȢυτϷ 

 
0Òὣ ρψ ψωȢςςϷ 

 
─ς≈─ ╩ ™√ ─ ⌐⅔™≡⁸"ÅÓÔ ÅÔ ÁÌȢ ςπςσ ≢│ ⌐

↕╣╢ÁÖÅÒÁÇÅ ÔÙÐÅ ) ÅÒÒÏÒ─ ⅎ╩ ⇔≡™╢σ⁹ 

0Ò3ÔÕÄÙ ÓÕÃÃÅÓÓȿ—ȟ— — —ᶻὴ‏ Ὠ—Ȣ 

Å —ȟ— ┘ ⌐ ∆╢ ─№╢Ɽꜝⱷכ♃ 

Å ὴ— —─♦◙▬fi  

Å ‏ᶻ ⌐ ∆╢ ─ ∑ ╩ ∆  

 

0Ò3ÔÕÄÙ ÓÕÃÃÅÓÓȿ—ȟ— — ≢—╢№ᶻ│⁸‏ ↑√≤⅝─ ≢№╢⁹⌂⅔⁸

│ ↕╣≡™⌂™⅜⁸ ─ case example─ ─ ≤ ⌐⁸

0Ò3ÔÕÄÙ ÓÕÃÃÅÓÓȿ—ȟ— — ≡™⅔⌐ᶻ‏ ⌐ ↕╣≡™╢⁹↕╠⌐⁸"ÅÓÔ ÅÔ ÁÌȢ ςπςσ

≢│ ⌐ informative⌂ ╩ ∆╢ ⌐⅔↑╢ ─ ─

⌐ ℮ ₁─ ⌐ ⇔≡⁸average type I error⌐ ≠ↄ √⌂ ⌐≈™≡╙

⇔≡™╢3⁹ ⌐│⁸ ⌐⅔↑╢ ○♇☼ ⁸Ɫ◙כ♪ ⌐ ⇔≡

informative⌂ ╩ ∆╢ ⌐ ⇔≡⁸ ∆╢♦◙▬fi ╩ ⅜

⌂™⁸№╢™│ ↕∑╢ ≢♩ꜝfi◔כ♩∆╢↓≤≢average type I error╩

⌐ ⅎ╢≤™℮▪ⱪ꜡⁸│╣↓⁹╢№≢♅כtype I error╩ ∆═⅝ ⅜ ⌐

⅜⌂™⁸№╢™│ ↕∑╢ ⌐ ↕╣╢↓≤⌐ ≠ↄ⁹ ─
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│ ™≤ ⅎ╠╣╢╙──⁸ ⌐№√∫≡│ ≤─ ⌐ │ ≢

№╤℮⁹Average type I error≤∕─ ─ │⁸"ÅÓÔ ÅÔ ÁÌȢ ςπςσ ╩ ↕╣√™ς⁹ 

⁸ ⌐ ╡⅜⌂™ ╡⁸ ≢│ ╩ ≤ ∆╢⁹ 

 

2.2.2 ◦Ⱶꜙ꜠כ◦ꜛfi─ⱳ▬fi♩ 

≢ ∆╢╟℮⌂ ≢ ⌂ ♦◙▬fi Complex Innovative Trial 

Design: CID│⁸™∏╣╙ⱬ▬☼ ╩ ∆╢⁹ ─ ⌐ ∟FDA⌐CID

╩ ℮ ⌐│⁸ ─ ╩◦Ⱶꜙ꜠כ◦ꜛfi⌐╟╡ ⇔√◦Ⱶꜙ꜠כ◦ꜛfi

╩ ∆╢ ⅜№╢7,8⁹FDA─▪♄ⱪ♥▫Ⱪ♦◙▬fi⌐ ∆╢ ↑●▬♄

fi☻₈Adaptive Design Clinical Trials for Drugs and Biologics Guidance for Industry9,10₉⌐│⁸

─◦Ⱶꜙ꜠כ◦ꜛfi─ⱳ▬fi♩ 2.2.2.1⁸2.2.2.2⁸2.2.2.3┘2.2.2.4⅜ ↕╣≡™

╢⁹↕╠⌐⁸FDA─●▬♄fi☻₈Interacting with the FDA on Complex Innovative Trial Designs 

for Drugs and Biological Products7,8₉⌐│ ─ ⌐ ∆╢ ─ ─ ╩

∆╢↓≤│ ≢№╢≤ ↕╣≡™╢⁹ ╩ ⌐ ∑∏⌐ⱬ▬☼

╩ ∆╢≤⁸ ∫√ ╩ ↄ ⅜ ↄ⌂╢√╘⁸ ⌐ ∆╢ │⁸ⱬ▬

☼ ─ ─ ⌐≤∫≡ ⌐ ≢№╢⁹ 

 

 

2.2.2.1 ─ ⌐⅔↑╢◦♫ꜞ○─  

─ │⁸ ⌂◓ꜞ♇♪ ╩ ∆╢ ≢ ↕╣╢ ₁⌂◦♫

ꜞ○╛ ≢◦Ⱶꜙ꜠כ◦ꜛfi╩ ⇔ ∆╢⁹ 

 

2.2.2.2 ─ ⌐⅔↑╢◦Ⱶꜙ꜠כ◦ꜛfi─ ╡ ⇔  

◦Ⱶꜙ꜠כ◦ꜛfi⌐╟╡ ─ ™ ╩ ╢√╘⌐⁸ ◦♫ꜞ○≢ ╡ ⇔

100,000╩ ∆╢⁹↓╣│⁸ ◦♫ꜞ○⌐⅔↑╢ ─ ─95─

─ ⅜±0.1%⌐ ╕╢↓≤╩ ⇔⁸ ─ ─ ─↔ↄ╦∏⅛⌂ ╩

≢⅝╢╟℮⌐∆╢√╘≢№╢⁹√∞⇔⁸ ⅛™◓ꜞ♇♪ ╩ ⇔⁸∆═≡─◦♫

ꜞ○≢ ─ ─ ⅜ ≤∆╢ ╩ ∫≡™╢ │⁸10,000─

╡ ⇔ ≢ ≢№╢⁹╕√⁸ ─ ─ ─95% ─ ⅜

≤∆╢ ╩ ∫≡™╢ │⁸∕─ ╡ ⇔ ≢ ⌂ ⅜№╢↓≤⅜

↕╣╢↓≤⅛╠⁸ ⌐╟╡ ⌂™ ─◦Ⱶꜙ꜠כ◦ꜛfi╩ ℮↓≤⅜≢⅝╢⁹ 

 

2.2.2.3 ◦Ⱶꜙ꜠כ◦ꜛfi≢ ™╢  

◦Ⱶꜙ꜠כ◦ꜛfi─◦♫ꜞ○↔≤⌐ ⌂╢ ╩♪כ◦ ™╢⁹↓╣│⁸◦Ⱶꜙ꜠כ

◦ꜛfi ⅜ ⌐♩♇☿♃כ♦√╣↕ ∆╢↓≤╩ ↑╢√╘≢№╢⁹≈╕╡⁸

⌐╙ ⅜♃כ♦√∫ ↕╣√ ⌐⁸∕╣⅜ ◦♫ꜞ○⌐ ∆╢ꜞ☻◒╩ ↑╢√

╘⌐⁸◦♫ꜞ○↔≤⌐ ⌂╢ ╩♪כ◦ ™╢↓≤⅜ ↕╣╢⁹ 
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2.2.2.4 ╛∕─ ─ ─  

⌂▪♄ⱪ♥▫Ⱪ♦◙▬fi≢│⁸ ╛∕─ ─ ⁸

⁸ ─ ─Ᵽ▬▪☻ ╩ ∆╢√╘⌐⁸ ─ ─ ⌐

≠™√◦Ⱶꜙ꜠כ◦ꜛfi⅜ ⌐⌂╢⁹ ─ ─ ⅛╠ ─ │ ™

⅜ ╘╠╣╢⁹ ≢∕─ ─ │ ─ ╒≥─ │ ╘╠╣

∏⁸↕╠⌐ ∆╢ ─ ╩ ⌐ ∆╢√╘⌐⁸ ─ ≤ ═≡╟╡

⌂™ ╡ ⇔ ≢╟╡ ⌂◦♫ꜞ○⌐≈™≡ ∆╢↓≤⅜ ↕╣╢⁹ 

 

2.3 ◦fiⱪꜟ⌂ⱬ▬☼ ╩ ™√  

≢│⁸◦fiⱪꜟ⌂ⱬ▬☼ ╩ ™√ ≤⇔≡⁸2.1≢ ⇔√ Thall and 

Simon (1994)─ ⌐ ≠ↄ ♦◙▬fi ⁸TS♦◙▬fi ─ ─

╩ ∆╢4⁹⌂⅔⁸2.1≢╙ ╣√≤⅔╡⁸ ─ ⌐⅔™≡ TS♦◙▬

fi─ ⅜№╡⁸₈ ─ ⌐⅔↑╢ⱬ▬☼ ▪ⱪ꜡כ♅─ ⌐

∆╢ ₉≢│⁸₈ ╩ ™√≤⇔≡╙⁸ ╩ ™√ ─

⸗♬♃ꜞfi◓⌐╟╢ ⌂ ⅜ ⌐⌂╢ ≢⁸ⱬ▬☼ ▪ⱪ꜡כ

♅│ ≢№╢₉≤ ⇔≡™╢3,5⁹TS♦◙▬fi│⁸ ◘fiⱪꜟ◘▬☼╩ ∆╢

─ ≤ ⇔≡⁸ ╠╣√ ≢◘fiⱪꜟ◘▬☼─ ⌐ ╩ √∑≡ ⌐

╩ ∆╢↓≤⅜ ≢№╡⁸ ⌐⅔™≡ ⌂ ≢№╢≤ ⅎ╠╣╢⁹

⁸ ┘ ≤∕─ ⌐≈™≡ ∆╢⁹TS♦◙▬fi─ │⁸

Thall and Simon (1994) ┘Yin (2012)╩ ↕╣√™4,13⁹ 

 

2.3.1 Thall and Simon─  

TS♦◙▬fi│⁸⅜╪ ╩ ≤⇔√ ⌐ ∆╢ ▪►♩◌ⱶ╩ ∆╢

ⱬ▬☼ ♦◙▬fi≢№╡⁸ ╩ ⌐ ↕╣√ ≢№╢⁹ ≢│⁸⅜

╪ ⌐⅔↑╢ ─ ╩ ≤⇔≡ ╡ ℮⅜⁸ ▪►♩◌ⱶ╩ ≤⇔√

╩ ∆╢ ⁸ ⌐ │ ╦∏ ≢⅝╢⁹TS♦◙▬fi│⁸

Standard therapy≤ Experimental drug⌐⅔↑╢ ─ ⌐ⱬכ♃

╩ ∆╢⁹ ⌐⁸ ⌐⅔™≡ ⅛╠ ♃כ♦√╣╠ ≢

─ ╩ ╘╢⁹ ⌐⁸ ─ ─ ≤ ─

─ ╩ ∆╢⁹ 

⁸ ⌂ ⌐≈™≡ ∆╢⁹╕∏⁸ὴ≤ὴ╩∕╣∙╣ ≤ ─

≤⇔⁸ ⌐ⱬכ♃ ⌐ ℮╙─≤∆╢⁹ 

ὴ ὄͯὩὸὥ‌ȟ‍ ȟ ὴ ὄͯὩὸὥ‌ȟ‍ Ȣ 

↓↓⌐⁸‌⁸‍⁸‌⁸‍│ ⌐ ∆╢ Ɽꜝⱷ⁹╢№≢♃כ ⌐ ⇔

≡╙ ∆╢ ─ ⌐ ╩ √∑≡ ╩ ∆╢ ⌐ ∆╢⁹ ╖

╣ ─ ὔ ─℮∟⁸ὲ ≢ ⸗♬♃ꜞfi◓╩ ∆╢ ⌐⁸ὢ

╩ὲ ─ ⌐ ∆╢ ≤∆╢≤⁸ ὢ─ ℮ │ ≢№╡⁸
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ὢͯ ὄὭὲὲȟὴ ≢№╢⁹ⱬכ♃ ≤ ─ ⌐╟╡⁸ὢ ὼ╩ √ὴ─

╙╕√ⱬכ♃ ⌐ ™⁸ 

ὴȿὼͯ ὄὩὸὥ‌ ὼȟ‍ ὲ ὼ 

≤⌂╢⁹╕√⁸ ⌐ ∆╢ ─ ─ ⁸≥╢∆≥‏╩

─ │ ─╟℮⌐ ↕╣╢⁹ 

0Òὴ ὴ  ȿὼȢ‏

ὴ≤ὴ│∕╣∙╣ ≢№╢⅛╠⁸ὴ─ ≤ὴ─ ⌐ ∆╢ ─

│ 

ὪὴȠ‌ ὼȟ‍ ὲ ὼὪὴȠ‌ȟ‍  

≤⌂╢⁹√∞⇔⁸ὪὴȠ‌ȟ‍│ὄὩὸὥ‌ȟ‍─ ╩ ∆⁹╕√⁸ ⇔√№╢ὴ

⌐ ⇔≡ὴ ὴ ╢⌂≥‏ │⁸ 

ὪὴȠ‌ ὼȟ‍ ὲ ὼὪὴȠ‌ȟ‍ Ὠὴ

ὪὴȠ‌ȟ‍ ρ Ὂὴ ‌Ƞ‏ ὼȟ‍ ὲ ὼ  

≤⌂╢⁹√∞⇔⁸ὊὴȠ‌ȟ‍ ᷿ὪὼȠ‌ȟ‍Ὠὼ≢№╢⁹ ⌐⁸ὴ⌐ ⇔≡ ∆╢↓

≤≢ ╩ ╢⁹ 

0Òὴ ὴ ȿὼ‏ ὪὴȠ‌ȟ‍ ρ Ὂὴ ‌Ƞ‏ ὼȟ‍ ὲ ὼ ὨὴȢ 

 —≤—╩∕╣∙╣ ⌐ ⇔√ ─ ≤⇔⁸ ⌐ꜟכꜟ─ ≠™≡ὲ

─ ╩ ∆╢⁹ 

Å 0Òὴ ὴ ȿὼ‏ —╩ √∆ ὼ─ ─ ╩Ὗ≤∆╢⁹ 

Å 0Òὴ ὴ ȿὼ‏ —╩ √∆ ὼ─ ─ ╩ὒ≤∆╢⁹ 

 

 ⸗♬♃ꜞfi◓ ≢─ ╩ ─╟℮⌐ ≢⅝╢⁹↓─ ╩

ὔ ⅛╠ὔ ╕≢ ╩ ⇔≡ ∆╢⁹ 

Å ὼ Ὗ─ ⁸ │ ≢№╢≤ ⇔⁸ ∆╢⁹ 

Å ὼ ὒ─ ⁸ │ ≢⌂™≤ ⇔⁸ ∆╢⁹ 

Å ὒ ὼ Ὗ⅛≈ ὲ ὔ ─ ⁸ ╩ ⇔≡ ≢ ╩ ╖ ╣╢⁹ 

 

2.3.2 Case simple example 

≢│⁸case example╩ ⅎ⁸TS♦◙▬fi╩ ™√ ♦◙▬fi⌐≈™≡ ∆╢⁹

⌐♦◙▬fiⱤꜝⱷכ♃─ ╩ ∆⁹ 

Å ─ ὴ ─  ὄὩὸὥπȢυȟπȢυ 

Å ─ ὴ ─  ὄὩὸὥστȢτȟρσχȢφ 

Å ὔ       ρυ  

Å ὔ       ρπ  

Å ─ —      ωυϷ 

Å ‏        π 
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─ ─ │Thall and Simon (1994)╩ ⌐⁸ ⅜0.2≢⁸⅛≈ⱬ

♃כ ─5% ≤95%─ ⅜0.1≤⌂╢╟℮⌂ Ɽꜝⱷכ♃╩ ⇔√12⁹ ─

─ │Jeffreys─ ╩ ⇔√⁹ ─ │⁸—╩

0%⁸—╩95%≤⇔√⁹ │ ─01_TSdesign_PriorElicitation.R╩ ─↓≤⁹ 

─ ╩╕≤╘√ ∆╢TS♦◙▬fi─◦▼כⱴ╩  2-1⌐ ∆⁹ 

 

 

 2-1  TS♦◙▬fi─◦▼כⱴ 

 

─ ─ ⁸ ─ ─ ὴ ⅜ ─ ─

ὴ ╩ ⅎ╢ ⅜95% ≤⌂╢ ╩ ⌐ ∆⁹ 

 

 10  11  12  13  14  15  

 

 
5  5  5  6  6  6  

 

ⅎ┌⁸10 ≢─ ⅜5 ≢№╣┌ │ ≤ ⇔⁸ ╩

∆╢⁹⌂⅔⁸ ─ │⁸ph2bayes package─stopbound_post╩

™≡ ⌐ ≢⅝╢11⁹ ⌐ ─√╘─R☻◒ꜞⱪ♩╩ ∆⁹ 

 

R Script 
n_max < -  15 
alpha_e < -  0.5  
beta_e < -  0.5  
theta < -  0.95  
alpha_s < -  34.4  
beta_s < -  137.6  
 
boundary_ < -  ph2bayes::stopbound_post(theta     = theta,  
                                      type      = "superiority",  
                                      nmax      = n_max,  
                                      alpha_e   = alpha_e,  
                                      beta_e    = beta_e,  
                                      alpha_s   = alpha_s,  
                                      beta_s    = beta_s,  
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                                      delta     = 0)  
 
boundary < -  dplyr::full_join(data.frame(n = c(1:n_max)), boundary_, by = "n") %>%  
  tidyr::fill(bound)  

 

2.3.3 ─  

2.3.2≢ ⇔√♦◙▬fi─ ╩ ∆╢⁹ ⌐│⁸◖fiⱧꜙכ♃◦Ⱶꜙ꜠כ

◦ꜛfi╩ ™≡ ┘ ≢─ ╩ ∆╢⁹ ⌐

⌐ ≤⌂╢ ╩ ∆⁹ 

 

Å ─    ςπϷ 

Å ─    υπϷ 

Å ◦Ⱶꜙ꜠כ◦ꜛfi    ρππȟπππ  

Å ─♃▬Ⱶfi◓    1 ↔≤ ∆⌂╦∟⁸ │ 6  

Å      10% 

 

─ ─ ≢⁸ ⇔√◦Ⱶꜙ꜠כ◦ꜛfi ─ ╩ ⌐ ⇔⁸ ╠

╣√ ⌐ ≠™≡ ─ ⁸ ⁸ ╩ ∆╢⁹ ⌐⁸

─ │ ≢ ╩ ≤ ∆╢ ⁸ │ ≢

╩ ≤ ∆╢ ≤ ∆╢⁹ ⌐ ─ ╩ ∆⁹ 

 

  

 ─    

14.69  8.79% 11.21  87.27% 

 

◦Ⱶꜙ꜠כ◦ꜛfi⌐ ≠ↄ ─ │8.79%≢№╡⁸ ≢№╢10%

╩ ╢↓≤⅜ ≢⅝╢⁹╕√⁸ ╙80%╩ ⅎ╢ ™ ╩ ≢⅝≡™╢

↓≤⅛╠⁸ ⇔√ ♦◙▬fi─ │ ≢№╢≤ ≢⅝╢⁹╕√⁸ ─

╩ ╢√╘⌐ ≤⌂╢ R☻◒ꜞⱪ♩╩ ⌐ ∆⁹⌂⅔⁸ │2.3.2─

╩ ⇔√⁹ ⌐ ─♃כ♦≡∂ ┘⌐ ∆╢ⱬ▬☼ ▪ⱪ꜡כ♅≤ ─

╩ ∆╢ │№╢╙──⁸ ⌂◦Ⱶꜙ꜠כ◦ꜛfi─ⱪ꜡☿☻│ ─ ╣⌐

≠ↄ⁹ 

 

1. ◦Ⱶꜙ꜠כ◦ꜛfi ⌐ ≠⅝⁸ ⇔√ ⌐ ℮ ╩ ⇔⁸1

─ ╩♃כ♦ ∆╢⁹ 

⌐♃כ♦─.1 .2 ⇔≡ⱬ▬☼ ♦◙▬fi╩ ⇔⁸ ⌐ ≠ↄ ┘

⌐ ─ ─ ╩ ∆╢⁹ 

3. ╩ ╡ ⇔ ™⁸ ╠╣√ ⌐ ≠™≡ ─ ⁸ ⁸

─Ᵽ▬▪☻ ─ ─ ╩ ∆╢⁹ 

 

≢│⁸ ∆╢ ⌂ⱬ▬☼ ─◦Ⱶꜙ꜠כ◦ꜛfi─ ⌐ ∟⁸◦fiⱪꜟ

⌂ ╩ ⅎ╢↓≤╩ ≤⇔≡™╢⁹↓─√╘⁸ ─ ╩ ∆√╘ ☻◒ꜞⱪ
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♩╩ ⌐ ∆╢⁹╕√⁸ ─ ≤⇔≡ SAS☻◒ꜞⱪ♩ 2_3_Thall and 

Simon.sas╙ ⇔√⁹ 

 

R script 
N_min < -  10 
boundary < -  boundary # from "02_TSdesign_Boundary.R"  
nsim < -  100000  
p_H0 < -  0.2  
p_H1 < -  0.5  
 
TS_sim < -  function(sim, p, boundary, n_min, n_max){  
  success_FL < -  0 
  endflg < -  0 
  true_p < -  p 
  responder < -  rbinom(1, n_min, true_p)  
  act_num < -  n_min  
 
  if (responder >= boundary[n_min, ]$bound){  
    success_FL < -  1 
    endflg < -   1 
  }else{  
    while(all(endflg == 0, act_num < n_max)){  
      x < -  rbinom(1, 1, true_p)  
      responder < -  responder + x  
      act_num < -  act_num + 1  
      if (responder >= boundary[act_num, ]$bound){  
        success_FL < -  1 
        endflg < -  1 
        break()  
      }else {  
        endflg < -  0 
      }  
    }  
  }  
  tidyr::tibble(sim, true_p, act_num, responder, success_FL)  
}  
 
TS_OC <-  function(nsim, theta, n_min, n_max, alpha_e, beta_e, alpha_s, beta_s, p_H0, 
p_H1){  
result_H0 < -  purrr::map2(c(1:nsim), p_H0, TS_sim, boundary = boundary,  
n_min = n_min, n_max = n_max) %>% do.call(rbind,.)  
result_H1 < -  purrr::map2(c(1:nsim), p_H1, TS_sim, boundary = boundary,  
n_min = n_min, n_max = n_max) %>% do.call(rbind,.)  
  #H0 
  ASS_H0    < -  mean(result_H0$act_num)        #Average sample size  
  alpha_err < -  sum(result_H0$success_FL)/nsim #Type I error  
 
  #H1 
  ASS_H1 <-  mean(result_H1$act_num)           #Average sample size  
  power  < -  sum(result_H1$success_FL)/nsim    #Statistical power  
 
tidyr::tibble(theta, n_min, n_max, alpha_e, beta_e, alpha_s, beta_s,  
ASS_H0, alpha_err, ASS_H1, power)  
}  
 
result < -  TS_OC(nsim = nsim, theta = theta, n_min = n_min, n_max = n_max,  
                alpha_e = alpha_e, beta_e = beta_e, alpha_s = alpha_s, beta_s = beta_s,  
                p_H0 = p_H0, p_H1 = p_H1)  
result %<>% knitr::kable()  
 
#Save results  
capture.output(result, file = "./output/03_TSdesign_OC.txt")  

Å TS_sim1 ─ ╩ ╢√╘─  

Å TS_OC TS_sim╩ ™≡100,000─ ╩ ╡ ⇔ ⇔⁸ ╩

∆╢√╘─  

 

2.3.4 ╕≤╘ 

≢│⁸◦fiⱪꜟ⌂ⱬ▬☼ ╩ ™√ ≤⇔≡ TS♦◙▬fi╩ ╡ →⁸

─ ╩ ⇔√⁹ ⌐⅔↑╢ │ ╩ ™
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√⅜⁸↓─╟℮⌂ ≢╙ⱬ▬☼ ▪ⱪ꜡כ♅─ ⅜ ≢⅝╢≤™℮ ≢⁸ ⅜

⌂ ⌐⅔™≡ ─ │ ⌐╦√╢↓≤⅜ ↕╣╢⁹ ⁸ ⌐

╩ √∑╢ │⁸ ╠╣√ ⌐ ∆╢Ᵽ▬▪☻─ ╩ ≢ ∆╢ ⅜№╢

∞╤℮⁹ ─ ☼▬ⱬ╢↑⅔⌐☻כ◔⌂℮╟─⧵≢ ▪ⱪ꜡כ♅─◦Ⱶꜙ꜠כ◦ꜛfi

⌐≈™≡╙ ╣╢⁹ 

 

2.3.5 ⱪ꜡◓ꜝⱶ─  

≢ ⇔√ⱪ꜡◓ꜝⱶ ┘ │⁸∆═≡2_3_TSdesignⱨ◊ꜟ♄⌐ ⇔≡™

╢⁹╕√⁸R─ │ ─ ⌐╟╡ ≢№╢⁹ 

1. R◖fi♁כꜟ ≢òinstall.packages( òrenv ó,  type = òwin.binary ó)ò╩ ⇔⁸renv 

package╩▬fi☻♩⁹╢∆ꜟכ 

2. ♦▫꜠◒♩ꜞⱤ☻⌐2Ᵽ▬♩ ╩ ╕⌂™ ≢zipⱨ□▬ꜟ╩ ∆╢⁹ 

3. Rprojⱨ□▬ꜟ╩♄Ⱪꜟ◒ꜞ♇◒⇔⁸RStudio╩ ∆╢⁹ 

4. R◖fi♁כꜟ ≢òrenv::restore() ò╩ ∆╢⁹ 

 

 

2.4  

1. Food and Drug Administration. (2010). Guidance for the Use of Bayesian Statistics in 

Medical Device in Clinical Trials. https://www.fda.gov/regulatory-information/search-fda-

guidance-documents/guidance-use-bayesian-statistics-medical-device-clinical-trials 

2. Best, N., Ajimi, M., Neuenschwander, B., Hilary, GS. and Wandel, S. (2023). Beyond the 

Classical Type I Error: Bayesian Metrics for Bayesian Designs Using Informative Priors. 

Statistics in Biopharmaceutical Research, 00.0, 1ï14. 

3. Hirakawa, A., Nishikawa, T., Yonemori, K., Shibata, T., Nakamura, K., Ando, M., Ueda, T., 

Ozaki, T., Tamura, K., Kawai, A. and Fujiwara, Y. (2018). Utility of Bayesian single-arm 

design in new drug application for rare cancers in Japan: A case study of phase 2 trial for 

sarcoma. Therapeutic Innovation & Regulatory Science, 52(3), 334ï338. 

4. Thall, P. F. and Simon, R. (1994). Practical Bayesian guidelines for phase IIB clinical trials. 

Biometrics, 50(2), 337ï349. 

5. AMED ה . (2021). ─ ⌐⅔↑

╢ⱬ▬☼ ▪ⱪ꜡כ♅─ ⌐ ∆╢ . 

https://www.jpma.or.jp/information/evaluation/symposium/jtrngf0000001cap-

att/DS_202302_hirakawa1.pdf 

6.  . (2023). ⱬ▬☼ ⌐⅔↑╢ ◘▬☼ 2≈─ ╩

™√ ─ ⌐ ≠ↄ . , 44(1), 34-51. 

7. Food and Drug Administration. (2020). Interacting with the FDA on Complex Innovative 

Trial Designs for Drugs and Biological Products. https://www.fda.gov/regulatory-

information/search-fda-guidance-documents/interacting-fda-complex-innovative-trial-

designs-drugs-and-biological-products 

☻fi◄▬◘♃כ♦   .8 . 2024. Complex 

https://www.fda.gov/regulatory-information/search-fda-guidance-documents/guidance-use-bayesian-statistics-medical-device-clinical-trials
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/guidance-use-bayesian-statistics-medical-device-clinical-trials
https://www.jpma.or.jp/information/evaluation/symposium/jtrngf0000001cap-att/DS_202302_hirakawa1.pdf
https://www.jpma.or.jp/information/evaluation/symposium/jtrngf0000001cap-att/DS_202302_hirakawa1.pdf
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/interacting-fda-complex-innovative-trial-designs-drugs-and-biological-products
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/interacting-fda-complex-innovative-trial-designs-drugs-and-biological-products
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/interacting-fda-complex-innovative-trial-designs-drugs-and-biological-products


ⱬ▬☼ ♦◙▬fi⌐⅔↑╢◦Ⱶꜙ꜠כ◦ꜛfi─   

20 

 

Innovative Trial Design─ ≤ ─ . 

9. Food and Drug Administration. (2019). Adaptive Design Clinical Trials for Drugs and 

Biologics Guidance for Industry. https://www.fda.gov/regulatory-information/search-fda-

guidance-documents/adaptive-design-clinical-trials-drugs-and-biologics-guidance-industry  

☻fi◄▬◘♃כ♦   .10 . 2021. ▪♄ⱪ♥▫

Ⱪ♦◙▬fi⌐ ∆╢FDA●▬♄fi☻─ . 

11. Nagashima, K. (2018). _ph2bayes: Bayesian Single-Arm Phase II Designs_. R package 

version 0.0.2.  

12. Thall, P. F. and Simon, R. (1994). A Bayesian approach to establishing sample size and 

monitoring criteria for phase II clinical trials. Controlled Clinical Trials, 15(6), 463Έ481. 

13. Yin, G. (2012). Bayesian and frequentist adaptive methods. (  

2014. ♦◙▬fi ⱬ▬☼ ה ─ ⱷ♦▫◌ꜟⱤⱩꜞ

 (☼fiꜛ◦כ◔

 

 

https://www.fda.gov/regulatory-information/search-fda-guidance-documents/adaptive-design-clinical-trials-drugs-and-biologics-guidance-industry
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/adaptive-design-clinical-trials-drugs-and-biologics-guidance-industry


ⱬ▬☼ ♦◙▬fi⌐⅔↑╢◦Ⱶꜙ꜠כ◦ꜛfi─   

21 

 

─♃כ♦ .3  

─ ⌐⅔™≡⁸ ─ ≢ ╩♃כ♦√╣↕ ╗⁸ ∆╢

╠⅛☻כ♁♃כ♦─ ─♃כ♦√╣╠ ╩ ╖╢ ⅝⅜ ⇔≡™╢1⁹ ⅎ┌⁸

ICH E8R1 ─ ⌐≡⁸ ─ ⁸ ⌂ ⁸☻כⱬ♃כ♦

┘ ꜠☺☻♩ꜞ⁸ ⁸♃כ♦ ┘⌐ ⌂ ⅛╠─ ┘

─ ╩ ╗ ─♃כ♦ ⌐≈™≡ ↕╣⁸ ⌐ ∆═⅝ ⅜

↕╣√2⁹ 

─♃כ♦ │⁸ ╩ ⅛∆ ╛⁸ ⌂ ╩ ╢ ⁸

⁸ ─ ⅜ ⌂ ⅛╠ ⌂ ⌐ ╩ ∆╢ ─1≈

≤⇔≡ ⅎ╠╣≡™╢3⁹ 

│↓─ ─♃כ♦ ⅜ ⌐ ↕╣≡™╢ ─1≈≢№╢⁹

│ ⌂◘Ⱪ◓ꜟכⱪ≢№╡⁸ ─ ⅛╠ ∆╢ ⌂ ⅜ ⌂ ≢№

╢4, 5⁹ ♃כ♦ ╩ ⌐♃כ♦ ∆╢↓≤⌐╟╡⁸ ┼─

╩ ⇔≢╙ ╠⇔⁸⅛≈ ⌂ ⅜ ⅎ╢↓≤⅜ ≢⅝╢⁹ ⌐⁸

⌐⅔↑╢ ⌐ ∆╢●▬♪ꜝ▬fi≢№╢ICH-E11A2025/1 Step 4

≢│⁸mixture prior ─ⱬ▬☼ ▪ⱪ꜡כ♅⌐≈™≡╙ ⇔≡⅔╡⁸ ⌐

⅔↑╢ ─♃כ♦ ⌐ ∆╢ │╕∆╕∆ ╕∫≡™╢6⁹ 

─♃כ♦ ⌐ ⇔≡⁸ICH-E10●▬♪ꜝ▬fi≢│⁸ ⌐⅔↑╢ ─

─1≈≤⇔≡ ⌐ ⇔≡ ╩ ↑╢ ≤│ ─ ╩ ↑

╢↓≤⅜ ═╠╣≡™╢7⁹ ≢─ ─ ⌐≈™≡│⁸ ─

≤∆╢↓≤╛⁸ ⌐ ⇔√▪ꜟ◗ꜞ☼ⱶ╛ⱴ♇♅fi◓ ─ ╩ ™

≡⁸ ─ ≤ ∆╢↓≤⅜ ⅎ╠╣╢⁹↓─╟℮⌐ ⇔╟℮≤∆╢

─♦◙▬fiה ⌐ ╩♃כ♦ ≤⇔≡ ∆╢ ⅎ ╩ⱥ☻♩ꜞ◌ꜟ◖fi

≥♅כ꜡ⱪ▪ꜟכ꜡♩ ┘⁸∕─ ≢╙ ─ ─ ≤ ╩♃כ♦

⇔≡ ╩ ∆╢ ⅎ ╩hybrid control▪ⱪ꜡כ♅≤ ┬8⁹ hybrid control▪ⱪ꜡כ

♅─ ⌐│⁸ ⌐ⱬ▬☼ ▪ⱪ꜡כ♅⅜ ™╠╣╢⁹ 

ⱬ▬☼ ▪ⱪ꜡כ♅⌐╟╢ ─♃כ♦ │⁸ ─ ─ ⁸ⱥ☻♩ꜞ

♃כ♦ꜟ◌ ╩ ≤⇔≡ ⇔⁸ ─╟╡ ⌂ ╩ ∂≡◘fiⱪꜟ◘▬

☼╩ ⌐ ⁸╙⇔ↄ│ ╩ ≢⅝╢ ╩ ∆╢⁹↓─ ⁸

⌐⅛⅛╢◖☻♩─ ⁸ ┘ ┼─ ╩ ╠∆≤™∫√ ┼─ ⅜

↕╣╢⁹ ≢⁸ ─♃כ♦ ⌐⅔™≡│™ↄ≈⅛ ╙ ∆╢⁹ ♃כ♦

≤⇔≡ ⁸│♃כ♦╢∆ ╩ ≤∑∏⌐ ה ↕╣≡™╢↓≤╙ ↄ⁸

∆╢ ─ ⌐ ⌐ ⇔⌂™↓≤⅜№╢⁹╕√ ≡⇔≥♃כ♦ ⇔√™

≤ ≤⌂╢ ─ ⅜ ⌐ ⇔≡™⌂™ ╙ ∆╢⁹↓─╟℮⌂

─♃כ♦⁸ ╛ ─ ⅛╠ ₁⌂ Ᵽ▬▪☻─ ⅜ ↕╣╢⁹↓╣╠─

Ᵽ▬▪☻⌐ ∆╢√╘⌐⁸ ╩♃כ♦ ∆╢ ⌐│⁸Ᵽ▬▪☻╛ ─

╩ ╗ ─ ╩◦Ⱶꜙ꜠כ◦ꜛfi ⌐≡ ∆╢ ⅜№╢⁹ 

3.1≢│⁸ ─ ╩♃כ♦ ™≡ ─ ╩ ∫√ PAHpulmonary 
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arterial hypertension╩ ≤⇔√ IIIꜝfi♄ⱶ

ⱪꜝ☿Ⱳ ─ ╩⁸3.2≢│⁸ ↕╣√ ─ ≥♃כ♦

╩♃כ♦─ ™√hybrid control▪ⱪ꜡כ♅⅜ ↕╣√┘╕╪ B ꜞfiⱤ

╩ ≤⇔√ ╩ ⌐⁸ⱬ▬☼ ▪ⱪ꜡כ♅╩ ™╢ ─ ╩◦Ⱶꜙ

≡⌐fiꜛ◦כ꜠ ∆╢ ⌐≈™≡ ∆╢⁹ 

 

3.1 ─  

≢│⁸ ─ ╩♃כ♦ ™≡ ─ ╩ ∫√ ─ ≢№

╢ Ivy et al. (2021)9, 10╩ ⌐⁸ ─◦Ⱶꜙ꜠כ◦ꜛfi⌐╟╢ ⌐≈™≡

∆╢⁹ 

Ivy et al. (2021) ≢ ↕╣√ │ PAH pulmonary arterial hypertension

╩ ≤⇔√ III ꜝfi♄ⱶ ⱪꜝ☿Ⱳ ─

NCT0182429011 ⁸ ≢№╢⁹ │6~17 ─ ╩ ≤⇔≡

⅔╡⁸tadalafil ≤ placebo ⌐1: 1≢ ╡ ↑╠╣╢⁹ ─ │

80%╩ ∆╢√╘⌐ 67 ≤ ⇔≡™√⅜⁸ ⅜ ⇔ↄ⌂⅛∫√√╘

⌐ 17 ⌐ ↕╣≡™╢⁹ │24 ─6 ─ⱬכ☻ꜝ

▬fi⅛╠─ ≢№╢⁹ │ MMRM ╩ ™√ ─ ╩ ⇔≡™√⅜⁸

⌐╟╡ ⌂ ⅜ ≢⅝≡™⌂™⁹↓╣⌐ ™⁸ ╖─

⌐⅔™≡⁸ ─ ≤ ⅜ ⇔≡™╢ ─♃כ♦ ╩♃כ♦

≡⇔≥♃כ♦ ⇔√ Bayesian MMRM ╩ ℮╟℮⌐ ╩ ⇔≡™╢⁹Bayesian 

MMRM ≢ ™╢ ≤⇔≡ ≢│ ⌂ ─ skeptical prior≤⁸ ╖─

⌐ ≠™≡ ↕╣√ adult prior─ ⌐ ≠ↄmixture prior╩

⇔≡™╢12⁹Mixture prior╩ ∆╢↓≤≢⁸ ≤─ ⅜ ™ ⌐⁸

♃כ♦ ⌐ ≠™≡ ↕╣√ prior╩ ™╢ ╟╡╙type I error rate─▬

fiⱨ꜠╩ ⅎ╢↓≤⅜ ≢⅝╢⁹ 

 

3.1.1 ─♦◙▬fi 

 ─ III  

 ERA ◄fi♪☿ꜞfi ⌐╟╢ ╩ ↑≡™╢⁸

6~17 ─ ╩ ≤⇔√ tadalafil─ ─  

 30ﬞ  6ﬞ ⁸Open-label  24ﬞ  

 ⱪꜝ☿Ⱳ ⁸  

 1:1 

 24 ─6 ─ⱬכ☻ꜝ▬fi⅛╠─  

  MMRM 

Bayesian MMRM 
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3.1.2 ─  

≢│ ≢№╢Bayesian MMRM─ ⌐≈™≡ ╩ ∆╢⁹ 

⸗♦ꜟ  

⁸ ≤ ─ ╩ ≤⇔⁸ ╩ unstructured≤ ∆╢

─⸗♦ꜟ╩ ⅎ╢⁹ 

◐░ ╧░♫ Ⱡ░ 

↓↓≢⁸◐░│ Ὥ─ ⱬ◒♩ꜟ⁸╧░│ Ὥ─♦◙▬fi ≢⁸ ⌐◌♥

◗ꜞ◌ꜟ⌂ ─ ╩ ∆ ⅛ ⌂ ─ ╩ ╪≢™╢⁹♫│Ɽꜝ

ⱷכ♃ⱬ◒♩ꜟ≢№╡⁸ ⌐ ─№╢♫►◄≤ ⌐ ─⌂™♫▪►◄≢ ↕

╣≡™╢⁹ ⱬ◒♩ꜟⱠ░│ Ὥ─ ─ Ⱡ░ Ⱡ░ȟỄȟⱠ░╣ ≢№╡⁸ 0⁸

╩╙≈ ⌐ ℮≤ ∆╢⁹ 

 

 

─ ≤⇔≡ Ὕ⁸☻◔כꜟⱤꜝⱷ1♃כ─ ♩כꜗ◦▫►

)ÎÖ7ÉÓÈÁÒÔἓ╩ ™╢⁹ 

⌐ ─⌂™ ≢№╢♫▪►◄Ivy et al. (2021)≢│ ─ ⌐≈™≡│ ₁

⌐ ⌂ ╩ ∆╢⁹ 

♃כ♦ ─√╘─ ─ ─№╢ ≢№╢♫►◄ Ivy et al. (2021)≢│

≤ ─ ⌐≈™≡│mixture prior╩ ™╢⁹ 

Skeptical prior│ ─ ≢ ↕╣╢⁹ 

 

ὔπȟ╢ ὔ
π
ể
π
ȟ
„ Ễ π
ể Ệ ể
π Ễ „

 

 

Skeptical prior│ ≢│ ↄ ⅜⌂ↄ⁸ ─ ╙⌂™↓≤╩ ⇔≡™╢

≤⌂╢⁹↓╣│type I error rate╩◖fi♩꜡כꜟ∆╢√╘─◖fiⱳכⱠfi♩≢№╡⁸type 

I error rate╩ ⌂꜠ⱬꜟ⌐ ⅎ╢√╘⌐⁸◦Ⱶꜙ꜠כ◦ꜛfi⌐ ≠™≡ ⌂ ⅜

↕╣╢⁹ ≢│⁸„⅜9⅛╠100─ ≢ ↕╣⁸ ─◦Ⱶꜙ꜠כ◦ꜛfi ⌐

│„  9≤ ↕╣≡™╢⁹ 

╕√⁸adult prior│ ─ ≢ ↕╣╢⁹ 

 

ὔⱧ═ȟ♅═ ὔ

‘
ể
‘

ȟ

„ Ễ „
ể Ệ ể
„ Ễ „

 

 

↓↓≢Ⱨ═ ┘♅═│ ╖─ ⌐ ≠™≡ ↕╣╢⁹ 

 

2≈─◖fiⱳכⱠfi♩⌐ ≠⅝⁸♫►◄─ ╩ ─╟℮⌐ ∆╢⁹ 

♫►◄ͯ ρ ύὔπȟ╢ ύὔ‘ȟ═  
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ύ│ ─ ╩ ™╢⁹⌂⅔Ivy et al. (2021)≢│ ─ ┼▪fi◔כ

♩╩ ™⁸∕─ ⌐ ≠⅝ ╖0.8╩ ™≡™╢⁹╕√⁸ ≢│ w╩ ≤╖⌂

⇔⁸ ╩ ∆╢ ⌐≈™≡╙ ∆╢ ⁸modified mixture prior⁹w─

│ⱬכ♃ ╩ ™╢↓≤≤∆╢⁹ 

 

⸗♦ꜟ─ ─√╘⁸ ⸗♦ꜟ ┘Ɽꜝⱷכ♃─ ╩ ≢ ⇔√⁹ 

 

Decision criteria 

Ivy et al. (2021) ≢│ ≢№╢24 ─ ≤ ─ ─Ɽꜝⱷכ

♃‍⌐≈™≡ ─ ╩ ™≡™╢⁹ 

0Ò‍ π πȢωυ 

 

3.1.3 ◦Ⱶꜙ꜠כ◦ꜛfi 

3.1.3.1 ◦Ⱶꜙ꜠כ◦ꜛfi─  

◦Ⱶꜙ꜠כ◦ꜛfi≢│⁸mixture prior╩ ™√ Bayesian MMRM─ ╩ ∆

╢√╘⁸ ─◦♫ꜞ○╩ ⇔⁸ ⌐ ≠⅝type I error rate⁸ ⁸Ᵽ▬▪☻⁸

MSE⁸ESS╩ ™√ ╩ ℮⁹ 

 

3.1.3.2 ◦Ⱶꜙ꜠כ◦ꜛfi─  

─ ╩♃כ♦ ⇔≡◦Ⱶꜙ꜠כ◦ꜛfi╩ ⇔√⁹ 

─ ⌐≈™≡ ─3≈─◦♫ꜞ○╩ ⇔√⁹ 

1. Nullⱪꜝ☿Ⱳ≤ ∂ ≢№∫√  

2. 50% effect of optimistic─ ─ ⅜№∫√  

3. Optimistic≤ ─ ⅜№∫√  

◦♫ꜞ○⌐⅔↑╢ │ ─╙─╩ ∆╢⁹∕╣∙╣─◦♫ꜞ○─ ≢⁸

ⱬכ☻ꜝ▬fi ╩ ╕⌂™4 ─ ╩♃כ♦─ ⌐ ℮ ╩

™≡ ↕∑√⁹ │ 17⁸51─2 ╡ ⇔√⁹↓─ ⁸ ─
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─ ⱬ◒♩ꜟ≤ │ Ivy et al. (2021)─3⁸5 ╩ ™√╙─╩ ™

≡™╢⁹Optimistic⌂◦♫ꜞ○│ ─ ⌐ ≠⅝ ─◦Ⱶꜙ꜠כ◦ꜛ

fi♦כ♃╩ ↕∑≡™╢⁹╕√⁸50% effect of optimistic─◦♫ꜞ○≢│optimistic⌂◦

♫ꜞ○─ ⱬ◒♩ꜟ─ ╩ ⌐⁸null─◦♫ꜞ○ ┘ⱪꜝ☿Ⱳ ≢│ ≡0⌐

⇔≡™╢⁹ 

ὔ

ψ
ρυ
ςρ
ςτ

ȟ

ςπχψρτφσρπχυωυπ
ρτφσςςφφρυτσρτυπ
ρπχυρυτσςψυψρωυπ
ωυπ ρτυπρωυπςψυψ

 

 

⸗♦ꜟ≤⇔≡ ⁸ ≤ ─ ╩ ≤⇔⁸ ╩

unstructured≤ ∆╢⸗♦ꜟ╩ ™╢⁹ ⱬ◒♩ꜟⱠ░─ ─ ≤⇔≡

─1♃כⱤꜝⱷꜟכ◔☻4⁸ ♩כꜗ◦▫► )ÎÖ7ÉÓÈÁÒÔἓ╩ ™╢⁹

⌐ ─⌂™ ─♫▪►◄─ │improper prior≤⇔≡ ЊȟЊ─

╩ ™╢⁹ ⌐ ─№╢ ≤ ─ ─♫►◄│skeptical prior

≤adult prior⅛╠ ↕╣╢ mixture prior╩ ≤⇔≡ ™╢⁹mixture prior│

w╩0.5⁸0.8 3-1 ≤∆╢╙─⌐ ⅎ⁸ύ⌐ ╩ ∆╢modified mixture 

prior─ 3 ╡╩ ⇔√⁹ ─ │ ─ ╡≤∆╢⁹ 

 

Skeptical prior: 

ὔπȟ╢ ὔ

π
π
π
π

ȟ

ψρ π π π
π ψρ π π
π π ψρ π
π π π ψρ

 

Adult prior: 

ὔⱧ═ȟ♅═ ὔ

ψ
ρυ
ςρ
ςτ

ȟ

φχφωυφτυ
φω χψχρφσ
υφ χρχψχω
τυ φσ χω ωπ

 

ύ(modified mixture prior─ ─╖): 

ύͯ ὄὩὸὥπȢυȟπȢυ 

Mixture prior/modified mixture prior: 

♫►◄ͯ ρ ύὔπȟ╢ ύὔ‘ȟ═  
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 3-1 4 ─ ─mixture prior ( ύ=0.8 ύ=0.5) 

 

♫►◄─ ≤⇔≡⁸ ─3 ╡⌐ ⅎ⁸ ╩♃כ♦─ ⇔⌂™ ≤⇔≡

improper prior╩ ™√ ─ 4 ╡─ ╩ ⇔√⁹◦♫ꜞ○3 ╡× 2 ╡

× 4 ╡─ 24╡─◦Ⱶꜙ꜠כ◦ꜛfi╩∕╣∙╣3000 ⇔√⁹ ╠╣√

⅛╠⁸ ≢№╢4 ⌐⅔™≡ ⅜ⱪꜝ☿Ⱳ ╟╡╙ ⅜ ⅝

™ ╩ ╘⁸decision criteria─0.95╩ ⅎ√ ╩type I error rate (◦♫ꜞ○1)№╢™│

(◦♫ꜞ○2⁸3)≤∆╢⁹ 

ESS│ ─ ⌐╟╡ ╠╣╢13⁹ 

ὉὛὛὔ
6 ‍

6 ‍
ρ  

↓↓≢ὔ│ ─ ⁸6 ‍ │ improper prior╩ ™≡ ⇔√‍─ ⁸

6 ‍ │mixture prior╩ ™≡ ⇔√‍─ ≢№╢⁹ 

 

3.1.3.3 ◦Ⱶꜙ꜠כ◦ꜛfi─  

3.1.3.2≢ ⇔√◦Ⱶꜙ꜠כ◦ꜛfi─ ╩ ─ ⌐ ∆⁹ 

Type I error rate⁸ה  

 ◦♫ꜞ○ improper 

prior 

mixture 

prior 

w=0.5 

mixture 

prior 

w=0.8 

modified 

mixture 

prior 

17 /  null 5.0% 6.1% 21.2% 6.6% 

50% effect of optimistic 15.3% 17.9% 40.5% 18.1% 

optimistic 37.4% 36.3% 65.1% 39.1% 

51 /  null 4.9% 7.8% 17.4% 8.8% 

50% effect of optimistic 30.1% 37.8% 58.6% 37.6% 

optimistic 72.6% 77.1% 90.6% 78.1% 

 

 ☻▪▬Ᵽה

 ◦♫ꜞ○ improper 
prior 

mixture prior 
w=0.5 

mixture prior 
w=0.8 

modified 
mixture prior 



ⱬ▬☼ ♦◙▬fi⌐⅔↑╢◦Ⱶꜙ꜠כ◦ꜛfi─   

27 

 

17 /  null -0.3 7.0 12.1 7.2 

50% effect of optimistic -0.4 0.3 4.7 0.3 

optimistic 0.2 -6.3 -2.6 -6.3 

51 /  null 0.0 4.5 7.3 4.7 

50% effect of optimistic 0.1 1.1 3.9 1.1 

optimistic 0.0 -2.4 -0.9 -2.4 

 

 MSEה

 ◦♫ꜞ○ improper 

prior 

mixture prior 

w=0.5 

mixture prior 

w=0.8 

modified 

mixture prior 

17 /  null 323.2 113.4 210.2 116.1 

50% effect of optimistic 337.3 76.1 81.9 77.8 

optimistic 341.6 111.7 55.4 116.6 

51 /  null 113.2 71.2 108.7 75.6 

50% effect of optimistic 109.0 66.6 64.1 67.3 

optimistic 114.5 58.5 35.4 57.9 

 

 ESSה

 ◦♫ꜞ○ improper 

prior 

mixture prior 

w=0.5 

mixture prior 

w=0.8 

modified 

mixture prior 

17 /  null - 70.4 67.4 71.4 

50% effect of optimistic - 62.6 75.2 65.0 

optimistic - 61.2 86.4 65.0 

51 /  null - 78.2 64.4 80.2 

50% effect of optimistic - 55.0 76.5 60.2 

optimistic - 75.7 106.2 88.1 

 

3.1.3.4 ◦Ⱶꜙ꜠כ◦ꜛfi─ ─  

Type I error rate⌐≈™≡⁸ ╩♃כ♦─ ⇔⌂™improper prior╩ ™√ │

5% ╡─ ≤⌂∫√⅜⁸ ╩♃כ♦─ ⇔√ ╩ ™√

│ ⌐ ╠∏ ╩ ⅎ╢ ≤⌂∫√⁹w = 0.5─ mixture prior┘

modified mixture prior╩ ™√ │6.18.8%≤⌂╡⁸w = 0.8─mixture prior─ │17.4

21.2%≤ ⅝⌂▬fiⱨ꜠⅜ ╠╣√⁹ 

↓╣│ ≤ ─ ⌐ ⅜ ∂√↓≤⌐╟╢╙─≤ ⅎ╠╣⁸

─ ─ ⅜ ⅝™╒≥∕─ ⅜╟╡ ⌐ ≡™╢⁹╕√⁸↓╣│ ⌐

╠∏ ─ ≢№∫√⁹ 

⌐≈™≡⁸ ≡─◦♫ꜞ○ ┘ ≢improper prior⅜ ╙ ⅛∫√⁹mixture 

prior╩ ™√ │™∏╣─ ≢╙ improper prior≤ ⇔≡ ⅜ ⇔√⁹w = 

0.5─mixture prior ┘modified mixture prior│™∏╣─◦♫ꜞ○⁸ ≢╙ ─

≢№∫√⁹w = 0.8─mixture prior╩ ™√ ⅜ ╙ ⅜ ⅝ↄ⁸ ⌐optimistic

─◦♫ꜞ○≢ ⅜ ⅝ↄ ⇔≡™√⁹↓─ ⅛╠⁸ ─ ─ ─

⅜ ⅝™⁸╕√│ ≤ ─ ─ ⅜ ↕™ ⌐ ⅜ ∆

╢↓≤⅜ ↕╣√⁹ 

Ᵽ▬▪☻⌐≈™≡⁸improper prior│╒╓0≢№∫√⅜⁸mixture prior≢│improper prior≤

═≡Ᵽ▬▪☻⅜ ⅝ↄ⌂╢ ⅜ ╠╣√⁹mixture prior─ │ ─ ≤
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─ ─ ⅜ ↕™ ⌐Ᵽ▬▪☻⅜ ↕ↄ⁸ ⌐ ⅜ ∂≡™╢

⌐│Ᵽ▬▪☻⅜ ⅝ↄ⌂╢ ≤⌂╢↓≤⅜ ↕╣√⁹ 

MSE⌐≈™≡⁸ ≡─◦♫ꜞ○ ┘ ≢improper prior⅜ ╙ ⅝⅛∫√⁹mixture 

prior─ │ ≤ ─ ─ ⅜ ↕™ ⌐MSE⅜ ↕ↄ⁸

⌐ ⅜ ∂≡™╢ ⌐│MSE⅜ ⅝ↄ⌂╢ ≤⌂╢↓≤⅜ ↕╣√⁹ 

ESS⌐≈™≡⁸w = 0.8─mixture prior≢│ ≤ ─ ─ ⅜ ↕

™╒≥ESS│ ⅝ↄ⌂∫√⁹ ≢w = 0.5─mixture prior ┘modified mixture prior≢│

─ ⅜ ╠╣∏⁸ ⅜ ™50% effect of optimistic─◦♫ꜞ○≢─ESS│ ─

◦♫ꜞ○≤ ⅛ ↕™ ≤⌂∫√⁹w = 0.5─mixture prior ┘modified mixture prior

╩ ™√ ─ ─ │ ─ ─ ╟╡ ⅝ↄ⁸↓╣⌐╟╡ ⇔≡™

╢↓≤⌐╟╢ESS─ ╩ ∟ ⇔≡™╢√╘≤ ⅎ╠╣╢⁹ 

⌐ ╩♃כ♦─ ⇔√↓≤≢ ⅜ ⅝ↄ⌂╢↓≤⅜ ↕╣√⅜⁸

≢∕─ ─ ⅜ ⅝™ type I error rate─ ⌂ ⅜ ╠╣⁸mixture prior

─ ⌐ ⇔≡│ ≤type I error rate─Ᵽꜝfi☻╩ ⌐ ⁸ ∆╢↓≤⅜

≤⌂╢⁹ 

Mixture prior│ ─ ─♃כ♦ ╩ ⌐ ╖ ╗ⱬ▬☼ ▪ⱪ꜡כ♅

≢№╡⁸ ╩♃כ♦ ≤⇔⌂™↓≤╙ⱷꜞ♇♩─1≈≢№╢≤ ⅎ╠╣╢⁹ ≢

╩♃כ♦ ™╢↓≤⅜≢⅝╢ │⁸3.2─CMP ─ ⌂╢ⱬ▬☼ ▪ⱪ꜡כ♅╙

≢№╢√╘⁸ ─ ╩ ∆╢ ⌐│ ─ ≤─ ╙ ∑≡ ℮

↓≤⅜≢⅝╢⁹ 

 

3.1.3.5 R╩  ♩ⱳ▬fi─♪כ◖√™

BrmsⱤ♇◔14,15,16☺כ│Stan╩ ™≡Bayesianⱴꜟ♅꜠ⱬꜟ⸗♦ꜟ╩ ∆╢√╘─R

Ɽ♇◔⁸╡№≢☺כ ™ ╛ꜞfi◒ ⌐ ⇔≡™╢⁹╕√⁸∕╣╩↕╠⌐MMRM

⌐ ↕∑√brms.mmrmⱤ♇◔17☺כ╙ ∆╢⁹ 

⇔√ ─⸗♦ꜟ│brms.mmrm╛brmsⱤ♇◔כ☺ ─ ─╖≢│ ⅜

≢№∫√⁹↓─╟℮⌂ ≢│⁸brmsⱤ♇◔כ☺ ─ ≢ MMRM⸗♦ꜟ╩ Stan◖

≢♪כ ™√╙─╩ ↕∑⁸∕╣╩ ⅝ ⅎ√╙─╩ rstanⱤ♇◔18☺כ≢◦Ⱶꜙ꜠כ

◦ꜛfi╩ ∆╢↓≤⅜ ─ ≈≤⇔≡ →╠╣╢⁹ 

⇔√Ɽ♇◔כ☺│ ─ ╡≢№╢⁹ 

library(MASS) #  

library(tidyverse) #  

library(brms) 

library(rstan) 

library(bayesplot) #  

 

brms::bf≢ Stan◖כ♪╩ ↕∑√™⸗♦ꜟ╩ ╖ ╕∑╢⁹⸗♦ꜟ│3.1.3.2≢ ⇔

√ ╡≢№╢⁹ 

#  
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formula <- bf(value ~ 1 + time * trt, autocor = ~unstr(time=time, gr=subject_id)) 

 

 

⌐⁸brms::set_prior╩ ™≡ Ɽꜝⱷכ♃╛ ⌐ ╩ ∆

╢⁹ ─ ╡⁸ ─ ─ │ ─ Stan◖כ♪╩ ⅝ ⅎ╢☻♥♇ⱪ≢

∆╢√╘⁸↓↓≢│ ─╙─╩ ⇔≡™╢⁹ 

#  

priors <- c( 

  set_prior("normal(0,1e10)", class = "b",coef = "time2"), 

  set_prior("normal(0,1e10)", class = "b",coef = "time3"), 

  set_prior("normal(0,1e10)", class = "b",coef = "time4"), 

  set_prior("normal(9,81)", class = "b", coef = "trt" ), 

  set_prior("normal(9,81)", class = "b", coef = "time2:trt"), 

  set_prior("normal(9,81)", class = "b", coef = "time3:trt"), 

  set_prior("normal(9,81)", class = "b", coef = "time4:trt"), 

  set_prior("lkj(1)" , class = "Lcortime") 

) 

 

─formula⁸priors≤ ─ ╩(data1)♃כ♦ ™≡⁸brms::stancode≢Stan◖כ♪

╩ ∆╢↓≤⅜≢⅝╢⁹↓↓≢ ╩♪כ◖√⇔ ⇔⁸ ⌐ ∆╢

Ɽꜝⱷכ♃─ ─ ╛⁸ ─ ─ ╩ ℮⁹ ≢│ ╖ ╕∑√ dataⱩ

꜡♇◒⌐ ─Ɽꜝⱷכ♃─ ╩ ⇔⁸transformed parametersⱩ꜡♇◒ ─

─ Ɽꜝⱷכ♃≤ ─ ─ ╩ ♪כ◖╢∆ ╩ ∆⁹ ⅝ ⅎ√stan 

╩♪כ◖ stan_code2⌐ ⇔⁸↕╠⌐∕╣╩ rstan::stan_model╩ ™≡ stanmodel2⌐

⇔√⁹ 

 

#stan_code: stan  

stan_code <- stancode( 

  formula, 

  data = data1, 

  family = gaussian, 

  prior = priors 

) 

#stancode2:stan_code  

stanmodel2 <- stan_model(model_code = stan_code2) 

 

 

√≤ⅎ┌ dataⱩ꜡♇◒≢│ ─╟℮⌐ ♃כ♦⌂ ╩ ™≡ ⌂Ɽꜝⱷכ♃╩

⇔≡™╢⁹ 

  vector[n_unique_t]  mean1; 

  vector[n_unique_t]  mean2; 

  cov_matrix[n_unique_t]  var1; 
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  cov_matrix[n_unique_t]  var2; 

  real w; 

 

 

╕√⁸transformed parametersⱩ꜡♇◒≢│⁸ ─ ≢ ⇔√ │ ─╟℮

⌐ ↕╣╢⁹ ─╟℮⌂ ≢№╣┌⁸ Ɫ▬ꜝ▬♩ ╩ ─╟℮⌐ ⅝

ⅎ╢⁹ 

 

 

transformed parameters {   

  real lprior = 0; // prior contributions to the log posterior 

   

  lprior += normal_lpdf(b[1] | 0,1e10); // diffuse prior 

  lprior += normal_lpdf(b[2] | 0,1e10); // diffuse prior 

  lprior += normal_lpdf(b[3] | 0,1e10); // diffuse prior 

  lprior += normal_lpdf(b[4] | 9,81); 

  lprior += normal_lpdf(b[5] | 9,81); 

  lprior += normal_lpdf(b[6] | 9,81); 

  lprior += normal_lpdf(b[7] | 9,81); 

  lprior += student_t_lpdf(Intercept | 3, 0.3, 50.3); 

  lprior += lkj_corr_cholesky_lpdf(Lcortime | 1); 

  lprior += student_t_lpdf(sigma | 3, 0, 52.7) 

  - 1 * student_t_lccdf(0 | 3, 0, 52.7); 

}  

 

 

transformed parameters {  

  real lprior = 0; // prior contributions to the log posterior 

   

  lprior += normal_lpdf(b[1] | 0,1e10); // diffuse prior 

  lprior += normal_lpdf(b[2] | 0,1e10); // diffuse prior 

  lprior += normal_lpdf(b[3] | 0,1e10); // diffuse prior 

  lprior += log_mix(w , multi_normal_lpdf(b[4:7] |mean1,var1), multi_normal_lpdf(b[4:7] 

|mean2,var2)); 

  lprior += normal_lpdf(Intercept | 0,100);  

  lprior += lkj_corr_cholesky_lpdf(Lcortime | 1); 

  lprior += student_t_lpdf(sigma | 3, 0, 52.7) 

  - 1 * student_t_lccdf(0 | 3, 0, 52.7); 

}  

 

↕╠⌐⁸rstan Ɽ♇◔כ☺≢MCMC╩ ∆╢ ≤⇔≡⁸Stan◖כ♪╩ ™√◦Ⱶꜙ

⌐fiꜛ◦כ꜠ ─ꜟ♦⸗≥♃כ♦╢⅝≢ ╩ brms::standata╩ ™≡ ╖ ╕∑√

stan_data╩ ∆╢⁹ │⌐♃כ♦─ ╕╣⌂™⅜ Stan◖כ♪ ≢ ⇔√™ │↓↓
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≢ ⇔√ stan_data⌐ ∆╢ ⅜№╢⁹↓↓≢│ ─Ɽꜝⱷכ♃─ ≤⁸

◘fiⱪꜞfi◓∆╢ ╩♃כ♦⌐ ∆╢⅛⁸ ─╖≢◘fiⱪꜞfi◓∆╢⅛╩ ═╢

prior_only─ ╩ ⇔≡™╢⁹ 

# stan  

stan_data<-standata( 

  formula, 

  data = data1, 

  family = gaussian 

) 

# stan_data *stan  

stan_data$mean1 <- mean1 

stan_data$mean2 <- mean2 

stan_data$var1 <- var1 

stan_data$var2 <- var2 

stan_data$w <- 0.8 #  

stan_data$prior_only <- 0 #1 prior only sampling 

 

╟╡⁸stanmodel2≤stan_data╩ ™≡⁸rstan::sampling≢MCMC ╩ ∆╢↓

≤⅜≢⅝╢⁹ 

 

fit_custom <- rstan::sampling(stanmodel2, data= stan_data, 

                              iter=200000, warmup=10000, thin=50, chain =1, cores=1) 

 

3.1.3.6 SAS╩  ♩ⱳ▬fi─♪כ◖√™

≢│ SAS─ MCMCⱪ꜡◦☺ꜗ⌐╟╢ ╙ ∑≡ ∆↓≤≤∆╢⁹Bayesian 

MMRM─ ⌂ ⌐≈™≡│ ╠(2023)19╩ ↕╣√™⁹↓↓≢│mixture prior

ύ πȢψ ─ ⌐≈™≡─╖ ⇔≡ ∆╢⁹ 

/*adult component of the mixture prior*/ 

array muA[4] muA1-muA4 (8 15 21 24); 

array SA[4, 4] SA1-SA16 (67 69 56 45, 

      69 78 71 63, 

                                            56 71 78 79, 

                                            45 63 79 90); 

 

/*skeptical component of the mixture prior*/ 

array muS[4] muS1-muS4 (0 0 0 0); 

array SS[4, 4] SS1-SS16 (81 0 0 0 , 

            0 81 0 0 , 

                                          0 0 81 0 , 

                                          0 0 0 81); 

 

/*MCMCⱪ꜡◦☺ꜗ ≢mixture prior─ ─ ╩ */  

array DIFA[4]; 

array tDIFA[1, 4]; 

array invSA[4, 4]; 

array XMA[1, 4]; 

array XMXA[1]; 
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array DIFS[4]; 

array tDIFS[1, 4]; 

array invSS[4, 4]; 

array XMS[1, 4]; 

array XMXS[1]; 

 

/*CALLꜟכ♅fi╩ ™≡ ─ ⌐ ™╢ ─ ╩ */  

begincnst; 

call identity(S); 

call det(SA, dSA); 

call inv(SA, invSA); 

call det(SS, dSS); 

call inv(SS, invSS); 

endcnst; 

 

/* ↕╣≡™⌂™ ╩ ⇔√ │ ╩ ∆╢ №╡⁹beta_tm│mixture 

prior╩ ≤∆╢Ɽꜝⱷכ♃ ─ */  

parms beta_tm {8 15 21 24};  

 

/*mixture prior─ ⁹CALL ╩fi♅כꜟ ™≡™╢⁹*/  

beginnodata; 

n=4; 

w=0.8; 

call subtractmatrix(beta_tm, muA, DIFA); 

call transpose(DIFA, tDIFA); 

call mult(tDIFA, invSA, XMA); 

call mult(XMA, DIFA, XMXA);  

 

call subtractmatrix(beta_tm, muS, DIFS); 

call transpose(DIFS, tDIFS); 

call mult(tDIFS, invSS, XMS); 

call mult(XMS, DIFS, XMXS); 

 

const_adlut=1/((CONSTANT('PI')**(n/ 2))*(dSA**( 1/2))); 

adlut_pdf=const_adlut*exp(-0.5*XMXA[ 1]); 

 

const_skeptical=1/((CONSTANT('PI')**(n/ 2))*(dSS**(1/2))); 

skeptical_pdf=const_skeptical*exp(-0.5*XMXS[ 1]); 

 

lp=log(w*adlut_pdf + (1-w)*skeptical_pdf); 

endnodata; 

 

/* ≢ ⇔√mixture prior╩ ≤⇔≡ */  

prior beta_tm ~ general(lp); 

 

/* ─ ╩ */  

/*general(0)│ [-ӓ,ӓ]─ ⌐ */  

prior beta_m: ~ general(0); 

prior R ~ iwish(4, S); 

 

/* ⸗♦ꜟ ┘ ─ ─⸗♦ꜟ≢│lsm─ │ ∞⅜ ╙ ⇔≡

⇔≡™╢ */  

beginnodata; 

do j=1 to 4; 
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lsm1[j] = beta_m[j] + beta_tm[j]; 

lsm2[j] = beta_m[j]; 

lsmd[j] = beta_tm[j]; 

end; 

endnodata; 

 

do j=1 to 4; 

if trt=1 

then mu[j] = beta_m[j] + beta_tm[j]; 

else mu[j] = beta_m[j]; 

end; 

 

model y ~ mvn(mu, R); 

 
 

3.2 ─  

3.2.1 ↕╣╢ ─  

ICH-E10●▬♪ꜝ▬fi≢│⁸ ♦◙▬fi─ │⁸ ⅜ ≢№╡⁸

─ ─ ⅜ ⌐ ≢№╢ ⌐ ↕╣≡™╢⁹↕╠⌐⁸ ╩ ∆

╢─│⁸◄fi♪ⱳ▬fi♩⅜ ≢№╡⁸ ⌐ ∆╢ⱬכ☻ꜝ▬fi╛ ─

─ ⅜ ⌐ ⅛∫≡™╢ ⌐ ╢↓≤⅜ ═╠╣≡™╢⁹↕╠⌐ ─

─ ≤⇔≡ ╩♃כ♦╢∆ ⌂ ─ ≤⇔≡ Pocock197620│6

≈─ ╩ ⇔≡™╢⁹⇔⅛⇔ ↕╣√ ╩ ≡ √∆ ⅜♃כ♦ ∆╢

↓≤│ ⌐│╒≤╪≥⌂™⁹∕↓≢⁸ ≡─ ⅜ ⌐ √↕╣≡™⌂™ ≢ⱥ

─♃כ♦ꜟ◌ꜞ♩☻ ╩ ∆╢ ⌂ ╩ ⅎ╢ ⅜№╢21⁹ ─ ♦

™⌂⅛⇔♃כ ⁸ ≡─ ⅜ √↕╣≡™⌂™ ∞≤⁸ ─ ≤

─♃כ♦ ⌐ ⅜ ∂╢ ⅜ ↄ⁸ ≢ ⅜ drift⇔≡⇔╕℮

⁸ ╩╙∫≡ ╩ ∆╢↓≤⅜ ⇔™⁹∕─ ⁸ ⅜ ⌐

drift⌐ ∆╢ ╩ ∆╢ ⅜№╡⁸↓╣⅜ ╛ ─ ⌐ ⅝⌂

╩ ⅎ╢⁹ 

Hobbs201122╠│⁸ ≥♃כ♦ ─ ─ ╩Ɽꜝⱷכ♃ ⇔⁸

≥♃כ♦ ─ ─ commensurability⌐ ∂≡⁸ ─ ╩

∆╢ ╩ ⇔≡™╢ commensurate prior ⁹ ⁸CMP ⁹ 

≢ ╡ →╢ │⁸ ⅜ ─ ⌐ ≠⅝ ≢òdriftò⇔≡⇔╕℮↓

≤╩ ⁸≈╕╡ ≤ ⇔≡™╢ ⌐⅔↑╢ ─ ─ ⅜ ⌂╢

↓≤╩ ⇔⁸∕─òdriftò─ ╩ ⇔⌂⅜╠ ╩♃כ♦ ∆╢↓≤╩ ⇔

√ ≢№╢⁹CMP │ ⌐⅔↑╢ ≤ ─ ⅜ ⇔

≡™╢⅛⁸≥─ ⌂╢⅛╩ ⇔⁸∕─ ⌐ ∂≡ ╠⅛♃כ♦ ∆╢

╩ ⇔⁸ ⌐ ↕∑╢↓≤⅜≢⅝╢⁹3.2.2⌐│ ◦Ⱶꜙ꜠כ◦ꜛfi ⌐

≤⇔√ ♦◙▬fi≤∕─ ╩⁸3.2.3⌐│◦Ⱶꜙ꜠כ◦ꜛfi ─ ≤∕─

╩⁸3.2.4⌐│◦Ⱶꜙ꜠כ◦ꜛfi ─ ⌐ ™√R package─ ≤∕─ ╩

♃כ♦⁸│⌐⁹3.2.5√⇔ ⌐ ╩ ≡√simple example╩ ⅎ⅔╡⁸CMP ─

⌂ ─√╘⌐⁸3.2.5⅛╠ ⌐ ╖ ╘╢↓≤╙ ≢№╢⁹ 
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3.2.2 ♦◙▬fi  

≢│⁸Complex Innovative Trial DesignCID─►▼Ⱪ◘▬♩≢ CID pilot meeting 

program⌐ ↕╣√ ─1≈≤⇔≡ ↕╣≡™╢⁸┘╕╪ B ꜞfiⱤ

╩ ≤⇔√ ─ ╩ ╡ →╢⁹ ⌂ ♦◙▬fi╛ commensurate prior

─ │⁸ ₈Complex Innovative Trial Design─ ≤ ─ 2023₉

23╙ ─↓≤⁹ 

≢│⁸Ᵽ▬○ⱴכ◌כ N=420╩2:1─ ≢ N=280⁸

≤⇔≡R-CHOPN=140⌐ ╖ ╣⁸↕╠⌐ 100≡⇔≥♃כ♦ כ♦─

♃╩ ∆╢⁹ ≢│ ⌂ ≤⇔≡ OS╩ ⇔⁸OS

─ │ ⅛╠─ ╩ ⅎ╢↓≤≢ ↕╣╢⁹OS─ ≢│꞉▬Ⱪꜟ

╩ ⇔√ⱬ▬☼ ─ CMP ╩ ⇔⁸ ⅛╠─ ╩ ⌐ ∆╢⁹

↕╠⌐⁸ ☻◖▪ⱴ♇♅fi◓╩ ™⁸ ⌐ ╘╢ ╩ ∆╢⁹

─ │⁸Ɫ◙כ♪ ─ ─ ≤95% ⌐ ≠™≡ ╦╣⁸Ɫ◙כ♪

⅜1╩ ╢ ⅜97.5%╩ ⅎ╢ ⌐ ⅜№╢≤ ∆╢⁹ 

 

 3.1 ♦◙▬fi≤  

 ┘╕╪ B ꜞfiⱤ ─ III  

 ┘╕╪ B ꜞfiⱤ ─Ᵽ▬○ⱴכ◌כ ╩ ≤∆

╢1 ─ 3  

 ⁸ R-CHOP  

 2:1 

 ─  

⌂

 

OS 

 ⌂ ≢№╢ OS⌐ ∆╢ ≢│⁸꞉▬Ⱪꜟ ╩

⇔√ commensurate prior╩ ™√ⱬ▬☼ ╩ ∆╢⁹commensurate 

prior─ ╩ ⌐ ∆⁹ 

Ὥ─ time to event ▪►♩◌ⱶ─ ╩Ὕ≤⇔⁸ ⌐ ♦

♃כ External Control: EC─ ⌐Ὕ ȟ≤ ⇔⁸ Internal Control: 

IC ─ ⌐Ὕ ȟ≤ ∆⁹ ⅎ≡⁸ Ὥ─Ὕ─ ∟ ╡ ≢‏╩

‏⁸⇔ ρ╩▬ⱬfi♩№╡⁸‏ π╩ ∟ ╡∆╢⁹ Ὕ─ ℮

╩ὖὝȟ‏ȟ╧ȟⱣ≤ ∆╢⁹╧│ ⅛♃כ♦ ⅛╩ ∆

♄Ⱶכ ⁸ ─ ╩ ∆♄Ⱶכ ╛ ╩ ╗

≤⇔⁸Ᵽ│ ─Ɽꜝⱷכ♃╩ ∆⁹ ⌐│⁸

Ᵽ ‍ȟ‍ ȟ‍ ȟ♫ ȟ‎≢ ↕╣⁸‍│꞉▬Ⱪꜟ ⌐ ∆╢

≢№╡⁸‍ │ ─♃כ♦ ╩ ∆♄Ⱶכ ⌐ ∆╢

Ɽꜝⱷ⁸♃כ‍ │ ─ ╩ ∆♄Ⱶכ ⌐ ∆╢ Ɽꜝ

ⱷ⁸♃כ♫ │ ⌐ ∆╢ J ─ Ɽꜝⱷכ♃ⱬ◒♩ꜟ⁸
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‎│꞉▬Ⱪꜟ ─ Ɽꜝⱷכ♃╩ ∆⁹ 

░╧ȟ‏Ὕȟ ♃כ♦─ Ὕȟ‏ȟὢ ȟȟὢ ȟȟ╧ ȟ⅜ ╠╣√

─Ᵽ─ 0Ᵽȿ╣ ȟ♯ȟ╧⁸0Ᵽȿ╣ ȟ♯ȟ╧│ 

╢↑⅔⌐♃כ♦ ·  

0Ᵽȿ╣ ȟ♯ȟ╧   

 0‍ ȟ♫ ȟὶȿ╣ ȟ♯ȟ╧  

ᶿὒ‍ ȟ♫ ȟὶȿ╣ ȟ♯ȟ╧0‍ 0♫ 0ὶ  

· ⌐⅔↑╢  

0Ᵽȿ╣ ȟ♯ȟ╧   

0‍ȟ‍ ȟ♫ ȟὶȿ╣ ȟ♯ȟ╧   

ᶿὒ‍ȟ‍ ȟ♫ ȟὶȿ╣ ȟ♯ȟ╧0‍  0‍ 0♫ 0ὶ  

≢ ∆↓≤⅜≢⅝╢⁹ ⇔≡⁸commensurate prior 0‍ȿ‍ ȟʐ╩ ™≡⁸

╩♃כ♦ ⇔≈≈⁸ ≤ ♃כ♦ ─▪►♩◌

ⱶὝ─ ™╩ ∆╢≤⁸Ᵽ─ 0Ᵽ ȿ╣ ȟ╣ ȟ♯ȟ╧│ 

· 0Ᵽ ȿ╣ ȟ╣ ȟ♯ȟ╧  

0‍ȟ‍ ȟ‍ ȟ♫ ȟὶȟ†ȿ╣ ȟ╣ ȟ♯ȟ╧   

ᶿὒ‍ ȟὶȿ╣ ȟ♯ȟ╧ὒ‍ȟ‍ ȟὶȿ╣ ȟ♯ȟ╧ὒ♫ ȿ╣ ȟ╣ ȟ♯ȟ╧   

 0‍ȿ‍ ȟ†0‍ 0‍ 0♫ 0ὶ0† 

≤ ∆↓≤⅜≢⅝╢⁹ 

0‍ ⁸0‍ ⁸0♫ ⁸0ὶ⁸0†│ Ɽꜝⱷכ♃⌐ ∆╢

≢№╡⁸ ⌐0‍ ┘ 0†│Ɽꜝⱷכ♃‍⌐ ∆╢ ≢№

╢↓≤⅛╠⁸ ≤ ∆╢⁹√∞⇔⁸‍⌐ ∆╢ ⅜

≤ ♃כ♦ ─▪►♩◌ⱶὝ─ ™╩ ⇔≡™╢↓≤⅛

╠ commensurate prior≤ ┌╣⁸ ≤ ♃כ♦ ─▪►♩

◌ⱶ─ ™│†─ 0†╩ ™≡∕─ ╩ ∆╢⁹ ─

⁸ ⁸ ┘ commensurate prior─ ╩  3-2⌐

∆⁹ 

 

 3-2 commensurate prior─  
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3.2.3 ◦Ⱶꜙ꜠כ◦ꜛfi  

3.2.3.1 ◦Ⱶꜙ꜠כ◦ꜛfi─  

◦Ⱶꜙ꜠כ◦ꜛfi ≢│⁸CMP ╩ ™≡ ╩♃כ♦ ⇔√ ─

─ ⁸ ⁸Ᵽ▬▪☻⁸ Mean Squared ErrorMSE⁸effective historical 

sample size EHSS┼─ ╩ ∆╢√╘⌐⁸ ─ ─ ─╙≤≢∕─

╩ ∆╢⁹ 

≤∆╢ ≢│ ☻◖▪ⱴ♇♅fi◓⌐≡ ™╢ ╩♃כ♦ ∆╢⅜⁸

◦Ⱶꜙ꜠כ◦ꜛfi ≢│ ™╢ │♃כ♦ ╘ ╕∫≡™╢╙─≤∆╢⁹ 

3.2.3.2 ◦Ⱶꜙ꜠כ◦ꜛfi─  

◦Ⱶꜙ꜠כ◦ꜛfi ≢ ∆╢ ♦◙▬fi≤ ─♃כ♦╢∆ ╩3.2.2≢

⇔√ ♦◙▬fi⌐ ∫≡ ∆⁹ 

⌐ ╖ ╣╢ │300≤⇔⁸ ≤ ┼─ ╡ ↑

╩2 1≤∆╢ 200⁸ 100⁹ ⁸≡™≈⌐♃כ♦

☻◖▪ ⌐ ≠™≡ ≢⅝╢ │100≤ ∆╢⁹ ≤ ♦

─╣∙╣⧵─♃כ ╩ ∆╢ │24ﬞ ≤ ⇔⁸ ─ ה ≢ ↕╣

╢≤ ∆╢⁹╕√⁸ ─ ─ ⅛╠36ﬞ ╩ ≤⇔⁸ ╩ ⅎ

√ ≢ ∆╢↓≤≤∆╢⁹ 

─♃כ♦ ⌐ ⇔≡⁸ ≤─ ─ ™⅜ ⌐⌂╢↓≤⅛╠⁸

∕─ ╩ ≢⅝╢╟℮⌐⁸ ∆╢◦Ⱶꜙ꜠כ◦ꜛfi ∆╢ RⱤ♇◔כ☺≢№╢

psborrow⌐≡ ↕╣≡™╢ ╩ ⌐⁸ ≤ ─♃כ♦ ⌐

™⅜ ∂╢╟℮⌐ ∆╢⁹│∂╘⌐⁸ OS⌐ ∆╢ │5≈№╢≤ ⇔⁸

∕─℮∟3≈│2 ─◌♥◗ꜞ◌ꜟ ≢⁸2≈│ ≤∆╢⁹ ≤ ♦

─╣∙╣⧵─♃כ ─ ╩ ─╟℮⌐ ∆╢⁹ 

─ ה ─  

⅜ ⌐ ℮≤ ⇔⁸ ┘ ╩ ─ ╡ ∆

╢⁹ ≢│⁸◦Ⱶꜙ꜠כ◦ꜛfi╩ ∆╢R package─psborrow╩ ⌐

⇔√⁹ 
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√∞⇔⁸category1⁸category2⁸category4╩2 ─◌♥◗ꜞ◌ꜟ ≤⇔⁸covariate1⁸

covariate 2⁸covariate 4⅛╠ ─ ╡ ∆╢⁹ 

ü Pr(category1i = 1) = Pr(0.45 <= covariate1i) 

ü Pr(category2i = 1) = Pr(0.55 <= covariate2i) 

ü Pr(category4i = 1) = Pr(0.50 <= covariate4i) 

─♃כ♦ ה ─  

≤ ⌐⁸ ⅜ ⌐ ℮≤ ⇔⁸ ┘
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╩ ─ ╡ ∆╢⁹ 

ụ
Ụ
Ụ
Ụ
Ụ
ợ

ụ
Ụ
Ụ
Ụ
ợ
ὧέὺὥὶὭὥὸὩρ
ὧέὺὥὶὭὥὸὩς
ὧέὺὥὶὭὥὸὩσ
ὧέὺὥὶὭὥὸὩτ
ὧέὺὥὶὭὥὸὩυỨ

ủ
ủ
ủ
Ủ

╝ͯ

ở

Ở
ờ

ụ
Ụ
Ụ
Ụ
ợ
πȢχ
πȢυ
πȢω
π
πỨ
ủ
ủ
ủ
Ủ

ȟ

ụ
Ụ
Ụ
Ụ
ợ
ρ πȢυ πȢχ π π
πȢυ ρȢς πȢω π π
πȢχ πȢω ρ π π
π π π πȢχ πȢχ
π π π πȢχ πȢχỨ

ủ
ủ
ủ
Ủ

 

Ợ

ỡ
Ỡ

Ứ
ủ
ủ
ủ
ủ
Ủ

 

≤ ⌐⁸2 ─◌♥◗ꜞ◌ꜟ category1⁸category2⁸category4╩

covariate1⁸covariate 2⁸covariate 4╩ ™≡ ─ ╡ ∆╢⁹ 

ü Pr(category1i = 1) = Pr(0.65 <= covariate1i) 

ü Pr(category2i = 1) = Pr(0.55 <= covariate2i) 

ü Pr(category4i = 1) = Pr(0.50 <= covariate4i) 

 

≤ ╢↑⅔⌐♃כ♦ ⌐≈™≡⁸category1⁸category2

┘covariate3⌐≈™≡│∕─ ⅜ ⌂╡⁸category4┘covariate5│ ∂ ≢№

╢≤ ∆╢⁹ 

 

⌐⁸ ≤ ╢↑⅔⌐♃כ♦ OS─♦כ♃ ╩ ∆╢⁹

OS│꞉▬Ⱪꜟ ⌐ ℮≤ ⇔⁸ Ɽꜝⱷכ♃‗≤ Ɽꜝⱷ0.9♃כ─꞉▬Ⱪꜟ

⌐ ╩♃כ♦≡™≠ ↕∑╢⁹꞉▬Ⱪꜟ ─ Ɽꜝⱷכ♃‗─ ⌐≈™≡⁸

─ Ɫ◙כ♪ HR≤ ─ ≤ ─♃כ♦ drift 

HR╩ ™≡ ─╟℮⌐ ∆╢⁹‗│ ─ ⌐⅔↑╢OS─ ⅛╠

↕╣╢⁹ 

‗ :Internal control ה ‗ÅØÐ╧░♫ ‗ ÅØÐπȢυὧὥὸὩὫέὶώρ πȢυὧὥὸὩὫέὶώς

πȢυὧέὺὥὶὭὥὸὩσ πȢυὧὥὸὩὫέὶώτ πȢυὧέὺὥὶὭὥὸὩυ  

‗ :Internal treatment ה ‗ ὌὙ ÅØÐπȢυὧὥὸὩὫέὶώρ πȢυὧὥὸὩὫέὶώς

πȢυὧέὺὥὶὭὥὸὩσ πȢυὧὥὸὩὫέὶώτ πȢυὧέὺὥὶὭὥὸὩυ  

‗ :External control ה ‗ ὨὶὭὪὸὌὙÅØÐπȢυὧὥὸὩὫέὶώρ πȢυὧὥὸὩὫέὶώς

πȢυὧέὺὥὶὭὥὸὩσ πȢυὧὥὸὩὫέὶώτ πȢυὧέὺὥὶὭὥὸὩυ  

⌐⁸ ⌐╟╡OS⅜ ≢⅝⌂™ ╩ ⇔⁸1 №√╡0.05/≢ꜝfi♄ⱶ

⌂ ⅜ ∂╢≤ ∆╢⁹√∞⇔⁸ ∆╢Ɽ♇◔כ☺─ ⌐╟╡ ─ ╩

⌐ ≢⅝≡™⌂™↓≤╩ ─ ≢ ⌐ ∆╢⁹ ─ꜝfi♄ⱶ⌂ │

⌐▬fiⱬfi♩⅜ ↓∫≡™⌂™ ⁸ ─ꜝfi♄ⱶ⌂ ≤

─™∏╣⅛ ™ ≢ ∟ ╡≤∆╢⁹ 

 

∆╢◦♫ꜞ○≤⇔≡⁸HR ┘ drift HR╩ ⇔√ ─ ╩ ∆╢⁹

⌐OS─ ≤⇔≡ ─ ─ ─ ≤ ∆╢HR ┘ drift HR

╩ ∆⁹ 

─ ה R-CHOP─ ─ ‗ Log(2)/24OS─  24ﬞ ╩

⌐⇔√  

─≥ ה ─ HR 1, 0.65 

─ ה ≤ ─≥♃כ♦ ─ drift HR1, 1.2 
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◦Ⱶꜙ꜠כ◦ꜛfi ≢│⁸ ╩♃כ♦ ⇔⌂™ ⌐ ≠ↄ no 

borrowing⁸ ─♃כ♦ ≡╩ ∆╢ ⌐ ≠ↄfull borrowing╩ ⌐⁸

CMP ─ ╩ ∆╢⁹no borrowing≤full borrowing≢│⁸꞉▬Ⱪꜟ ╩

™√ ⌐ ≠ↄ ╩ ℮↓≤⅛╠⁸∕─ ⸗♦ꜟ─ ╩ ∆⁹↕╠⌐⁸

⇔√CMP ⌐⅔↑╢ ─ ╩ ⌐ ∆⁹ ⅜ ⌂╢ │⁸

∆╢ ⱪ꜡◓ꜝⱶ Ɽ♇◔כ☺ ⌐ ∂≡ ↕╣╢Ɽꜝⱷכ♃⅜ ⌂╢√╘⁸∕─

╩ ⌐∆╢√╘⌐ ↑≡ ⇔√⁹ 

─no borrowing ≤full borrowing ה ⸗♦ꜟ ꞉▬Ⱪꜟ  

ü ⱪ꜡◓ꜝⱶ R survivalⱤ♇◔כ☺ 

ü Ὢὸ ÅØÐ ÅØÐÅØÐ
 

 

ü Ɽꜝⱷכ♃‘⌐ ∆╢ ⸗♦ꜟ ‘ ‍ ‍ ὢ ȟ ♫ ╧ ȟ 

ü ⌐ ∆╢ ─HR ÅØÐ‍ Ⱦ „ 

CMP ה ─ ⸗♦ꜟ 

ü ⱪ꜡◓ꜝⱶ R psborrow2Ɽ♇◔כ☺ 

ü Ὢὸ ‎‗ὸ ÅØÐ‗ὸ   

ü Ɽꜝⱷכ♃‗⌐ ∆╢ ⸗♦ꜟ ‗ ÅØÐ‍ ρ ὢ ȟ ‍ ὢ ȟ

‍ ὢ ȟ ♫ ╧ ȟ  

ü ⌐ ∆╢ ─HR ÅØÐ‍  

ü CMP ─  

Õ 0‍ ὔͯέὶάὥὰ ‍ ȟ ρȾ† 

Õ 0‍ ὔͯέὶάὥὰ πȟ Ѝρπππ 

Õ ὖ‍ ὔͯέὶάὥὰ πȟ Ѝρπππ 

Õ ὖ♫ ὔͯέὶάὥὰ πȟ Ѝρπππ 

Õ 0ὶ ὩͯὼὴέὲὩὲὸὭὥὰ‗ ρ 

Õ 0† Ὣͯὥάάὥ‌ ρȟ‍ πȢππρ 

│ ╩ ╘√⸗♦ꜟ⌐ ≠ↄ ╩∆╢↓≤╩ ≤∆╢⅜⁸ ╩ ⇔

⌂™⸗♦ꜟ⌐ ≠ↄ ╙ ╦∑≡ ∆╢⁹ 

 

CMP ╩ ™≡HR╩ ∆╢√╘⌐MCMC ╩ ™╢⁹MCMC ⌐≡ ∆╢

─√╘─ │ ─ ╡≤∆╢⁹ 

 Burn in 1000 ה

 iteration10000 ה

 chain2 ה

 thinning1 ה

 

CMP ─ ─ ⌐ ⇔≡⁸ ≢ ⇔√◦♫ꜞ○⌐ ∂≡⁸ ─

⁸ ⁸Ᵽ▬▪☻⁸MSE┘EHSS╩ ─ ╡ ∆╢⁹√∞⇔⁸∕╣∙╣─
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⌐ ⇔≡◦Ⱶꜙ꜠כ◦ꜛfi │1000≤∆╢⁹ 

─ ה ⁸  

ü no borrowing⁸full borrowing↕╣√HR ─95%

─ ⅜1╩ ∫√ ⌐ ≠⅝  

ü CMP Ɫ◙כ♪ ─ ─95% ─ ⅜1╩ ∫√ ⌐

≠⅝  

 Ᵽ▬▪☻⁸MSE ה

ü no borrowing⁸full borrowing↕╣√HR ≤

─ ─ HR ≤─ ⌐ ≠⅝  

ü CMP HR─ ≤ ─ ─ HR ≤─ ⌐ ≠

⅝  

 EHSS ה

ü no borrowing⇔⌂™ 

ü CMP ⁸⁸full borrowing─ ╩ ∆ Ɽꜝⱷכ♃‍ ─ 1/

╩ ™≡  

EHSS│⁸ effective sample size⅛╠ ─ ╩ ⇔ ↄ ≢

№╡⁸ ─ ⌐╟╡ ╠╣╢⁹ ⌐⅔↑╢ EHSS─ ≢│⁸

0ÒÅÃ‍ ȿ#ÏÎÃÕÒÒÅÎÔ  ÔÒÉÁÌ ÄÁÔÁ─ ≢│ⱬ▬☼ ⌐ ≠⅝ ↕╣√

╩ ™╢⁹ │⁸3.2.5.4⌐ ∆╢⁹ 

ὉὌὛὛὔ
0ÒÅÃ‍ ȿÁÌÌ ÄÁÔÁ

0ÒÅÃ‍ ȿ#ÏÎÃÕÒÒÅÎÔ  ÔÒÉÁÌ ÄÁÔÁ
ρ  

 

3.2.3.3 ◦Ⱶꜙ꜠כ◦ꜛfi─  

3.2.3.2⌐ ⇔√ ─╙≤≢⁸∕╣∙╣─ ╩ ⇔√ ╩ ⌐ ∆⁹ 

─ ה  

⸗♦ꜟ ─ 

 

HR 
drift HR no borrowing  CMP  full borrowing  

№╡ 1 1 0.027 0.025 0.029 

№╡ 1 1.2 0.027 0.086 0.102 

⌂⇔ 1 1 0.039 0.053 0.060 

⌂⇔ 1 1.2 0.039 0.105 0.134 

 

  ה

⸗♦ꜟ ─ 

 

HR 
drift HR no borrowing  CMP  full borrowing  

№╡ 0.65 1 0.817 0.929 0.929 

№╡ 0.65 1.2 0.817 0.971 0.984 

⌂⇔ 0.65 1 0.482 0.690 0.719 

⌂⇔ 0.65 1.2 0.482 0.79 0.855 

 

 ☻▪▬Ᵽ ה

⸗♦ꜟ ─ 
 

HR 
drift HR no borrowing  CMP  full borrowing  



ⱬ▬☼ ♦◙▬fi⌐⅔↑╢◦Ⱶꜙ꜠כ◦ꜛfi─   

40 

 

№╡ 1 1 0.013 0.016 0.008 

№╡ 1 1.2 0.013 -0.050 -0.068 

№╡ 0.65 1 0.003 0.005 0.001 

№╡ 0.65 1.2 0.003 -0.037 -0.048 

⌂⇔ 1 1 0.008 -0.012 -0.023 

⌂⇔ 1 1.2 0.008 -0.057 -0.076 

⌂⇔ 0.65 1 0.112 0.096 0.088 

⌂⇔ 0.65 1.2 0.112 0.062 0.048 

 

 MSE ה
⸗♦ꜟ ─ 

 

HR 
drift HR no borrowing  CMP  full borrowing  

№╡ 1 1 0.024 0.034 0.017 

№╡ 1 1.2 0.024 0.033 0.019 

№╡ 0.65 1 0.010 0.014 0.007 

№╡ 0.65 1.2 0.010 0.014 0.008 

⌂⇔ 1 1 0.025 0.031 0.016 

⌂⇔ 1 1.2 0.025 0.033 0.020 

⌂⇔ 0.65 1 0.027 0.027 0.017 

⌂⇔ 0.65 1.2 0.027 0.021 0.010 

 

 EHSS ה
⸗♦ꜟ ─ 

 

HR 
drift HR no borrowing  CMP  full borrowing  

№╡ 1 1 - 124.2 134.8 

№╡ 1 1.2 - 117.2 139.8 

№╡ 0.65 1 - 119.4 129.2 

№╡ 0.65 1.2 - 111.8 130.5 

⌂⇔ 1 1 - 114.6 153.5 

⌂⇔ 1 1.2 - 110.0 154.8 

⌂⇔ 0.65 1 - 110.7 146.4 

⌂⇔ 0.65 1.2 - 104.9 147.9 

 

3.2.3.4 ◦Ⱶꜙ꜠כ◦ꜛfi─ ─  

─ ⌐≈™≡⁸drift HR = 1≢№╡⅛≈ ⌐ ⌐≡ ⇔√ ╩

™≡ ™∏╣─ ≢╙ ≢№╢2.5%╩ ⅎ╢ ≢№╡⁸no borrowing⌐ ∆

╢ CMP ╛ full borrowing─ │ ≢№∫√⁹ ⌐⁸Drift HR⅜1.2─ ⌐

│⁸ ⌐╟╢ ⌐╟╠∏ ⇔≡ ╩ ⅝ↄ ╢ ≢№∫√⁹ │⁸

╩♃כ♦ ∆╢↓≤≢⁸ ≤ ╩♃כ♦ ╖ ╦∑√

R-CHOP─OS⌐ ™⅜ ∂√√╘⁸ HR⅜1─ ⌐≡ ─

⅜ ╩ ∫√≤ ⅎ╢⁹ 

⌐ CMP ╛full borrowing─ ⌐≈™≡⁸no borrowing≤ ⇔≡ ⅜

⅝ↄ⌂∫√⁹CMP ≤full borrowing─ ≢│ ⅝⌂ ─ │⌂™⅜⁸

─♃כ♦ ⌐ ™ ⅜ ⇔≡⁸no borrowing≤ ⇔≡ ⅜ ⇔√≤

ⅎ╢⁹ ⌐⁸drift HR = 1.2─ ⁸ ╩♃כ♦ ∆╢↓≤≢ ⅜ ⅝ↄ⌂

╢◦♫ꜞ○─√╘⁸drift HR = 1─ ≤ ⇔≡ ─ ─ │ ⅝⅛∫√⁹ 

Ᵽ▬▪☻⌐≈™≡⁸ ⌐╟╢ ─ ⌐╟╡∕─ ─ ⅝⅜ ╦╢⅜⁸CMP
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─Ᵽ▬▪☻│⅔⅔╗⌡no borrowing≤full borrowing─ ⌐ ∆╢↓≤⅜ ≢⅝

√⁹ ⌐drift HR = 1─ ≢⅛≈ ⌐╟╢ ╩ ∫√ ⁸full borrowing─Ᵽ

▬▪☻⅜ ╙0⌐ ™ ≤⌂╢⅜⁸drift HR = 1.2─ ≢│ ╙0⅛╠ ╣╢ ⅜

≢⅝√⁹ ─≥♃כ♦ drift⅜ ∆╢ ⌐│Ᵽ▬▪☻─ ⅜ ∆╢↓≤│

╠⅛≢№╡⁸∕─ ⅜ ⌐╙ ↕╣√≤ ⅎ╢⁹ 

MSE⌐≈™≡⁸drift HR ⌐ ╦╠∏⁸no borrowing≤full borrowing≤ ⇔≡CMP

─MSE⅜ ╙ ⅝™ ≢№∫√⁹MSE⌐≈™≡╙ Ᵽ▬▪☻≤ ∂ↄno borrowing

≤full borrowing─ ⌐ ∆╢↓≤╩ ⇔√⅜ ≤⇔≡ ╙MSE⅜ ⅝⅛∫

√⁹ │ⱬ▬☼ ≤ ⌐ ≠ↄ ™≤ ↕╣⁸ ⌐ ⌂ ╩ ™╢

↓≤≢ ─ ⅜ ⇔√╙─≤ ⅎ╢⁹ ⌐≈™≡│⁸◦Ⱶꜙ꜠כ◦ꜛfi

╛MCMC⌐≡ ∆╢ ─√╘─ ╩ ∆╢↓≤≢ ⅜ ╘╢≤

∆╢⁹no borrowing≤ full borrowing╩ ∆╢≤⁸driht HR⌐ ╦╠∏ full 

borrowing─MSE↕ↄ⌂╡⁸ ╩♃כ♦ ™╢↓≤≢ ─ │ ↕

╣√⁹ 

EHSS⌐≈™≡⁸CMP ⅔⅔╟∕110 ─ ≢№╡⁸full borrowing≤ ⇔≡

↕™ ≢№∫√⁹↓─↓≤⅛╠⁸CMP ≢│ ─♃כ♦ ≡─ ╩ ⇔≡™⌂

™↓≤⅜ ⅛╢⁹ ⅎ≡⁸ ─ ⌐ ∂≡⁸CMP ≤full borrowing─EHSS─

─ │ ⌂╡⁸ ╩ ⌐ ♃כ♦≢≥↓╢∆ ─ ─ ™╩ ╘√

drift╩ ⇔√ ⅜≢⅝≡™╢↓≤⅜ ⅎ╢⁹ 

3.2.4 R package─ psborrow, psborrow2 

3.2.4.1 psborrow≤psborrow2─  

time to event♦כ♃╩ ⌐ CMP ╩ ≢⅝╢ R package≤⇔≡ psborrow26≤

psborrow228⅜№╢⁹psborrow≤™℮ │⁸ ☻◖▪≤ⱬ▬☼ ╩ ╖ ╦∑

√╙─≢№╡⁸™∏╣─Ɽ♇◔כ☺╙ ≤ ☻◖▪ /╖ ↑ ╩ ╖ ╦

∑╢√╘⌐ ∆╢↓≤⅜ ≢№╢⁹psborrow Ɽ♇◔כ☺⅜ ⌐ ↕╣⁸∕─

≤⇔≡psborrow2⅜ ∆╢⁹psborrow2│ ╙ ─Ɽ♇◔⁸╡№≢☺כ ⌐ ∂

≡psborrow╙ ≤ ⅎ√√╘⁸∕╣∙╣─Ɽ♇◔כ☺─ ╩ ⌐ ∆⁹ ⌐⁸

⌂◘fiⱪꜞfi◓ⱪ꜡◓ꜝⱶ⅜ ⌂╢√╘⁸ ─ ⌐ ∂≡ ⌂Ɽ♇

╩☺כ◔ ™√∞⅝√™⁹ ╩ ∆╢≤⁸ ⌐│psborrow2╩ ⇔≡◦

Ⱶꜙ꜠כ◦ꜛfi ∆╢↓≤≢ ™⅜⁸Stan⅜ ≢⅝⌂™ ⌐│ psborrow╩

∆╢↓≤╩ ∆╢⁹ 

 3.2 Ɽ♇◔כ☺ ─  

 psborrow psborrow2 

Ᵽכ☺ꜛfi≤  v0.2.1 2023/03/03  v0.0.3.4 2024/5/1  

Ɽ♇◔כ☺─◘ⱳכ♩ ⌂⇔ №╡ 

◘fiⱪꜞfi◓ⱪ꜡◓ꜝⱶ JAGS Stan 

⌂ Outcome time to event ה continuous data 

 categorical data ה

 time to event data ה
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☻◖▪╩ ™√

─  

  

☻◖▪⸗♦ꜟ⌐ ≠

ↄⱴ♇♅fi◓ 

  

 

3.2.4.2 psborrow package─  

CMP ╩ ∆╢√╘─R package≤⇔≡psborrow⅜ ↕╣≡⅔╡⁸DLBCL─

⌐⅔™≡╙↓─package⅜ ↕╣≡™╢≤™℮ ⅛╠⁸ ∏│CRAN⌐≡ ↕╣

≡™╢psbrrow─userguide╩ ⌐ ⇔√⁹ 

library (psborrow) 

library (dplyr) 

library (survival) 

library (survminer) 

⌂⅔ ∆╢⌐│ JAGS─▬fi☻♩כꜟ╙ ≢№╢⁹ psborrow≢│ ─ⱨ꜡כ

24⌐ ∫≡◦Ⱶꜙ꜠כ◦ꜛfi╩ ∆╢⁹ 

 

Flow 1: Set treatment arm indicators and covariates 

150 ⁸ 150 ─ ⁸ ┘ 100╩ ∆╢⁹ 

ss <- set_n(ssC=200, ssE=100, ssExt=100) 

#ssC=Number of observations in the internal control arm.  

#ssE=Number of observations in the internal experiment arm.  

#ssExt=Number of observations in the external control arm. 

─ ╩ ℮⁹ ─code≢│◌♥◗ꜞ◌ꜟ 2≈⁸ 1≈╩ ⇔⁸∕╣

∙╣─ ╩ ─ ⌐ ╙╢⁹ 

ὼ
ὼ
ὼ
Ḑὔ

π
πȢυ
πȢυ
ȟ
ρ πȢυ πȢχ
πȢυ ρȢς πȢω
πȢχ πȢω ρ

 

covset1 <- set_cov( 

  n_cat = 2, 

  n_cont = 1, 

  mu_int = c(0, 0.5, 0.5), 

  mu_ext = c(0.7, 0.5, 0.9), 

  var = c(1, 1.2, 1), 

  cov = c(0.5, 0.7, 0.9), 

  prob_int = c(0.45, 0.55), #Probability of binary covariate equalling 1 in the internal trial. 

  prob_ext = c(0.65, 0.55)  #Probability of binary covariate equalling 1 in the external trial 

) 

↓↓≢ prob_int ┘ prob_ext │ ⅛╠ ⇔√ ⌐ ∂≡⁸◌♥◗

ꜞ◌ꜟ Ᵽ▬♫ꜞ ⌐ ↕╣╢⁹ ⅎ┌ prob_int = c(0.45, 0.55) │

ὖὶὼ ρ πȢτυ⁸ὖὶὼ ρ πȢτυ≢№╡⁸ὼ πȢτυ─≤⅝ὼ ρ≤ ↕╣╢⁹ 

⌐ ∂≡ ╩ ⌐ ∆╢ ⅜≢⅝╢⁹↓↓≢│◌♥◗ꜞ◌ꜟ 2≈ ὼȟὼ ⁸
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3≈ ὼȟὼȟὼ ╩ ⇔√⁹⌂⅔⁸ ─ ≢│ ≤ ≢

⌐⅔™≡ ⌂ ╡⅜ ∂≡™╢ ╩ ⇔≡™╢⁹ 

ụ
Ụ
Ụ
Ụ
ợ
ὼ
ὼ
ὼ
ὼ
ὼỨ
ủ
ủ
ủ
Ủ

Ḑὔ

ở

Ở
ờ

ụ
Ụ
Ụ
Ụ
ợ
π
π
π
π
πỨ
ủ
ủ
ủ
Ủ

ȟ

ụ
Ụ
Ụ
Ụ
ợ
πȢχ πȢχ πȢχ πȢχ πȢχ
πȢχ πȢχ πȢχ πȢχ πȢχ
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covset2 <- set_cov( 

  n_cat = 2, 

  n_cont = 3, 

  mu_int = 0, 

  mu_ext = 0.2, 

  var = 0.7, 

  cov = 0.7, 

  prob_int = 0.5 

) 

╕≢≢ ⇔√ ⌐ ∫≡⁸ ╩♩♇☿♃כ♦ ∆╢⁹ ─HR╩

⌐ ≢⅝╢─≢⁸ ≤ ─Ɫ◙כ♪ HR=0.65 or 1⁸ ┘

≤ ─Ɫ◙כ♪ driftHR = 1 or 1.2╩ ∆╢⁹2 ≢ ⇔√ ⌐⁸FDA

●▬♪ꜝ▬fi⌐ ≠ↄ≤ ♦◙▬fi─ ⌐│◦Ⱶꜙ꜠כ◦ꜛfi │

100000⅜ ↕╣≡™╢⅜⁸ package╩ ™√simulation│1 ─ ╡ ⇔№√╡─

⌐ ↄ─ ╩ ∆╢√╘⁸ ⌐100000╩ ℮─│ ⌂√╘⁸ │◦Ⱶꜙ꜠

 fi╩1000≤⇔√⁹ꜛ◦כ

cov_list <- c(covset1, covset2) 

 

sample_cov <- simu_cov( 

  ssObj = ss,  

  covObj = cov_list, 

  HR = c(0.65, 1),#a list of hazard ratio of treatment and control arms 

  driftHR = c(1, 1.2),#hazard ratio of external control and internal control arms 

  nsim = 1000,#number of simulation 

  seed = 47 

) 

─ ♩♇☿♃כ♦⌂ matrix╩ ╢⁹ 

head(sample_cov[[1]], 5) 

##      driftHR  HR ext trt cov1 cov2         cov3 cov4 cov5        cov6 

## [1,]       1 0.6   1   0    0    0  1.426442353    1    1  0.06551554 

## [2,]       1 0.6   1   0    1    1  0.413408109    1    1 -0.86978706 

## [3,]       1 0.6   1   0    1    1 -0.667792987    1    1 -0.52705948 

## [4,]       1 0.6   1   0    0    1 -0.008703362    1    1 -0.66796308 

## [5,]       1 0.6   1   0    1    1 -0.941826735    0    0  0.90304808 

##             cov7        cov8 

## [1,]  0.06551554  0.06551554 
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## [2,] -0.86978706 -0.86978706 

## [3,] -0.52705948 -0.52705948 

## [4,] -0.66796308 -0.66796308 

## [5,]  0.90304808  0.90304808 

 

Flow 2: Set trial operational parameters and Simulate survival times 

─ⱨ꜡כ≢│ ה ∟ ╡─ ≤ ─ ה ⌐ ∆╢ ╩ ∆╢⁹

≤╙⁸ ╕≢─ │꞉▬Ⱪꜟ ⌐ ℮≤ ⇔√⁹↓↓≢│ Ɽꜝⱷכ♃

╩0.9≤ ∆╢⁹ 

ὸḐὡὩὭὦόὰὰπȢωȟ‗  

Ɽꜝⱷכ♃│ ─ ⌐ ≢⅝⁸Ὅ ȟὍ │∕╣∙╣ ⁸ ─

ρ≤⌂╢ ≢№╢⁹ ⌂⅔⁸↓─ ‍ ÌÏÇὌὙ ┘‍ ÌÏÇὨὶὭὪὸὌὙ⅜ ╡ ≈⁹ 

‗ ‗ Ὡzὼὴ‍ ‍ Ὅz ‍ Ὅz 8ɼ 

ɼ ɼ ȟɼ ȟȟȟɼ  

↓─≤⅝⁸ɼ│ ─ꜞ☻◒╩ ⇔⁸ ─ ╩ ↑⌂™ ─

Ɽꜝⱷכ♃│ʇ ʇ ÅzØÐɼ ≤ ↕╣╢⁹ ─ ─ ─ │51

יִ ≤ ↕╣⁸▬ⱬfi♩ י1ִ│ №√╡0.0135─ ─ ⌐ ↕╣╢⁹↕

╠⌐⁸ ─ │⁸ⱬכ☻ꜝ▬fi─ ≤∕─ ╩ ⇔⁸ Ɽꜝⱷכ

♃⌐ ∆╢ ─ ╩ ∆╢⁹ 

evt <- set_event( 

  event = "weibull", 

  shape = 0.9, 

  lambdaC = 0.0135,# ─ⱬכ☻ꜝ▬fiⱢ◙כ♪  

  beta = 0.5# Ɽꜝⱷכ♃ɚ⌐ ∆╢ ─  

) 

─ ה ⌐≈™≡⁸ ╩ ∆╢⁹ 

Å ≢│ 300 ⅜ 24 ﬞ ⌐ ⌐ ↕╣╢ 12.5 /  

Å ♦כ♃≢│ 100 ⅜ 24ﬞ ⌐ ⌐ ↕╣╢ 4.17 /  

Å ╕√ │ ─ ─ ⅛╠ 36ﬞ ⌐ ↕╣╢╟℮⌐ C#/$ЀȱÆÉØÅÄ-

lastȱ ∆╢⁹ 

c_int <- set_clin( 

  gamma = 12.5,#A vector of rate of enrollment per unit of time 

  CCOD = "fixed-last",#Type of analysis start time 

  CCOD_t = 45,#Type of analysis start time 

  etaC = 0.05,#A vector for dropout rate per unit time for control arm 

  etaE = 0.05,#A vector for dropout rate per unit time for experimental arm 
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  d_itv = 36#A vector of duration of time periods for dropping out the study with rates specified 

in etaC and etaE 

) 

c_ext = set_clin( 

  gamma = 4.17, 

  CCOD = "fixed-last", 

  CCOD_t = 36, 

  etaC = 0.05 

) 

─ ╩╙≤⌐⁸simu_time() ╩ ™≡⁸ Ɽ♃כfi⁸▬ⱬfi♩ ╕≢─

⁸♪꜡♇ⱪ▪►♩╕≢─ ╩◦Ⱶꜙ꜠כ◦⁹╢∆♩כ♪ ╙↓↓≢ ≢⅝╢⁹⌂

⅔⁸↓─ ≢│45⅛ ⌐ ↕╣√ │ ⅛╠ ∆╢ ╩ ⇔≡™╢√

╘⁸ ⌐ ∆╢ ⅜ ↕╣√↓≤╩ ╠∑╢ Warning ⅜ ↕╣╢⅜⁸

─ ⌐ │⌂™⁹ 

sample_time <- simu_time( 

  dt = sample_cov, 

  eventObj = evt, 

  clinInt = c_int, 

  clinExt = c_ext, 

  seed = 47 

) 

 

head(sample_time[[1]], 5) 

##      driftHR  HR ext trt cov1 cov2        cov3 cov4 cov5       cov6       cov7 

## [1,]       1 0.6   0   1    0    0  1.69867515    0    0  1.4069318  1.4069318 

## [2,]       1 0.6   0   1    1    1 -0.42546841    1    1 -0.3578853 -0.3578853 

## [3,]       1 0.6   0   1    1    1 -0.04927021    0    0  0.1370222  0.1370222 

## [4,]       1 0.6   0   1    1    1 -0.42705058    0    0  0.3709728  0.3709728 

## [5,]       1 0.6   0   1    0    1 -0.10903808    0    0  0.2500303  0.2500303 

##            cov8      time cnsr 

## [1,]  1.4069318  5.952542    0 

## [2,] -0.3578853 12.561759    1 

## [3,]  0.1370222  8.891383    1 

## [4,]  0.3709728 26.564068    1 

## [5,]  0.2500303 16.332164    1 

 

Flow 3: Choose borrowing method and run Bayesian analysis 

◦Ⱶꜙ꜠כ◦ꜛfi♦כ♃─ ⅜ ⇔√╠⁸ⱬ▬☼⸗♦ꜟ╩ ∫≡↕╕↨╕⌂

─ ⌐ ╗⁹ │⁸time-to-event⅜Weibull≢⸗♦ꜟ↕╣╢↓≤╩ ⇔≡⅔╡⁸

│כ◙כꜚ Ɽꜝⱷכ♃─ ⌐ ╩ ∆╢⅛≥℮⅛╩ ╘╢↓≤⅜≢⅝╢⁹ 

↓─ ≢│⁸psborrow≢ ⌂ ╩ ™≡ ─6≈─◦♫ꜞ○⌐⅔™≡⁸

╩ ∆╢⁹ 

ᵑ ⌐╟╢ №╡⁸ ╩♃כ♦ ≡ ∆╢⁹  
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ᵒ ⌐╟╢ №╡⁸ ╩♃כ♦ ⇔⌂™⁹  

ᵓ ⌐╟╢ №╡⁸commensurate prior⌐╟╢ ⁹  

ᵔ ⌐╟╢ ⌂⇔⁸ ╩♃כ♦ ≡ ∆╢⁹  

ᵕ ⌐╟╢ ⌂⇔⁸ ╩♃כ♦ ⇔⌂™⁹  

ᵖ ⌐╟╢ ⌂⇔⁸commensurate prior⌐╟╢ ⁹ 

commensurate prior▪ⱪ꜡כ♅╩ ™√ ≢│⁸ ≤ ─ ─

╩ ∆ Ɽꜝⱷ⁸│†♃כ●fiⱴ ≤ כ◦כ◖ ⌐ ℮ ╩ ≢⅝╢⁹↓─

≢│●fiⱴ ⌐ ℮ ╩ ⇔≡™╢⁹ ─2≈─ ≢│⁸ ⅛╠∆═≡─

╩ ∆╢ ≤⁸ ╩ ⇔⌂™ ─ ╩ ∆╢√╘⌐⁸ ─

ⱬ▬☼⸗♦ꜟ╩ ∆╢⁹ 

⌐℮╟─ᵑ╛ᵔ ה ╩♃כ♦ ≡ ∆╢  

ɼ ɼ ɼḐ.πȟπȢπππρ 

⌐℮╟─ᵒ╛ᵕ ה ╩♃כ♦ ⇔⌂™  

ɼ ɼḐ.πȟπȢπππρ 

∕╣∙╣─Ɽꜝⱷכ♃│ ─ ⅜ ↕╣╢⁹⌂⅔ ─ N(0, 0.0001)

─0.0001│ ─ ≢№╢ ╩ ∆⁹ Ɽꜝⱷכ♃†  ─ prior─ │ ─╟℮⌐

set_prior─prior≢ ∆╢⁹ 

##### ⌐╟╢ №╡##### 

##Full borrowing## 

pr1 <- set_prior( 

  pred = "all" ,#Weibull ⌐ ╘╢  

  prior = "full_ext", 

  r0 = 1,#Weibull─ Ɽꜝⱷכ♃─  

  alpha = 0#ⱬכ☻ꜝ▬fiⱢ◙כ♪─ ─  

) 

 

##Non borrowing## 

pr2 <- set_prior( 

  pred = "all" , 

  prior = "no_ext", 

  r0 = 1, 

  alpha = 0 

) 

 

##Commesurate prior## 

pr3 <- set_prior( 

  pred = "all" , 

  prior = "gamma",# ─ ™╩ ∆╢ Ɽꜝⱷכ♃Ű─ prior 

  r0 = 1, 

  alpha = c(0, 0)# ≤ ─ⱬכ☻ꜝ▬fiⱢ◙כ♪─ ─  

) 

 

##### ⌐╟╢ ⌂⇔##### 

##Full borrowing## 

pr4 <- set_prior( 
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  pred = "none", 

  prior = "full_ext", 

  r0 = 1, 

  alpha = 0 

) 

 

##Non borrowing## 

pr5 <- set_prior( 

  pred = "none", 

  prior = "no_ext", 

  r0 = 1, 

  alpha = 0 

) 

 

##Commesurate prior## 

pr6 <- set_prior( 

  pred = "none", 

  prior = "gamma", 

  r0 = 1, 

  alpha = c(0, 0) 

) 

⌐6≈─◦♫ꜞ○╩ ╖ ╦∑⁸MCMC╩ ⇔≡ ⅛╠◘fiⱪꜟ╩ ∆

╢⁹⸗♦ꜟ─ fiכ▼♅ ⁸ ─√╘─ ⁸Ᵽכfi▬fi≤⇔≡ ↕╣╢

╩ ≢⅝⁸ ⅎ┌ ─ ⌐ ≠ↄ≤⸗♬♃כ∆╢◘fiⱪꜞfi◓│∕╣∙╣2⁸100⁸

100⁸200≢№╢⁹ꜚ ♪כ◦│כ◙כ ╩ ∆╢↓≤╙≢⅝╢⁹JAGS≢│ ⌂MCMC

◘fiⱪꜞfi◓⌐ ╢ ╩ ↕∑╢ⱨ▼כ☼⅜ ↑╠╣≡⅔╡⁸↓─ ≢

⌂☻♥♇ⱪ ╩ ∆╢ ⅜≢⅝╢⁹↓─ ⌐ ⌂ ╩ n.adapt≢ ⁸∕─

─ ╩ ↄ√╘⌐ ∆╢ ╩ n.burn≢ ⁸◘fiⱪꜞfi◓♦כ♃≤⇔

≡ ∆╢ ╩n.iter≢ ∆╢⁹ 

⌂⅔⁸run_mcmc_p()╩ ┘ ∆↓≤≢⁸ ╩ ∆╢↓≤╙≢⅝╢⁹ 

 

pr_list <- c(pr1, pr2, pr3, pr4, pr5, pr6) 

 

res <- run_mcmc( 

  dt = sample_time, 

  pr_list,  

n.chain = 2, 

  n.adapt = 100, 

n.burn = 100, 

  n.iter = 200, 

seed = 47, 

) 
 

 

Flow 4: Summerize results to assess impact from borrowing 

get_summary()⌐╟╡MCMC ≤ ╩ ≢⅝╢⁹ 

summ <-  get_summary(res)  

◦Ⱶꜙ꜠כ◦ꜛfi ⅛╠ ♦◙▬fi─ ─ ⁸ ⁸Ᵽ▬
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▪☻⁸MSE)╩ ∆╢⁹ 

plot_type1error( 

  summ, 

  driftHR = 1.2, 

  pred = "all"  

) 

plot_power( 

  summ, 

  HR = 0.65, 

  driftHR = 1, 

  pred = "all" 

) 

plot_hr( 

  summ, 

  HR = 0.65, 

  driftHR = 1.2, 

  pred = "all" 

) 

plot_bias( 

  summ, 

  HR = 1, 

  driftHR = 1.2, 

  pred = "all" 

) 

plot_mse( 

  summ, 

  HR = 0.65, 

  driftHR = 1, 

  pred = "all" 

) 

 

3.2.4.3 psborrow2 package─  

psborrow─ ≤⇔≡ psborrow2⅜ ↕╣≡⅔╡⁸psborrow⌐ ∫√ ╩╕

≤╘√⁹psborrow2╩ ™√◦Ⱶꜙ꜠כ◦ꜛfi─ │CRAN─Articles 7.Data Simulation

╩ ─↓≤⁹ 

psborrow2─ ⌐ ⇔≡⁸psborrow2Ɽ♇◔כ☺─▬fi☻♩כꜟ⌐ ⅎ≡⁸Rstan─▬fi

⅜ꜟכ♩☻ ≢№╢⁹╕√⁸psborrow2Ɽ♇◔⁸│≢☺כcmdstanrꜝ▬Ⱪꜝꜞ╩ ™╢√

╘⁸ ─ ╖ ╖⅜ ≢№╢⁹ 

 

 

Flow 1: Set treatment arm indicators and covariates 

⁸ ⁸ ─N ≤ ─ ╩ ⌐ ℮ 200⁸

library(psborrow2)  

library(cmdstanr) 

library(dplyr) 
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100 ─ ⁸ ┘ 100 ⁹↓↓≢covariate1⁸covariate2⁸covariate4│◌

♥◗ꜞ◌ꜟ Ᵽ▬♫ꜞ ⌐ ∆╢ ⅜№╢√╘⁸transformations─ ⌐≡

╩ ℮⁹ 

baseline <- create_baseline_object( 

  n_trt_int = 200, 

  n_ctrl_int = 100, 

  n_ctrl_ext = 100, 

  covariates = baseline_covariates( 

    name = c("covariate1", "covariate2", "covariate3", "covariate4", "covariate5"), 

    means_int = c(  0, 0.5, 0.5, 0, 0), 

    means_ext = c(0.7, 0.5, 0.9, 0, 0), 

    covariance_int = covariance_matrix( 

      diag = c(1, 1.2, 1, 0.7, 0.7), 

      upper_tri = c(0.5, 0.7,0.9, 0,0,0, 0,0,0,0.7) 

    ), 

    covariance_ext = covariance_matrix( 

      diag = c(1, 1.2, 1, 0.7, 0.7), 

      upper_tri = c(0.5, 0.7,0.9, 0,0,0, 0,0,0,0.7) 

    ) 

  ), 

  transformations = list( 

    category1 = binary_cutoff("covariate1", int_cutoff = 0.45, ext_cutoff = 0.65), 

    category2 = binary_cutoff("covariate2", int_cutoff = 0.55, ext_cutoff = 0.55), 

    category4 = binary_cutoff("covariate4", int_cutoff = 0.50, ext_cutoff = 0.50) 

  ) 

) 

psborrow≢│↓─ ≢ ─ ⌐ ⅎ≡ ∆╢Ɫ◙כ♪ ╩ ∆╢⅜⁸

psborrow2≢│ ♃כ♦─ ─ ≢⁸ ─♃כ♦ ┘ ∆╢Ɫ◙כ♪ ╩

∆╢⁹ 

 

Flow 2: Set trial operational parameters and Simulate survival times 

─ⱨ꜡כ≢│ ─ ℮ ─ ה ⌐ ∆╢ ≤ ה ∟

╡─ ╩ ∆╢⁹Flow 1:≢ ⇔√ ⅜ ⌐ ⅎ╢ ≤⇔≡

⌐ ∆╢ ╩ ⇔⁸∕─ ⌐ ─ ℮ ╩ ∆╢⁹ 

─ ⁸ ⁸ ≤⇔≡ ╩ ⇔⁸ Ɽ▬ⱪ ╩ ™≡1≈

─○Ⱪ☺▼◒♩ ─ data_sim⌐╕≤╘╢⁹ 

⁸ ה │≢♃כ♦ י24ִ ⌐ ⌐ ↕╣╢ 

Clinical cut off ה │36ﬞ ≤⇔ ─ ─ ⅛╠36ﬞ ◌♃כ♦≢

♇♩○ⱨ 

╢↑⅔⌐ ה 1 №√╡0.05 ─ ⅜ ∆╢≤  

#Generating Survival Data setting 

data_sim <- create_data_simulation( 

  baseline = baseline, 

  coefficients = c(category1 = 0.5, category2 = 0.5, covariate3 = 0.5, category4 = 0.5, covariate5 = 

0.5), 

  event_dist = create_event_dist(dist = "weibull", lambdas = log(2) / (24), gammas = 0.9) 
 # Enrollment setting 
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  ) %>% set_enrollment( 

    internal = custom_enrollment(fun = function(n) runif(n, min = 0, max = 24), label = "Uniform 

enrollment distribution"), 

    external = custom_enrollment(fun = function(n) runif(n, min = 0, max = 24), label = "Uniform 

enrollment distribution") 

  # Clinical cut-off setting 

  ) %>% set_cut_off( 

    internal = cut_off_after_last(time = 36), 

    external = cut_off_after_last(time = 36) 

  ) %>% 

  # Drop out setting 

  set_dropout( 

    internal_treated = create_event_dist(dist = "exponential", lambdas = 1 - 0.05/12), 

    internal_control = create_event_dist(dist = "exponential", lambdas = 1 - 0.05/12), 

    external_control = create_event_dist(dist = "exponential", lambdas = 1 - 0.05/12) 

) 

↓↓≢⁸ꜝ fi♄ⱶ⌂ ─ ⌐⅔↑╢ ╩ ∆╢⁹psborrow2Ɽ♇◔⁸│≢☺כ

▬ⱬfi♩ ≤ ∟ ╡ ╩ ⇔√ ≢⁸▬ⱬfi♩≤ ∟ ╡─ ╩ ╘√ ∆

╢ ╩ ⇔≡™╢⁹⇔⅛⇔⁸psborrow2─Ᵽכ☺ꜛfi v0.0.3.4≢│⁸▬ⱬfi♩ ≤

∟ ╡ ─ ⌐ ∂√▬ⱬfi♩≤ ∟ ╡─ ┘∕─ ─ ╡ ™⅜

⇔≡™╢⁹ ─♃כ♦⌂ ╡ ™⌐ ∆╢ⱪ꜡◓ꜝⱶ─ ╩ ⌐ ∆⁹∕─

√╘⁸ Ɽ♇◔כ☺≢─ꜝfi♄ⱶ⌂ ─ │ ≢№╡⁸ ─◦Ⱶꜙ꜠כ◦ꜛfi

≢│ ≤⇔≡ ∆╢Ɫ◙1╠⅛♪כ╩ ™√ ╩ ™√⁹psborrow2Ɽ♇◔כ☺─

ⱪ꜡◓ꜝⱶ─ │ simulate_data.R╩ ↕╣√™⁹ 

# Generate drop out times 
  if (length(dropout@params)) { 
    drop_df <- tryCatch( 
      do.call(simsurv::simsurv, args = c(dropout@params, list(x = data))), 
      error = function(e) { 
        cat("Error caught when generating drop out times. Check parameters:¥n") 
        print(dropout@params)  
        stop(e) 
      } 
    ) 
    drop_flag <- data$eventtime < drop_df$eventtime 
    data$eventtime <- ifelse(drop_flag, drop_df$eventtime, data$eventtime) 
    data$status <- ifelse(drop_flag, 0, data$status) 
 } 
 

─ ╩╙≤⌐⁸generate╩ ™≡⁸ ─ כ꜠ꜙⱵ◦╩♃כ♦

♩∆╢⁹↓─≤⅝⁸ ∆╢ HR ♃כ♦≥ ─ Drift HR╙ ∆╢⁹ 

data_list <- generate(data_sim, n = 1000, treatment_hr = c(1, 0.65), drift_hr = c(1, 1.2)) 

 

Flow 3: Choose borrowing method and run Bayesian analysis 

∆╢ ⸗♦ꜟ╩ ∆╢⁹ ≤⇔≡⁸ⱬכ☻ꜝ▬fi⸗♦ꜟ─ ⁸ ⸗

♦ꜟ─ ⁸ ⸗♦ꜟ─ ⁸borrowing─ ─ ╩ ℮⁹ 

ⱬכ☻ꜝ▬fi⸗♦ꜟ─ ≢│⁸▪►♩◌ⱶ─ ℮ ⌐ ∂√ ╩ ™≡⁸▪►♩

◌ⱶ♦כ♃─ ≤▪►♩◌ⱶ─ ℮ ─Ɽꜝⱷכ♃─ ╩ ∆╢⁹ ◦Ⱶꜙ

fiꜛ◦כ꜠ ≢│꞉▬Ⱪꜟ ⌐ ℮≤ ⇔⁸ Ɽꜝⱷכ♃─ ⌐
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╩ ⇔⁸ Ɽꜝⱷכ♃─ ⌐ ╩ ⇔√⁹⌂⅔⁸ ⌐ ∆

│ ≤ ≢№╢↓≤⌐ ∆╢⁹ 

outcome <- outcome_surv_weibull_ph( 

  time_var = "eventtime", 

  cens_var = "cens", 

  baseline_prior = prior_normal(0, sqrt(1000)), 

  shape_prior = prior_exponential(1) 

) 

⌐ ⸗♦ꜟ─ ╩ ℮⁹ ⌐│⁸ ╩ ∆♄Ⱶכ ╩ ⇔⁸∕

─ ─ ╩ ∆╢⁹ 

treatment <- treatment_details( 

  trt_flag_col = "trt", 

  trt_prior = prior_normal(0, sqrt(1000)) 

) 

⌐ ⸗♦ꜟ─ ╩ ℮⅜⁸ ⌐│ ⸗♦ꜟ─ ≤ ∂≢⁸ ─

─ ⅜ ⌂ ≢№╢⁹ 

covariate <- sim_covariate_list( 

  list( 

    "None" = NULL, 

    "All" = add_covariates(c("category1", "category2", "covariate3", "category4", "covariate5"), 

prior_normal(0, sqrt(1000))) 

  ) 

) 

⌐borrowing─ ╩ ∆╢⁹◦Ⱶꜙ꜠כ◦ꜛfi ≢│⁸CMP ─ ⌐ ⇔

≡⁸ ╩♃כ♦ ⇔⌂™no borrowing≤ ─♃כ♦ ≡╩ ∆╢full 

borrowing ≤─ ╩ ∆╢⁹↓─3≈─⸗♦ꜟ⌐≈™≡ ─ ⌐≡∕╣∙╣

∆╢⁹CMP ─ ≢│⁸Ű─ ─ ╙↓─ ≢ ℮⁹ 

borrowing_list <- sim_borrowing_list( 

  list( 

    "No borrowing" = borrowing_none("ext"), 

    "CMP" = borrowing_hierarchical_commensurate(ext_flag_col = "ext", prior_gamma(alpha = 

1, beta = 0.001)), 

    "Full borrowing" = borrowing_full("ext") 

  ) 

) 

Flow 2:≢ ≥♃כ♦√⇔ ⇔√ ⸗♦ꜟ╩ ™≡⁸Stan≢ ≢⅝╢ ⌐∆╢⁹ 

sim_obj <- create_simulation_obj( 

data_matrix_list = data_list, 

outcome = outcome, 

covariate = covariate, 

borrowing = my_borrowing_list, 

treatment = treatment 

) 

↕╣√◦Ⱶꜙ꜠כ◦ꜛfi ─○Ⱪ☺▼◒♩ ─ sim_obj╩

mcmc_sample()⌐ ⇔≡⁸ⱬ▬☼ ╩ ∆╢⁹↓↓≢⁸parallel_chains│rstan⌐≡

↕╣╢chain⌐ ≢mcmc╩ ∆╢√╘─ ≢№╡⁸ ─ ─ ⅜

↕╣╢⁹ 
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results <- mcmc_sample( 

sim_obj, 

posterior_quantiles = c(0, 0.975), 

iter_warmup = 1000, 

iter_sampling = 10000, 

chains = 2, 

parallel_chains = 2, 

seed = 2024 

) 

mcmc_sample()⌐≡ ↕╣√ results╩ ∆╢√╘⌐⁸get_results(results)⌐ ∆⁹

∕─ │ ─ ╡ ↕╣╢⁹ 

simulation_res <- get_results(results) 

simulation_res 

 sim_id 
treatment_

hr 
drift_hr 

n_datasets_per_par

am 

outcome_scena

rio 

borrowing_scena

rio 

1 1 1 1 1000 default No borrowing 

2 1 1 1 1000 default CMP 

3 1 1 1 1000 default No borrowing 

4 1 1 1 1000 default CMP 

 

covariate_sc

enario 

treatment_sc

enario 
trt_var mse_mean bias_mean 

null_cover

age 

true_cover

age 

No 

adjustment 
default 

0.0421208

44 

0.1089941

76 

0.0563908

34 
0.943 0.943 

No 

adjustment 
default 

0.0288338

78 

0.0615265

76 

0.0155753

18 
0.947 0.947 

All default 
0.0434742

35 

0.1148511

65 

0.0591642

25 
0.94 0.94 

All default 
0.0306729

34 

0.0692940

85 

0.0339503

64 
0.95 0.95 

 

Ᵽ▬▪☻ ┘ MSE│ ─ ╡─ ╩ ™╢⁹null_coverage│ posterior_quantiles≢

∆╢ ⅜1╩ ╗ ╩ ⇔≡⅔╡⁸true_coverage│posterior_quantiles≢ ∆╢

⅜ ─ HR ╩ ╗ ╩ ⇔≡™╢⁹ ⌐ ∆ ≢│⁸

─ ┘ │1- null_coverage╟╡ ⇔√⁹ 

⌐ EHSS─ ⌐⅔™≡⁸1 №√╡─ ↔≤⌐ EHSS╩ ⇔ ∆╢

⅜№╢⁹ ⌐│⁸simulation_res⌐ ↕╣╢ trt_var│◦Ⱶꜙ꜠כ◦ꜛfi ≢

⇔√ ≢№╢√╘⁸ ↕╣╢ ─trt_var─ ╩ ™≡EHSS─ ╩ ℮⁹ ─

│⁸CRAN─Articles 4. Conduct a simulation study╩ ™√∞⅝√™⁹◦Ⱶꜙ꜠כ◦

ꜛfi◦♫ꜞ○⌐╟╠∏ ⌂ ╩ ⇔√ⱪ꜡◓ꜝⱶ ╩ ⌐ ∆⁹ 

var_mat <- do.call(rbind, results@results$trt_var) 

N_internal <- baseline@n_trt_int+baseline@n_ctrl_int 

No_borrowing_num  

<- which(sim_obj@guide[,"borrowing_scenario"] == No_borrowing_name) 

scenario_num <- nrow(data_list@guide) 

No_borrowing_vec 
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<- as.vector( unlist(lapply(split(No_borrowing_num, 

                      gl(length(No_borrowing_num)/scenario_num,scenario_num)), 

                      function(x) rep(x, nrow(sim_obj@borrowing@guide)))) 

                 ) 

simulation_res$EHSS  <- rowMeans(var_mat[No_borrowing_vec,]/var_mat - 1)*N_internal 

 

 

3.2.5 Case simple example results 

3.2.5.1 ─ ≠↑ 

3.2.3≢│⁸ⱬ▬☼ ꞉▬Ⱪꜟ ⸗♦ꜟ⌐ ≠ↄcommensurate priorCMP ╩ ™

√Bayesian dynamic borrowingBDB─ ─ ╩ ⇔√⁹◦Ⱶꜙ

│fiꜛ◦כ꜠ ─R package≢№╢psborrow┘psborrow2╩ ™≡26,28⁸ ≤

⌐ ⌂ ⌐ ╡⅜№╢ ┘⌐ ≢▪►♩◌ⱶ Ɫ◙כ♪

⅜ ⌂╢ ≢⁸ ─ ⁸ ┘ ─Ᵽ▬▪☻╩∕╣∙╣ ⇔

√⁹↓╣╠─package≢│ ⌐ ⌂ ↄ─ ⅜ ≢№╢╙──⁸CMP ⌐

≠ↄBDB▪ⱪ꜡כ♅╩ ≢ ∆╢ ⌐│ ≤─ ⅜ ≢

№╡⁸ ⌐│ ↄ─◦Ⱶꜙ꜠כ◦ꜛfi─ ⅜ ≤⌂╢⁹ │Complex Innovative 

Design⌐ ∆╢FDA●▬♄fi☻╩ ↕╣√™25⁹↓─√╘⁸ ─package≢│ ≢

⅝⌂™ ≢ ♦◙▬fi─ ─ ⅜ ╘╠╣╢ ╙ ≢⅝⌂™⁹∕↓

≢⁸ ≢│ ─package╩ ∑∏⁸ ⱬ▬☼ ꞉▬Ⱪꜟ ⸗♦ꜟ⌐ ≠ↄCMP

╩ ∆╢√╘─ ⌂ ⅎ ─ ⌐ ╩ ≡╢⁹⌂⅔⁸◦Ⱶꜙ꜠כ◦ꜛfi─

≤∕─ │package─ ─ ⌐╟╠∏⁸3.2.3≢ ⇔√≤⅔╡≢№╢⁹↓─√

╘⁸ ♃כ♦│≢ ⌐ ╩ ≡⁸simple example╩ ⅎ╢↓≤≤∆╢⁹ ⌐│⁸

╙ ⌂ ╩ ⇔√ⱬ▬☼ ꞉▬Ⱪꜟ ⸗♦ꜟ⌐ ≠ↄCMP─ ╩ ⇔⁸

R RJags⁸RStan┘SAS─ ≢ ─√╘─ⱪ꜡◓ꜝⱶ╩ ∆╢⁹ ⅎ ─

╩ ≤∆╢√╘⁸ │ ─╖╩ ∆╢⅜⁸∕─ ─ ⌂ ╩

⌐ ╘≡ ∆╢↓≤╙ ⌐ ≢№╢⁹╕√⁸◦Ⱶꜙ꜠כ◦ꜛfi⌐╟╢

│⁸3.2.3─ ╩ ⌐ ╡ ⇔ ╩ ∆╢↓≤≢ ≢№╢⁹⌂⅔⁸

─ ⌐ ╖⁸ ⌐ ╡⅜⌂™ ╡ ☻◒ꜞⱪ♩╩ ⌐ ∆╢⁹ 

─ ≤ ∑≡⁸ ⌂ │Hobbs et al. (2011)╛ ╠ (2022)╩⁸ ⌐

≈™≡│Lewis et al. (2019)╩ ↕╣√™8,22,27⁹ ─ ⅜CMP ─ ─√╘─

⌐╙ ≡┌ ™≢№╢⁹ 

 

3.2.5.2 ≢ ∆╢  ♃כ♦

≢│⁸ ⅜╪ ⌐⅔↑╢time to event─▪►♩◌ⱶ⌐ ∆╢ ╩♃כ♦ ™╢

ⱨ□▬ꜟ data_CMP.csv⁹ ⌂ ╩  3.3⌐ ∆⁹√∞⇔⁸ ♇☿♃כ♦│3.3 

♩─ ╩ ⁸│♃כ♦─↓⁹∆ patient⁸ ─ trt: 1⁸
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0⁸ ⅛ ⅛ ext: ♦0⁸♃כ♦ 1⁸♃כ time⁸

╡─ cnsr: ╡1⁸▬ⱬfi♩0 ─5≈─ ╩ ⇔⁸ ┘

╩ ╗ 300⁸≡⇔≥♃כ♦ ≤⇔≡100─ ♃כ♦╢⌂╠⅛400

☿♇♩≢№╢⁹⌂⅔⁸ │ ╩ ∆⁹╕√⁸CSV ─♃כ♦─ ╖ ╖ ┘

⌐survfit┘survminer─ ─√╘⌐ ╩♩♇ⱴכ◊ⱨ─♃כ♦╢⌂≥

∆╢R☻◒ꜞⱪ♩╩ ⌐ ∆⁹╕√⁸ ♃כ♦ ┘

♃כ♦ ─╖╩ ╙♩♇☿♃כ♦√⇔ ⇔≡⅔ↄ⁹ 

 

 ♃כ♦ 3.3 

patient trt ext time cnsr 

1 1 0 27.86176 0 

2 0 0 20.15954 0 

3 1 0 39.81461 0 

4 1 0 16.83621 0 

5 0 0 36.20025 1 

 
data < -  readr::read_csv(file = "data_CMP.csv",  
                 col_types = cols(trt = readr::col_factor(levels = c("0", "1")),  
                                      ext = readr::col_factor(levels = c("0", "1")))  

)  
 

data.nb < -  data %>% filter(ext == 0) # No borrowing dataset  
data.C  < -  data %>% filter(trt == 0) # Control arm dataset  

 

⌐♃כ♦ ⇔≡⁸ EC⁸External Control┘ IC⁸Internal 

Control─ ╩ ∆╢⁹ ≢│⁸ ╩ ∆▪►♩◌ⱶ⌐Ɫ◙כ♪

HR╩ ™╢⁹ ─ ⌐│꞉▬Ⱪꜟ ╩ ⇔⁸Ɽꜝⱷ♩ꜞ♇◒⌐ EC

⌐ ∆╢IC─Ɫ◙כ♪ ╩ ∆╢√╘─R☻◒ꜞⱪ♩ ┘⌐ ╩ ⌐

∆⁹ 

 

Kaplan Meier 
est_km.C < -  survfit(Surv(time, 1 -  cnsr) ~ ext , data = data.C)  
kmplot.C < -  ggsurvplot(data       = data.C,  
                       fit        = est_km.C,  
                       size       = 1,  
                       conf.int   = TRUE,  
                       censor     = TRUE,  
                       risk.table = TRUE,  
                       ggtheme    = theme_bw()  
)  

 

 
Call: survfit(formula = Surv(time, 1 -  cnsr) ~ ext, data = data.C)  

   n events median 0.95LCL 0.95UCL  
ext=0 158    125   25.2    20.2    30.3  
ext=1 100     81   21.8    15.1    31.5  
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⸗♦ꜟ 
res.C < -  survreg(Surv(time, 1 -  cnsr) ~ ext, dist = "weibull", data = data.C)  
summary(res.C)  

 

 
Call:  
survreg(formula = Surv(time, 1 -  cnsr) ~ ext, data = data.C,  

      dist = "weibull")  
              Value Std. Error     z      p  
(Intercept)  3.4802     0.0816 42.65 <2e - 16 
ext1         - 0.0825     0.1302 - 0.63   0.53  
Log(scale)  - 0.0918     0.0601 - 1.53   0.13  
Scale= 0.912  
 
Weibull distribution  
Loglik(model)= - 914.4   Loglik(intercept only)= - 914.6  
 Chisq= 0.4 on 1 degrees of freedom, p= 0.53  
Number of Newton - Raphson Iterations: 5  
n= 258  

 

Ɫ◙כ♪─  
res.ph.C < -  exp( -  res.aft.C$coefficients / res.aft.C$scale)[2]  
Ɽꜝⱷ♩ꜞ♇◒ ╩ ∆╢√╘─survreg package≢│⁸ ⸗♦ꜟ⌐╟╢parameterization╩ ≤⇔

≡™╢⁹꞉▬Ⱪꜟ │ ≤ Ɫ◙כ♪ ╩ ⌐ ∆╢ ─ ≢№╡⁸ Ɫ◙כ♪⸗♦ꜟ─ ≢

╩ ∆╢√╘⁸ ─ ╩ ∆╢⁹ 

 

 
    ext1  
1.094619  
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╕√⁸CMP ─ ⌐ ∟⁸ ╩♃כ♦─ ⇔⌂™ No borrowing≤

≡═∆╩♃כ♦─ ⇔√ Full borrowing─∕╣∙╣⌐ ∆╢ Kaplan 

Meier ┘Ɽꜝⱷ♩ꜞ♇◒⌂ⱬ▬☼ ꞉▬Ⱪꜟ ⸗♦ꜟ╩ ⇔√ ╩ ⌐

∆⁹⌂⅔⁸ ⌐ ⌂ R code│ ⌐♪כ◖─ ⇔≡ ♩♇☿♃כ♦─ ┘

─ ─╖⌐ ╕╢√╘⁸R☻◒ꜞⱪ♩│ ∆╢⁹ ╟╡⁸No borrowing┘

Full borrowing─∕╣∙╣⌐⅔™≡⁸ ⌐ ∆╢ ─HR│0.671┘0.649≤

↕╣√⁹ 

 

No borrowing 

Kaplan Meier 
Call: survfit(formula = Surv(time, 1 -  cnsr) ~ trt, data = data.nb)  
 
        n events median 0.95LCL 0.95UCL  
trt=0 158    125   25.2    20.2    30.3  
trt=1 142     89   31.3    27.7    42.7  

 

 
 

⸗♦ꜟ 
Call:  
survreg(formula = Surv(time, 1 -  cnsr) ~ trt, data = data.nb,  
    dist = "weibull")  
              Value Std. Error     z      p  
(Intercept)  3.4802     0.0817 42.58 <2e - 16 
trt1         0.3651     0.1276  2.86 0.0042  
Log(scale)  - 0.0904     0.0600 - 1.51 0.1323  
 
Scale= 0.914  
 
Weibull distribution  
Loglik(model)= - 992   Loglik(intercept only)= - 996.2  
 Chisq= 8.41 on 1 degrees of freedom, p= 0.0037  
Number of Newton - Raphson Iterations: 5  
n= 300  
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Ɫ◙כ♪ ─  
     trt1  
0.6705592  

 

Full borrowing 

Kaplan-Meier 
Call: survfit(formula = Surv(time, 1 -  cnsr) ~ trt, data = data)  

 
        n events median 0.95LCL 0.95UCL  
trt=0 258    206   24.1    20.2    28.7  
trt=1 142     89   31.3    27.7    42.7  

 

 
 

⸗♦ꜟ 
Call:  
survreg(formula = Surv(time, 1 -  cnsr) ~ trt, data = data, dist = "weibull")  
              Value Std. Error     z       p  
(Intercept)  3.4478     0.0648 53.21 < 2e - 16 
trt1         0.4015     0.1187  3.38 0.00072  
Log(scale)  - 0.0732     0.0508 - 1.44 0.14969  
 
Scale= 0.929  
 
Weibull distribution  
Loglik(model)= - 1347.9   Loglik(intercept only)= - 1354  
 Chisq= 12.16 on 1 degrees of freedom, p= 0.00049  
Number of Newton - Raphson Iterations: 5  
n= 400  

 

Ɫ◙כ♪ ─  
     trt1  
0.6492361  
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3.2.5.3 ⱬ▬☼ ꞉▬Ⱪꜟ ⸗♦ꜟ⌐ ≠ↄCMP ≤∕─  

≢│⁸EC≤IC─▪►♩◌ⱶ⌐ ∆╢ ⌐ ∂≡ ╩ ∆╢↓≤╩

≤⇔≡⁸ⱬ▬☼ ꞉▬Ⱪꜟ ⸗♦ꜟ⌐ ≠ↄCMP─ ┘ ╩ ∆╢⁹

™╕⁸Ὕ╩ Ὥ─time to event▪►♩◌ⱶ─ ≤∆╢⁹╕√⁸ὢ╩

⅛♃כ♦ ⅛⁸ὢ ╩ ─ ╩ ∆♄Ⱶכ ≤∆╢⁹ Ɫ◙כ♪⸗♦ꜟ≢─

꞉▬Ⱪꜟ ⌐ ≠ↄⱤꜝⱷ♩ꜞ♇◒ ≤⇔≡⁸ ─ ⸗♦ꜟ╩ ™╢⁹ 

Ὕͯ ὡὩὭὦόὰὰ‗ȟὶ 

√∞⇔⁸ 

‗ ÅØÐ‍ ρ ὢ ‍ ὢ ‍ ὢ Ȣ 

╕√⁸Ɽꜝⱷכ♃─ ╩ ─╟℮⌐ ∆╢⁹ 

‍ ὔͯπȟρπππȟ 

‍  ͯὔπȟρπππȟ 

†ͯ ὫὥάάὥρȟπȢππρȟ 

‍  ͯὔ‍ ȟ†ȟ 

 ὶͯ ÅØÐρȢ 

‍ │ EC⌐ ∆╢ ≢№╡⁸‍│ IC⌐ ∆╢ ≢№╢⁹↓↓≢⁸ ⁸

┘ὲ ─ ↕╣√ ὸȟȣȟὸ─ ╩Error! Reference source not found.

 3-3Error! Reference source not found.─╟℮⌐ ∆╢⁹⌂⅔⁸†⌐ ∆╢ ⌐ ∂≡

─ ⅜ ∆╢√╘⁸ ⌐│ ⌂ ⅜ ≢№╢⅜⁸↓↓≢│●fiⱴ ╩

∆╢⁹ ⌐╙ EC≤ IC─▪►♩◌ⱶ─ ™─ ⅜ ⅝™≤ ∆╢ ⌐│ ◦כ◖

כ ╙ ⇔ ╢⁹ 

 

⌐⁸ⱬ▬☼ ꞉▬Ⱪꜟ ⸗♦ꜟ⌐⅔↑╢CMP ╩ ∆╢√╘─ RRJags⁸RStan

┘SAS≢ ∆╢code╩ ∆⁹Error! Reference source not found. 3-3Error! Reference 

source not found.─ ╩ ⌐ ∆╢↓≤≢⁸ ─ MCMC◘fiⱪꜞfi◓╩

⌐ ╢↓≤⅜≢⅝╢⁹™∏╣─ ≢╙⁸ ⌂ ≤⇔≡model┘ ─

∆╢ ⅜ ↄ⁸ ≢│RJags╩ ⌐ ∆╢⁹√∞⇔⁸꞉▬Ⱪꜟ ─

─ parameterization│♁ⱨ♩►▼▪↔≤⌐ ⌂╢ ⌐│ ⅜ ≢№╢⁹⌂⅔⁸MCMC

─◘fiⱪꜞfi◓▪ꜟ◗ꜞ☼ⱶ│∕╣∙╣default─ ⌐ ℮↓≤≤∆╢⁹ 
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  3-3 Error! Reference source not found.ⱬ▬☼ ⸗♦ꜟ─  

 

RJags: 11_weibull_cmp.R 
# 1.Pre - processing  
data < -  read.csv("data_CMP.csv") %>%  
  as.data.frame() %>%  
  arrange(cnsr)  
 
# 2.Definition of the model (Jags code)  
model_code < -  "  
  model{  
    for (i in 1:n.obs){  
      time[i] ~ dweib(r, mu.obs[i])  
      mu.obs[i] < -  exp(beta0 * (1 -  ext[i]) + beta.ext * ext[i] + beta.trt * trt[i])  
    }  
 
    for (i in (n.obs + 1):n){  
      cnsr[i] ~ dbern(S[i])  
      S[i] < -  1 -  pweib(time[i], r, mu.cens[i])  
      mu.cens[i] < -  exp(beta0 * (1 -  ext[i]) + beta.ext * ext[i] + beta.trt * trt[i])  
    }  
 
    #Priors  
    beta.ext ~ dnorm(0.0, 0.001)  
    beta0    ~ dnorm(beta.ext, tau)  
    beta.trt ~ dnorm(0.0, 0.001)  
    tau      ~ dgamma(1, 0.001)  
    r        ~ dexp(1)  
  }  
"  
 
# 3.Set up data for MCMC  
model_data < -  list(  

  n.obs = sum(data[, "cnsr"] == 0), n = nrow(data), time = data[, "time"],  
trt = data[,"trt"], cnsr = data[, "cnsr"],  ext = data[, "ext"]  

)  
 
# 4.Choose parameter to monitor in MCMC  
model_parameters < -  c("beta0",  
                      "beta.trt",  
                      "beta.ext",  
                      "tau",  
                      "r")  
 
# 5.Run the model  
set.seed(2024)  
model_run_cmp < -  jags(  
  data               = model_data,  
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  parameters.to.save = model_parameters,  
  model.file         = textConnection(model_code),  
  n.chains           = 4,  
  n.iter             = 100000,  
  n.burnin           = 10000,  
  n.thin             = 10  
)  
 
# 6.Diagnosis of convergence  
png("./output/11_traceplot_cmp.png", width = 1500, height = 800)  
R2jags:: traceplot(model_run_cmp, varname = c("beta.trt"), ask = FALSE)  
dev.off()  
 
# 7.Summary of results  
post < -  print(model_run_cmp)  
PostBetaTrt < -  data.frame(betatrt = post$sims.matrix[, "beta.trt"])  
betatrt_plot < -  ggplot(PostBetaTrt, aes(x = betatrt)) + geom_density(adjust = 1)  

 

RJags╩ ™≡MCMC◘fiⱪꜞfi◓⌐ ≠ↄ ╩ ∆╢ⱪ꜡☿☻╩ ⌐ ∆⁹ 

 

1. Pre-processing 

2.≢ ∆╢ ╩ ∆╢√╘⁸ ╡─ csnr  ↄ⁹⅔≡⇔♩כ♁≢

2. Definition of the model (Jags code) 

Jags code╩ ∆╢⁹♄Ⱪꜟ◒◊כ♥כ◦ꜛfi≢ ╖⁸ ≤⇔≡ ∆╢⁹

⌐│⁸model ⌐ Error! Reference source not found.  3-3Error! Reference source 

not found.≢ ⇔√ ≤ ┘ ╩ ∆╢⁹ 

1 ⌐ ∆╢ ─ │⁸ⱬꜟ♯כ▬ ╩ ∆╢↓≤≢Ὓὸ╩ ⇔≡™╢⁹ⱬꜟ♯כ▬

─ │⁸Ὓὸ ρ Ὓὸ ≤⅛↑╢⁹↓↓⌐⁸iteration│ ⌐ ⇔≡─╖ ∆╢↓≤≤⇔

≡™╢√╘⁸ ‏│⌐ ρ─╖╩ ↕∑≡™╢⁹  

2 Jags≢│⁸Ᵽꜝ≈⅝╩ ∆Ɽꜝⱷכ♃─ ⌐№√∫≡ ≢│⌂ↄ ╩ ∆╢ ⅜№╢⁹↓─√

╘⁸ ⅎ┌ dnorm(0.0, 0.001)│ 0⁸ 1000─ ⌐ ∆╢⁹ 

3. Set up data for MCMC 

2.≢ ⇔√Jags code⌐ ⇔≡⁸ ♃כ♦╢∆ ╩ ∆╢⁹ 

4. Choose parameter to monitor in MCMC 

⅛╠─MCMC◘fiⱪꜞfi◓╩ √™Ɽꜝⱷכ♃╩ ∆╢⁹ 

5. Run the model 

MCMC─Option╩ ∆╢⁹textConnection─ ⌐2≢ ⇔√ Jags code╩

⇔⁸Jags⌐ ⅝ ∆⁹ 

6. Diagnosis of convergence 

MCMC─ ╩♩♇꜡ⱪ☻כ꜠♩─╘√─ ∆╢⁹ 

7. Summary of results 

⅛╠─MCMC◘fiⱪꜞfi◓─ ╩ ∆╢⁹╕√⁸ ─№╢Ɽꜝ

ⱷכ♃─ ╩ ∆╢⁹ 
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Inference for Bugs model at "3", fit using jags,  
 4 chains, each with 1e+05 iterations (first 10000 discarded), n.thin = 10  
 n.sims = 36000 iterations saved  
          mu.vect sd.vect     2.5%      25%      50%      75%    97.5%  Rhat n.eff  
beta.ext   - 3.708   0.206   - 4.120   - 3.844   - 3.702   - 3.568   - 3.311 1.002  4000  
beta.trt   - 0.432   0.127   - 0.685   - 0.517   - 0.430   - 0.346   - 0.184 1.001 19000  
beta0      - 3.718   0.205   - 4.129   - 3.854   - 3.713   - 3.578   - 3.328 1.002  3800  
r           1.076   0.055    0.972    1.039    1.075    1.113    1.185 1.001  4800  
tau      1033.955 999.154   41.410  321.845  733.631 1425.851 3724.537 1.001 36000  
deviance 2698.914   2.457 2695.995 2697.120 2698.309 2700.066 2705.267 1.001 16000  
 
For each parameter, n.eff is a crude measure of effective sample size,  
and Rhat is the potential scale reduction factor (at convergence, Rhat=1).  
 
DIC info (using the rule, pD = var(deviance)/2)  
pD = 3.0 and DIC = 2701.9  
DIC is an estimate of expected predictive error (lower deviance is better).  

 

RStan 

Stanⱨ□▬ꜟ: 21_weibull_cmp.stan 
data {  
  int <lower = 0> N;  
  array[N] real time;  
  array[N] int cnsr;  
  array[N] int trt;  
  array[N] int ext;  
}  
 
parameters {  
  real beta_ext;  
  real <lower = 0> tau;  
  real beta_trt;  
  real beta0;  
  real <lower = 0> r;  
}  
 
transformed parameters {  
  array[N] real lambda;  
  for (n in 1:N){  
    lambda[n] = exp(beta0*(1 -  ext[n]) + beta_ext * ext[n] + beta_trt * trt[n]);  
  }  
}  
 
model {  
  beta_ext ~ normal(0, 1000);  
  tau      ~ gamma(1, 0.001);  
  beta0    ~ normal(beta_ext, (1/tau));  
  beta_trt ~ normal(0, 1000);  
  r        ~ exponential(1);  
 
  for(n in 1:N){  
    if(cnsr[n] == 1){  
      target += weibull_lccdf(time[n]| r, (1/lambda[n])^(1/r));  
    }else{  
      target += weibull_lpdf(time[n]| r, (1/lambda[n])^(1/r));  
    }  
  }  



ⱬ▬☼ ♦◙▬fi⌐⅔↑╢◦Ⱶꜙ꜠כ◦ꜛfi─   

62 

 

}  

 

Rⱨ□▬ꜟ: 22_weibull_cmp_stan.R 
data_CMP < -  read.csv("data_CMP.csv") %>% as.data.frame()  
 
data < -  list(  
    N = nrow(data_CMP),  
    time = data_CMP$time,  
    cnsr = data_CMP$cnsr,  
    trt = data_CMP$trt,  
    ext = data_CMP$ext  
)  
 
fit1 < -  stan(  
  file    = "./R/21_weibull_cmp.stan",  
  data    = data,   # A named list of data  
  chains  = 4,      # The number of Markov chains  
  warmup  = 10000,  # The number of warmup iterations per chain  
  iter    = 100000, # Total number of iterations per chain  
  thin    = 10,     # The period for saving samples  
  cores   = 1,      # The number of cores  
  refresh = 0,      # No progress shown  
  seed    = 2024    # The seed for random number generation  
)  

│rstan package╩ ™≡ ⅛╠─MCMC◘fiⱪꜞfi◓╩ ∫≡™╢⅜⁸cmdstanr package╩ ∆╢↓

≤╙ ≢№╢⁹ 

 

 
Inference for Stan model: anon_model.  
4 chains, each with iter=1e+05; warmup=10000; thin=10;  
post - warmup draws per chain=9000, total post - warmup draws=36000.  
 
                mean se_mean     sd     2.5%      25%      50%      75%    97.5% 
n_eff Rhat  
beta_ext       - 3.69    0.01   0.20    - 4.11    - 3.82    - 3.69    - 3.55    - 3.32   
384 1.01  
tau           476.35  109.65 392.55    20.54   174.51   380.99   653.96  1479.19    
13 1.11  
beta_trt       - 0.45    0.01   0.13    - 0.70    - 0.54    - 0.45    - 0.36    - 0.20   
314 1.01  
beta0          - 3.69    0.01   0.20    - 4.11    - 3.82    - 3.69    - 3.55    - 3.32   
382 1.01  
r               1.07    0.00   0.05     0.97     1.04     1.07     1.11     1.18   
424 1.01  

 

SAS: 31_weibull_cmp.sas 
/* **** ⌐│ data_CMP.csv ╩ ⇔√ⱨ◊ꜟ♄─Ɽ☻╩ ∆╢ */  
proc import out = data_CMP  
  datafile = "****/data_CMP.csv"  
  dbms= csv replace;  
run;  
 
title 'Weibull Survival Model (CMP)';  
proc mcmc data = data_CMP outpost = weisurvout nbi = 10000 nmc = 110000 thin = 10 seed 
= 1234  
          monitor = (_parms_) stats = (summary intervals);  
 
   parms beta_ext 0;  
   parms tau 1;  
   parms beta_trt 0;  
   parms beta0 0;  
   parms r 1;  
    
   hyperprior beta_ext: ~ normal(0, prec = 0.001);  
   hyperprior tau:      ~ gamma(1, is = 0.001);  
   prior beta_trt:      ~ normal(0, prec = 0.001);  
   prior beta0:         ~ normal(beta_ext, prec = tau);  
   prior r:             ~ expon(is = 1);  
 
   lambda = beta0*(1 - ext) + beta_ext*ext + beta_trt*trt;  
   mu = (1 / exp(lambda) )**(1/r);  
 
   llike = (1 - cnsr)*logpdf('weibull', time, r, mu) + cnsr*logsdf('weibull', time, r, 
mu);  
   model general(llike);  
run;  
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3.2.5.4 Effective Historical Sample SizeEHSS≤∕─  

≢│⁸ ─ ⌐ ⅜≥─ ╩ ⅎ╢⅛╩ ∆╢↓≤╩

≤⇔≡⁸Effective historical sample sizeEHSS╩ ∆╢⁹EHSS│⁸ Effective sample 

sizeESS⅛╠♦כ♃─ ╩ ⇔ ↄ ≢№╢⁹↓↓≢│ Ɫ◙כ♪ ─☻◔

╩EHSS≢ꜟכ ∆╢↓≤≤⇔⁸ ⌐ ≠ↄ ESS╩ ™≡EHSS╩ ∆╢⁹

⌂EHSS─ ╩ ⌐ ∆⁹⌂⅔ ─ⱬכ☻ꜝ▬fiⱢ◙כ♪⌐ ⇔≡

ESS╩ ∆╢↓≤╙⇔┌⇔┌ ╦╣╢⁹EHSS│ⱬ▬☼ ─ ╖≢ ↕╣⁸

─♃כ♦ ─ ╩ ≢ꜟכ◔☻─ ∆╢⁹ │ ╠ (2022)╩

↕╣√™8⁹ 

ὔ
0ÒÅÃ‍ ȿÁÌÌ ÄÁÔÁ

0ÒÅÃ‍ ȿÃÌÉÎÉÃÁÌ ÔÒÉÁÌ ÄÁÔÁ
ρȢ 
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√∞⇔⁸ὔ │ ─♃כ♦ ≢№╡⁸Prec(ה)│ ╩ ∆ ρȾÓÄ⁹

EHSS─ ⌐ ∆╢0ÒÅÃ‍ ȿÁÌÌ ÄÁÔÁ│⁸CMP ⌐╟╡ ╠╣√‍ ─ ─

≢№╡⁸ ⌐ ∆╢0ÒÅÃ‍ ȿÃÌÉÎÉÃÁÌ ÔÒÉÁÌ ÄÁÔÁ│ ╩♃כ♦ ™∏⌐

╩╖─♃כ♦ ™√ ⌐⅔↑╢ⱬ▬☼ ꞉▬Ⱪꜟ ⸗♦ꜟ─‍ ─ ≢

№╢⁹ ⁸0ÒÅÃ‍ ȿÃÌÉÎÉÃÁÌ ÔÒÉÁÌ ÄÁÔÁ╩ ∆╢√╘─ ⌐≈™≡ ∆╢⁹↓↓≢

│⁸ Ɫ◙כ♪⸗♦ꜟ≢─꞉▬Ⱪꜟ ⌐ ≠ↄⱤꜝⱷ♩ꜞ♇◒ ≤⇔≡⁸ ─

⸗♦ꜟ╩ ™╢⁹ 

Ὕͯ ὡὩὭὦόὰὰ‗ȟὶȢ 

√∞⇔⁸‗ ÅØÐ‍ ‍ ὢ ≤⇔⁸Ɽꜝⱷכ♃─ ╩ ─╟℮⌐ ∆╢⁹ 

‍ ὔͯπȟρπππȟ 

‍  ͯὔπȟρπππȟ 

ὶͯ ÅØÐρȢ 

⌐ ≠ↄEHSS⌐ ╩ ≡√⅜⁸time to event▪►♩◌ⱶ⌐⅔™≡│ESS

≢│⌂ↄ⁸▬ⱬfi♩ ⌐ ≠ↄEffective number of eventsENE⌐╙ ⅜№╢⁹ENE⌐

∆╢ │⁸Han et al.2017⁸Neuenschwander et al.2020┘ Roychoudhury and 

Neuenschwander2020╩ ↕╣√™29-31⁹ ⌐╙⁸expected-local-information-ratio

Neuenschwander et al., 2020⌐╟╢ ╙ ≢№╢30⁹↓╣╠─ESS⌐ ∆╢

│⁸ ╠ 2022╩ ↕╣√™8⁹⌂⅔⁸ ⌐⅔↑╢ ESS│⁸MCMC ┘ inverse 

probability of treatment weighting─ ≢ ™╠╣╢Effective sample size≤│ ⌂╢

⌐ ↕╣√™⁹ 

ⱬ▬☼ ꞉▬Ⱪꜟ ⸗♦ꜟ⌐⅔↑╢ Ɽꜝⱷכ♃ ‍⁸‍ ⁸ὶ ─ ⅛╠─

MCMC◘fiⱪꜞfi◓│⁸ ─CMP ─☻◒ꜞⱪ♩╩ ⌐ ⌐ ≢№╢√╘⁸

↓↓≢│☻◒ꜞⱪ♩─ │ ⇔⁸RJags⌐╟╢ ─ ─╖╩ ∆╢⁹ 

 

RJags─  
Inference for Bugs model at "4", fit using jags,  
 4 chains, each with 1e+05 iterations (first 10000 discarded), n.thin = 10  
 n.sims = 36000 iterations saved  
          mu.vect sd.vect     2.5%      25%      50%      75%    97.5%  Rhat 
n.eff  
beta.trt   - 0.401   0.140   - 0.675   - 0.494   - 0.400   - 0.307   - 0.126 1.001 
36000  
beta0      - 3.811   0.247   - 4.303   - 3.976   - 3.809   - 3.642   - 3.337 1.001 
28000  
r           1.094   0.065    0.968    1.049    1.093    1.138    1.223 1.001 
23000  
deviance 1987.097   2.451 1984.302 1985.309 1986.468 1988.205 1993.460 1.001 
36000  
 
For each parameter, n.eff is a crude measure of effective sample size,  
and Rhat is the potential scale reduction factor (at convergence, Rhat=1).  
 
DIC info (using the rule, pD = var(deviance)/2)  
pD = 3.0 and DIC = 1990.1  
DIC is an estimate of expected predictive error (lower deviance is better).  

 

EHSS─ ≤  
sd_ct < -  model_run_ehss$BUGSoutput$summary %>%  as.data.frame()  
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sd_ct %<>%  
  filter(rownames(sd_ct) == "beta.trt") %>%  
  select(sd) %>%  
  as.numeric()  
 
sd_all < -  model_run_cmp$BUGSoutput$summary %>%  as.data.frame()  
 
sd_all %<>%  
  filter(rownames(sd_all) == "beta.trt") %>%  
  select(sd) %>%  
  as.numeric()  

 
ehss < -  num_CT * ((1/sd_all^2) / (1/sd_ct^2) -  1)  
 
[1] 64.32353  

 

 

3.2.5.5 ─ ≤  

≥⁸EC│♃כ♦─ IC≢▪►♩◌ⱶ│ ⇔√ ╩ ⇔≡⅔╡⁸No 

borrowing≤ Full borrowing⌐⅔↑╢꞉▬Ⱪꜟ ╩ ⇔√Ɽꜝⱷ♩ꜞ♇◒⌂

≤⇔≡⁸ ⌐ ∆╢ ─ HR│∕╣∙╣0.671┘0.649≤ ↕╣√⁹

╕√⁸3.2.5.3≢ ⇔√ ⱬ▬☼ ⌐ ≠ↄ CMP ╩ ⇔√ ⁸ ⌐ ∆

╢ ─Ɫ◙כ♪ │RJags╟╡0.649= exp(-0.432)≤ ꜡ⱪ☻כ꜠♩⁹√╣↕

♇♩⌐╟╡⁸MCMC◘fiⱪꜞfi◓⌐ ⇔≡ ╙ ↄ⌂ↄ ⇔√◘fiⱪꜞfi◓⅜

╠╣≡™╢↓≤⅜ ≢⅝╢⁹CMP ⌐╟╢ │⁸No borrowing≤Full borrowing

─ ⌐ ╕╡⁸EHSS╟╡ ╩♃כ♦ ↄ ⇔√↓≤⅜ ≢⅝╢⁹↓╣│

Commensurate prior≤⇔≡EC≤IC─ ™─ ⅜ ↕™≤ ⇔√ ⌐ ↕╣╢●

fiⱴ ╩ ⇔√↓≤⁸ ┘ EC≤ IC⌐▪►♩◌ⱶ≢ ⌐ ⅝⌂ ⅜

╠╣⌂™↓≤ ⌐╟╢╙─≤ ⅎ╠╣⁸Full borrowing≤ ─ ⅜ ╠╣√⁹⌂⅔⁸

RStan┘SAS─MCMC procedure─ ≤╦∏⅛⌐ ⌂╢⅜⁸ ─ ⌐ ╩ ⅎ

╢╙─≢│⌂™⁹ 

≢ ⇔√≤⅔╡⁸CMP │ ─package╩ ∑∏≤╙ ⌐ ⅜ ≢№╢

⅜⁸◦Ⱶꜙ꜠כ◦ꜛfi─ ⌐№√∫≡│ ⌐ ℮ ─ ⅜№╢⁹

─ ⌐№√∫≡MCMC╩ ≤∆╢√╘⁸ ─ ⌐ ⇔≡ ╩ ∆

─ ─ │ ≢№╤℮⁹ 

 

3.2.5.6 ⱪ꜡◓ꜝⱶ─  

≢ ⇔√ⱪ꜡◓ꜝⱶ ┘ │⁸∆═≡ JPMA_TF32_extⱨ□▬ꜟ⌐ ⇔

≡™╢⁹╕√⁸R─ │ ─ ⌐╟╡ ≢№╢⁹√∞⇔⁸R2jags┘rstan 

package─ ⌐№√∫≡│⁸∕╣∙╣JAGS┘RTools╩ ⌐▬fi☻♩כꜟ⇔≡⅔ↄ

⅜№╢⁹ 

1. R◖fi♁כꜟ ≢òinstall.packages( òrenv ó,  type = òwin.binary ó)ò╩ ⇔⁸renv 

package╩▬fi☻♩⁹╢∆ꜟכ 

2. ♦▫꜠◒♩ꜞⱤ☻⌐2Ᵽ▬♩ ╩ ╕⌂™ ≢zipⱨ□▬ꜟ╩ ∆╢⁹ 

3. Rprojⱨ□▬ꜟ╩♄Ⱪꜟ◒ꜞ♇◒⇔⁸RStudio╩ ∆╢⁹ 
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4. R◖fi♁כꜟ ≢òrenv::restore() ò╩ ∆╢⁹ 

 

3.2.5.7  

─ ⱪ꜡◓ꜝⱶ─ ⌐№√╡↔ ┘↔ ™√∞™√

─  ⁸ ─ ⌐ ⇔ →╕∆⁹ 
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4.  

≢│⁸ ⌐⅔↑╢ⱬ▬☼ ♦◙▬fi─ ≤⇔≡ Smith et al. 

(2006) ─ ╩ ⌐⁸ⱬ▬☼ ♦◙▬fi─◦Ⱶꜙ꜠כ◦ꜛfi⌐╟╢ ─

╩ ∫√1⁹ 

Smith et al. (2006) │⁸ postherpetic neuralgiaPHN⌐ ∆╢ √⌂

⌐≈™≡⁸ ┘ⱪꜝ☿Ⱳ≤ ⇔√ ─ ⅝↕╩ ∆╢√╘

─proof of conceptPOC ≢№╢⁹ ≢│⁸ ⌐ ╩

╩∆╢ ⅜ ⌐ ↕╣≡™⌂⅛∫√⁹∕─√╘⁸ ™ ≢№╢7

╩ ⇔⁸ ─ ⌐ ∆╢ ™ ╩ ≤⇔⌂™ normal dynamic linear 

modelNDLM╩ ™≡ ─ ╩ ℮↓≤≤⇔√2⁹╕√⁸ ─

╩ ⇔⁸ ⌂ ┼─ ╖ ╣╩ ∆╢↓≤≤⇔√1⁹ 

⌐⅔↑╢ ─ⱬ▬☼ ♦◙▬fi─ ≤⇔≡⁸ⱬ▬☼ ⸗♦ꜟ

Bayesian hierarchical modelBHM╩ ™√♦◙▬fi⅜ ↕╣≡™╢3⁹BHM≢│⁸

⌐ ∆╢ ─ ╩ ↄ↓≤⌂ↄ⁸ ↕╣√ ─ ─ ⌐

≠™≡⁸ ≢ ⌐ ╩ ∆╢↓≤⌐╟╡⁸ ≢ ⅜ ⇔≡™╢

│ ╩ →╢↓≤⅜≢⅝╢↓≤⅜ ╠╣≡™╢⁹ ─ ≤∆╢Smith et al. 

(2006)⌐⅔™≡│ NDLM╩ ™√ⱬ▬☼ ♦◙▬fi⅜ ↕╣√⅜⁸ ≢│

Smith et al. (2006)─ ⌐⅔™≡⁸NDLM≤│ ⌂╢ ╩ ≈⸗♦ꜟ≤⇔≡BHM

╩ ∆╢ ╙ ∆╢↓≤≤⇔√⁹⌂⅔⁸BHM⅜ ™╠╣√ ─ ≤

⇔≡⁸ ◄ꜞ♥ⱴ♩כ♦☻─ IIb ⅜№╢4⁹ ─ ◘♃כ♦⁸│≡™≈⌐

▬◄fi☻ ⅛╠20244 ⌐ ↕╣≡™╢₈Complex Innovative Trial Design─ ≤

─  - FDA●▬♄fi☻ ⅝₉─4.6≢ ╡ →╠╣≡™╢─≢ ↕╣√™

3⁹ 

≢│⁸Smith et al. (2006) ⌐⅔↑╢ ⌐ ≠™≡ ─ ≤POC─

╩ ≤∆╢ ╩ ⇔⁸NDLM┘BHM╩ ™╢ ─ ╩◦Ⱶꜙ꜠

≢fiꜛ◦כ ⇔√⁹ ⅎ≡⁸ ≤⇔≡⁸ⱬ▬☼ ─ ⸗♦ꜟ non-hierarchical 

modelNHM╩ ™╢ ─ ╙ ⇔√⁹⌂⅔⁸ ⌂ ╩ ℮√╘⁸◦Ⱶ

─fiꜛ◦כ꜠ꜙ ≢│⁸ ─ ≤│ ⌂╢ ♦◙▬fi╩ ⇔√⁹ ─

─♦◙▬fi│⁸Smith et al. (2006) ╩ ↕╣√™⁹ 

☻fi◄▬◘♃כ♦⁸│≢ ⅛╠20244 ⌐ ↕╣≡™╢₈▪♄ⱪ♥▫Ⱪ♦◙

▬fi╩ ∆╢√╘─ ◦Ⱶꜙ꜠כ◦ꜛfi─ ₉≢ ↕╣≡™╢◦Ⱶꜙ꜠כ◦ꜛfi

─ ╩ ⌐⇔≡⁸◦Ⱶꜙ꜠כ◦ꜛfi─ ┘ ╩ ∆5⁹ ⅎ≡⁸1 ─◦

Ⱶꜙ꜠כ◦ꜛfi♦כ♃⌐ ≠™≡⁸ ∆╢ ─ ⌂ ╩ case example result

≤⇔≡ ∆╢⁹ 

 

4.1  

4.1.1 ─♦◙▬fi 

 PHN ╩ ≤⇔√ ─ ⱪꜝ☿Ⱳ ꜝfi♄ⱶ
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II  

 PHN⌐ ∆╢ ─ ─ ┘POC─  

 6 ⱬכ☻ꜝ▬fi 1 ⁸  4 ⁸ⱨ◊꜡כ▪♇ⱪ 1  

 ⱪꜝ☿Ⱳ ⁸  7 50, 100, 150, 200, 300, 450, 600 mg 

  

 Pain score─ average daily pain scoreADPS─ⱬכ☻ꜝ▬fi⅛

╠─ 4  

 

4.1.2  

⌐≈™≡⁸NDLM⁸BHM⁸NHM⌐╟╡⁸ⱪꜝ☿Ⱳ ⌐ ∆╢ ╩

∆╢⁹ 

 

4.1.2.1 NDLM─⸗♦ꜞfi◓ 

NDLM│ ─♃כ♦ ─√╘⌐ ↕╣√ ≢№╢2⁹Smith et al (2006) 

≢│⁸NDLM╩ ─ ⌐ ™╢↓≤≢ ╩ ∑∏⌐ ⌂⸗♦ꜞfi

◓╩ ∫√1⁹↓↓≢│⁸ ─▪►♩◌ⱶ⌐≈™≡ NDLM⌐╟╢⸗♦ꜟ ╩ ℮⅜⁸

NDLM─╟╡ ⌐≈™≡│West et al. (1997)╩ ↕╣√™2⁹ 

Ὦ Ὦ π ὖὰὥὧὩὦέȟρȟȣȟὐ⌐⅔↑╢ὯὯ ρȟȣȟὲ ─ ─▪►♩◌ⱶ╩ὣ

≤⇔⁸—╩ ὤ⌐⅔↑╢▪►♩◌ⱶ─ ≤⇔⁸ ─╟℮⌐⸗♦ꜟ ∆╢⁹ 

 

ὣ — ὺȟ           ὺ ὔͯπȟ„  

 

↓↓≢⁸— Ὦ ρȟȣȟὐ│ ─╟℮⌐⸗♦ꜟ ∆╢⁹ 

— — ‏ ‫              ‫ ὔͯπȟὡ„  

‏ ‏ ‐                            ‐ ͯ ὔπȟὡ„  

 

√∞⇔⁸Ὦ π ὖὰὥὧὩὦέ─ │ ─ ╡≤∆╢⁹ 

 ὔπȟρπππͯ ‏,—

 

„ ὍͯὲὺὋὥάάὥπȢππρȟπȢππρ 

ὡ όͯὲὭὪέὶάπȢππρȟρππ 

 

─ ─√╘⌐⁸ ─NDLM─Ɽꜝⱷכ♃ ─ ╩  4-1⌐ ⇔√⁹ 
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 4-1 NDLM─  

 

4.1.2.2 BHM─⸗♦ꜞfi◓ 

BHM│⁸ ─꜠ⱬꜟ≢ ↕╣√ ─ ⸗♦ꜟ─↓≤≢№╢⁹↓↓≢ ™

╢BHM≢│⁸ ─ ─ ╩ ∆Ɽꜝⱷ⁸⅜♃כ ─ ⅛╠ ↕╣╢≤

™℮ ╩ ↄ⁹ ὮὮ π ὖὰὥὧὩὦέȟρȟȣȟὐ─ὯὯ ρȟȣȟὲ ─ ─▪►♩◌

ⱶ╩ὣ≤⇔√≤⅝⁸ὣ│ —⁸ „─ ⅛╠ ↕╣⁸ ⌐ ─

─ —Ὦ ρȟȣȟὐ⅜ ‘⁸ †─ ⅛╠ ↕╣╢≤™℮ BHM⌐╟∫≡⸗

♦ꜟ ∆╢⁹↓╣╩ ≢ ∆≤ὣ ὔͯ—ȟ„ ȟ— ὔͯ‘ȟ†  Ὦ ρȟȣȟὐ≤⌂╢⁹╕√⁸ⱪꜝ

☿Ⱳ ─ —⁸▪►♩◌ⱶ─ „⁸Ɫ▬ⱤכⱤꜝⱷכ♃≢№╢‘ ┘†─ ⌐

│ ─ⱨꜝ♇♩ ╩ ™╢⁹╕√⁸ ─ ─√╘⌐⁸ ─BHM─Ɽ

ꜝⱷכ♃ ─ ╩  4-2⌐ ⇔√⁹ 

 

 

 4-2 BHM─  

 

 4-2⌐⅔™≡ὣ│ │—⁸♃כ♦─≥↔ ↔≤─ ╩ ∆Ɽꜝⱷ⁸♃כ

─♃כ♦│„ ╩ ∆Ɽꜝⱷ⁸♃כ‘ȟ†│—(Ὦ ρȟȣȟὐ)⅜ ℮ ─Ɫ▬ⱤכⱤ
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ꜝⱷ⁹╢№≢♃כ 

 

4.1.2.3 NHM─⸗♦ꜞfi◓ 

NHM│⁸ ─BHM─ ─ ─ —Ὦ ρȟȣȟὐ─ ≢№╢ὔ‘ȟ†

╩⁸ⱪꜝ☿Ⱳ ─ —─ ≤ ∂ ─ⱨꜝ♇♩ ⌐ ⇔√⸗♦ꜟ≢

№╢⁹ 

 

4.1.2.4  

⌐ ─№╢ ⱪꜝ☿Ⱳ ⌐ ⇔≡ADPS 1.5─ ⅜ ╠╣╢

⌐ ≠⅝⁸ ─ ╩ ∆╢⁹⌂⅔⁸ —│NDLM│BHM ┘

⌐NHM⌐ ≠ↄ⁹ 

 

≢ ─ ─ ⌐ ⇔√ Ὦ┼─ ─ ╖ ╣╩ ⇔⁸

⅜ ∆╢ │ ╩ ∆╢⁹ 

· ὖ— —  ρȢυȿὈὥὸὥπȢψ 

 

≢ ─ ─ ⌐ ⇔√ Ὦ⌐≈™≡ ⌂ ≤ ∆╢⁹ 

¶ ὖ— —  ρȢυȿὈὥὸὥπȢψ 

 

≢ ≤ ↕╣√ ⌐ ╡ ↑╠╣√ ⁸│♃כ♦─ ⌐

⅔™≡⸗♦ꜟ─ ⌐│ ™╠╣╢⅜⁸ │ ─ │ ╦╣⌂™⁹ 

 

4.1.3 ◦Ⱶꜙ꜠כ◦ꜛfi─  

≢│⁸ ™ ─ ≤ ╩ ⇔⁸ ⅜ ⌂ ╩ ∆⅛

∆╢⁹◦Ⱶꜙ꜠כ◦ꜛfi≢│⁸ ─ ≤ ⁸arm-dropping─√╘─

┘ ─ ⌐ ⇔√ ─ ╩ ℮⁹ 

 

4.2 ◦Ⱶꜙ꜠כ◦ꜛfi  

4.2.1 ♦◙▬fi  

◦Ⱶꜙ꜠כ◦ꜛfi≢│⁸NDLM┘BHM╩ ™≡ ╩ ∆╢⁹NHM╩

ⱬfi♅ⱴכ◒≤⇔≡ ⇔√⁹ 

 

4.2.2 ─  

Ɽꜝⱷכ♃  

 280 35  

 

ⱪꜝ☿Ⱳ ≤─ ╩ ⌐ ∆╢√╘─ ⌂ ≤

─ ⌂ ╩ ⌐∆╢√╘─ ⌂ ─ ≢Ᵽꜝfi☻╩
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≤╡⌂⅜╠ ⇔√1⁹ 

 1  

♃▬Ⱶfi◓ ⌐ ⇔≡™╢ ─℮∟50%─▪►♩◌

ⱶ⅜ ⌂ 50%  

⌐ ὖ— —  ρȢυȿὈὥὸὥπȢψ╩ √⇔√ ⁸ Ὦ┼─

─ ╖ ╣╩ ⇔⁸ ⅜ ∆╢ │ ╩ ∆╢⁹

─ ╖ ╣╩ ⇔√ ╙♃כ♦─ ─Ɽꜝⱷכ♃

⌐│ ™╢⅜⁸ ╖ ╣╩ ⇔√ ⌐≈™≡│ ≢

─ │ ∑∏⁸ ⌂⇔≤ ℮↓≤≤⇔√⁹⌂⅔⁸—│NDLM

│BHM ┘⌐NHM⌐ ≠ↄ⁹ 

 

♃כ♦ 4.2.3 ┘◦♫ꜞ○ 

 

Smith et al. (2006)╩ ⌐⁸ ὤ⌐⅔↑╢Ὧ ─ ─▪►♩◌ⱶ╩ὣ≤⇔⁸

— ┘ ςȢσ─ ⌐ ℮ ╩ ↕∑╢1⁹ ◦♫ꜞ○─ Ὦ─ —│

 4.1⌐ ⇔√⁹◦♫ꜞ○1 Null│⁸ ─ ⅜ ↄ⌂ↄ⁸ⱪꜝ☿Ⱳ≤ ≤™℮

≢№╡⁸◦♫ꜞ○2a~2d⁸3a~3d⁸4a~4d│⁸ ─ ╩∕╣∙╣⁸1.45⁸2.20⁸2.9≤

⇔⁸ ⸗♦ꜟ≤⇔≡⁸linear(a)⁸Emax(b)⁸betaMod(c)⁸logistic(d)╩ ⇔≡™╢  

4-3⁹⌂⅔⁸ ⸗♦ꜟ─Ɽꜝⱷ⁸│♃כBornkamp et al. (2009)╩ ⌐ ⇔√6⁹

╕√⁸∕╣∙╣─◦♫ꜞ○⌐⅔™≡ №╡⁸⌂⇔─ ╩ כ♦≢○ꜞ♫◦√⇔

♃╩ ↕∑√⁹ 

 

 4.1 ─◦♫ꜞ○ 

Scenario PLB Dose1 Dose 2 Dose 3 Dose 4 Dose 5 Dose 6 Dose 7  

1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

2a 0.00 0.12 0.24 0.36 0.48 0.73 1.09 1.45 

2b 0.00 0.95 1.17 1.27 1.32 1.38 1.43 1.45 

2c 0.00 0.92 1.21 1.36 1.43 1.42 1.12 0.57 

2d 0.00 0.00 0.00 0.00 0.00 0.05 1.02 1.45 

3a 0.00 0.18 0.37 0.55 0.73 1.10 1.65 2.20 

3b 0.00 1.44 1.78 1.93 2.01 2.10 2.17 2.20 

3c 0.00 1.40 1.83 2.07 2.18 2.15 1.69 0.87 

3d 0.00 0.00 0.00 0.00 0.00 0.08 1.54 2.20 

4a 0.00 0.24 0.48 0.73 0.97 1.45 2.18 2.90 

4b 0.00 1.90 2.34 2.54 2.65 2.77 2.85 2.90 

4c 0.00 1.85 2.42 2.72 2.87 2.84 2.23 1.15 

4d 0.00 0.00 0.00 0.00 0.01 0.10 2.04 2.90 
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 4-3 ◦♫ꜞ○3a~3d─  

 

4.2.4  

─√╘⁸ ─ ⌐≈™≡ ⇔√⁹ 

  

 ⌂ↄ≤╙1 ≢ №╡≤ ↕╣╢ ╩ ≤∆╢⁹ 

⌐⅔™≡ⱪꜝ☿Ⱳ ≤─ ⅜⌂™ ⁸◦♫ꜞ○

1 ─╙≤ ⌂ↄ≤╙1≈─ ≢ ⌐ ─№╢ ⱪꜝ

☿Ⱳ ≤─ 1.5╩ ∆↓≤╩ ─ ≤∆╢⁹ 

 ┘ ─ ╩ ∆╢⁹ 

╩ ≈

╩ ⇔ↄ ≢

⅝╢  

╩ ≈ ≢№╢ ὖ— — ÍÁØ— — ȿὈὥὸὥὮ

ρȟȣȟὐ⌐ ≠™≡⁸ ─ ╩ ≈ ╩ ⇔ↄ ≢⅝╢

╩ ∆╢ 

─

⁸Ᵽ▬▪☻⁸
RMSE 

─ ⱪꜝ☿Ⱳ ≤─ ─Ᵽ▬▪☻ ┘ root 

mean squared errorRMSE╩ ∆╢⁹ 

 

4.2.5 ◦Ⱶꜙ꜠כ◦ꜛfi─ ╡ ⇔ ≤  ♪כ◦

◦♫ꜞ○⌐≈™≡⁸ ╡ ⇔ │1,000≤⇔√⁹ 
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4.2.6 Stan◖כ♪─ⱳ▬fi♩ 

◦Ⱶꜙ꜠כ◦ꜛfi╩ ∆╢√╘─R◖⁸∟℮─♪כNDLM┘BHM╩ ∆╢Stan

╩♩ⱳ▬fi─♪כ◖ ∆╢⁹◦Ⱶꜙ꜠כ◦ꜛfi╩ ∆╢√╘─ R◖כ♪ │⁸

GitHub⌐ ∆╢⁹ 

 

4.2.6.1 NDLM 

─ ⌐ ⅔ ↑ ╢ ⌐ ⇔ √ NDLM╩ ∆ ╢ ◖ כ ♪

(NDLM_simulation_with_IA.r─ ≤⌂╢ ╩ ∆⁹ │ Stan╩ ™≡ NDLM╩

markov chain monte carlo methodsMCMC≢ ∆╢ ≢№╢⁹ 

 

stanmodelcode <- " 

data { 

  int<lower=0> N;  

  int<lower=0> K;  

  real y[N];  

  int<lower=0> arm[N];  

} 

 

N╩ ▪►♩◌ⱶ─ ⁸K╩ ⁸y╩ ▪►♩◌ⱶ⁸arm╩ ≤

⇔≡ ∆╢⁹ 

 

parameters { 

  real theta[K]; 

  real delta[K]; 

  real<lower=0> sigma2; 

  real<lower=0> W; 

} 

 

↓↓≢│⁸NDLM─Ɽꜝⱷכ♃╩ ∆╢⁹ ─ ⌐⅔↑╢ ⌐ ⇔√

notation≢ ∆≤theta=—⁸delta=⁸‏sigma2=„⁸W=ὡ≢№╢⁹√∞⇔⁸theta[1]≤delta[1]

│ⱪꜝ☿Ⱳ ╩‏≥—─ ∆Ɽꜝⱷכ♃≤⇔≡ ⇔≡™╢⁹ 

 

model { 

  for(k in 2:K){ 

      theta[k] ~ normal(theta[k-1]+delta[k-1], sqrt(W*sigma2)); 

      delta[k] ~ normal(delta[k-1], sqrt(W*sigma2)); 

    } 

 

NDLM─◦☻♥ⱶ ╩ ⇔≡™╢⁹ 

NDLM─◦☻♥ⱶ (j>0)  — — ‏ ‫              ‫ ὔͯπȟὡ„  

‏ ‏ ‐                            ‐ ͯ ὔπȟὡ„   

 

    theta[1] ~ normal(0, 1000); 

    delta[1] ~ normal(0, 1000); 

 

theta[1]≤ delta[1]│ⱪꜝ☿Ⱳ ─ ╩ ∆Ɽꜝⱷכ♃≤⇔≡ ⇔≡™╢√╘⁸
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╩ ⇔≡™╢⁹ 

 ὔπȟρπππͯ ‏,—

 

    for(j in 1:N){ 

      y[j] ~ normal(theta[arm[j]], sqrt(sigma2)); 

    } 

 

─NDLM─ ╩⸗♦ꜟ ⇔≡™╢⁹ 

ὣ  — ὺȟ           ὺ ὔͯπȟ„  

 

  W~uniform(0.001,100); 

  sigma2~inv_gamma(0.001, 0.001); 

  } 

" 

 

─ ╩ ∫≡™╢⁹W⌐│ ⁸„⌐│Ɽꜝⱷ0.001 0.001⁸♃כ─ ●

fiⱴ ╩ ⇔≡™╢⁹ 

 

 

4.2.6.2 BHM 

─ ⌐⅔↑╢ ⌐ ⇔√BHM╩ ♪כ◖╢∆ BHM_simulation.r─

≤⌂╢ ╩ ∆⁹ │Stan╩ ™≡BHM╩MCMC≢ ∆╢ ≢№╢⁹ 

 

stanmodelcode <- " 

data { 

  int<lower=0> N[8]; 

  vector[N[1]] y0; 

  vector[N[2]] y1; 

  vector[N[3]] y2; 

  vector[N[4]] y3; 

  vector[N[5]] y4; 

  vector[N[6]] y5; 

  vector[N[7]] y6; 

  vector[N[8]] y7; 

} 

 

─ ─ ╩ N≤⇔≡ ⇔⁸ ─ ─▪►♩◌ⱶ♦כ♃╩

y0~y7─ⱬ◒♩ꜟ≤⇔≡ ⇔≡™╢⁹◦Ⱶꜙ꜠כ◦ꜛfi≢│⁸ ┘ ─

≤⌂╢ ╩ N─ ≢ ⇔≡™╢⁹ 

 

parameters { 

  real theta0; 

  real mu; 

  vector[7] theta; 

  real<lower=0> sigma; 

  real<lower=0> tau; 

} 
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theta0│ⱪꜝ☿Ⱳ ─ ╩ ∆Ɽꜝⱷכ♃≤⇔≡ ⇔≡™╢⁹mu≤ tau│ ↔

≤─ ≤ ╩ ∆Ɫ▬ⱤכⱤꜝⱷכ♃≤⇔≡ ⇔≡™╢⁹sigma│ כ♦─

♃─ ╩ ∆Ɽꜝⱷכ♃≤⇔≡ ⇔≡™╢⁹theta│⁸ ↔≤─ ╩ ∆

Ɽꜝⱷכ♃ ⱬ◒♩ꜟ ≤⇔≡ ⇔≡™╢⁹ 

 

model { 

  theta ~ normal(mu, tau); 

  y0 ~ normal(theta0, sigma); 

  y1 ~ normal(theta[1], sigma); 

  y2 ~ normal(theta[2], sigma); 

  y3 ~ normal(theta[3], sigma); 

  y4 ~ normal(theta[4], sigma); 

  y5 ~ normal(theta[5], sigma); 

  y6 ~ normal(theta[6], sigma); 

  y7 ~ normal(theta[7], sigma); 

} 

" 

 

─ ─ ⌐ ↕╣≡™╢ BHM─ ⌐ ∆╢⁹theta ~ normal(mu, tau)

─ ≢⁸ ↔≤─ ╩ ∆Ɽꜝⱷכ♃ theta⌐ ─ ╩ ⇔≡™

╢⁹ 

 

4.3 ◦Ⱶꜙ꜠כ◦ꜛfi  

◦Ⱶꜙ꜠כ◦ꜛfi ─℮∟⁸◦♫ꜞ○1⁸3a3d╩ ⇔≡ ∆⁹∆═≡─◦♫ꜞ○

─◦Ⱶꜙ꜠כ◦ꜛfi │Appendix5.7.1⌐ ∆⁹ 

 

4.3.1 ⁸ ⁸ ╩ ≈ ╩ ⇔ↄ ≢⅝╢  

◦♫ꜞ○1⁸3a3d⌐⅔™≡⁸ ⸗♦ꜟ─ ⁸ ⁸ ╩ ≈

╩ ⇔ↄ ≢⅝╢ ╩  4.2⌐ ∆⁹ 

 

 4.2 ⸗♦ꜟ─ ⁸ ⁸ ╩ ≈ ╩ ⇔ↄ ≢⅝╢  

 

◦

♫

ꜞ

○ 

⌂ↄ≤╙1

≢ №╡≤ ↕

╣╢  

 
╩ ≈ ╩

⇔ↄ ≢⅝╢  

NDLM BHM NHM NDLM BHM NHM NDLM BHM NHM 

⌂

⇔ 
1 0.00 0.00 0.00 280 280 280 NA NA NA 

3a 0.70 0.50 0.71 280 280 280 0.96 0.82 0.82 

3b 0.79 0.77 0.89 280 280 280 0.45 0.27 0.27 

3c 0.70 0.71 0.88 280 280 280 0.40 0.32 0.32 

3d 0.68 0.51 0.68 280 280 280 0.96 0.89 0.89 

№

╡ 
1 0.00 0.00 0.00 151.0 152.1 166.3 NA NA NA 

3a 0.74 0.50 0.69 215.2 220.9 222.6 0.95 0.80 0.81 
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3b 0.79 0.76 0.90 261.3 272.9 269.7 0.49 0.28 0.28 

3c 0.73 0.71 0.86 253.4 265.3 261.1 0.41 0.35 0.35 

3d 0.68 0.52 0.67 194.7 197.4 202.0 0.94 0.87 0.87 

 

4.3.2 ─ ⁸Ᵽ▬▪☻⁸RMSE 

◦♫ꜞ○1⁸3a3d №╡ ⌐⅔™≡⁸ ⸗♦ꜟ⅛╠ ↕╣√ ╩

 4-4⌐ ∆⁹ ⌐⁸Ᵽ▬▪☻≤RMSE╩  4-5⌐ ∆⁹ 
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 4-4-4 ◦♫ꜞ○1⁸3a3d─ ↕╣√ ợ ⁸ ─

⁸ ─25% ┘75%  
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 4-5 ◦♫ꜞ○1⁸3a3d─Ᵽ▬▪☻≤RMSE 
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4.4 ┘  

4.4.1  

◦♫ꜞ○1⁸3a~3d №╡ ╙ ╗∆═≡─◦Ⱶꜙ꜠כ◦ꜛfi ⅛╠

╩ ℮⁹ 

 

4.4.1.1  

≢│⁸ ─ ◦♫ꜞ○1⌐⅔↑╢ │⁸™∏╣─⸗♦ꜟ≢╙

↕™ ≢№╡⁸⸗♦ꜟ ─ ™│ ╠╣⌂⅛∫√⁹BHM─ │NHM╟╡ ↄ⁸NDLM

│NHM≤ ⅛ ™ ⅜№∫√⁹ 

 

4.4.1.2  

⅜⌂™ │ ™◦♫ꜞ○ ◦♫ꜞ○1⁸2a~2d ≢│⁸BHM│NHM╟╡╙

⅜ ↕™⅜⁸ ─№╢◦♫ꜞ○≢│ ™│⌂⅛∫√⁹NDLM│ ─2≈─⸗♦ꜟ≤

⇔≡⁸™∏╣─◦♫ꜞ○≢╙ ⅜ ⌐ ↕⅛∫√⁹ 

 

4.4.1.3 ╩ ≈ ╩ ⇔ↄ ≢⅝╢  

╩ ≈ ╩ ⇔ↄ ≢⅝╢ │⁸BHM≤ NHM≢ ⅝⌂ ™│⌂⅛∫

√⁹NDLM│ ─2≈─⸗♦ꜟ≤ ⇔≡⁸ ─ ╩ ∆╢ ⅜ ⅛∫√⁹ 

 

4.4.1.4 Ᵽ▬▪☻ 

╩ ⇔≡™√√╘⁸NHM≢│Ᵽ▬▪☻⅜ ∂⌂⅛∫√⁹BHM≢│⁸

⅜№╢ ◦♫ꜞ○1 ⌐ ⌐╟╡ ≢│ ─Ᵽ▬▪☻⁸ ≢

│ ─Ᵽ▬▪☻⅜ ∂╢ ⅜№∫√⁹NDLM≢│⁸ⱪꜝ☿Ⱳ╩ ╘1≈ ─ ⌐

⅜ ╩ ↑╢√╘⁸ ≢│⌂™⅜⁸ ─Ᵽ▬▪☻⅜ ∂╢ ⅜№∫√⁹NDLM≤

BHM─ ≢│⁸ ⌐NDLM─Ᵽ▬▪☻⅜ ↕™ ⅜№∫√⁹ 

 

4.4.1.5 RMSE 

BHM ╩ ™≡ ┘ NDLM≢│⁸NHM≤ ═≡ ⌐ RMSE⅜ ↕⅛∫

√⁹BHM╟╡╙NDLM─ ⅜╟╡RMSE⅜ ↕™ ⅜№∫√⁹ 

 

4.4.1.6 ↕╣╢ ♦◙▬fi 

│ ─ ≤ POC─ ╩ ™⁸ ≢ ╩ ∆╢ ╩

∆╢↓≤╩ ≤⇔≡™╢↓≤⅛╠⁸ ─ ⅛╠ ⌐ ∆╢≤⁸

⸗♦ꜟ≤⇔≡ NDLM─ ⅜ ↕╣╢≤ ⅎ╠╣╢⁹╕√⁸ ─◦Ⱶꜙ꜠כ◦ꜛ

fi ≢│ ─ ≢ │ ⅝ↄ ⌂╠∏⁸ │ №╡─ ⅜

↕™↓≤⅛╠⁸ ╩ ⇔≡arm-dropping╩ ℮↓≤⅜ ↕╣╢⁹ 
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4.5 Case Example Result 

◦♫ꜞ○3a─◦Ⱶꜙ꜠כ◦ꜛfi⅛╠⁸ ⇔≡™╢ ─ NDLM⌐╟╢ ─

╩ ∆⁹ 

Case example result⌐⅔↑╢ ┘ ╩∕╣∙╣  4.3 ┘  4.4

⌐ ⇔√⁹ 

≢│⁸dose 1⁸dose 2┘dose 3│ ╖ ╣ ╩ √⇔√√╘⁸↓╣

╠─ ┼─ ╖ ╣╩ ⇔≡ ╩ ∆╢↓≤≤⌂╢⁹ 

≢│⁸dose 6┘dose 7⅜ №╡─ ╩ √⇔⁸ ─POC⅜

↕╣√≤ ≢⅝╢⁹ⱬכ☻ꜝ▬fi⅛╠─ ─ ─ │⁸ ⅜ ∆╢≤

≤╙⌐ ⌐ ⇔⁸ ╩ ≈ ≢№╢ │dose 7⅜ ╙ ⅝ↄ⁸dose 7⅜

╙ ⌂ ≢№╢≤ ≢⅝╢⁹ 

 

 4.3 Case Example Result⌐⅔↑╢  

Group N Change from Baselinea Difference (95%CI)b P (Futility) 

PLB 17 -0.469 - - 

Dose 1 11 -0.125 0.344 (-0.777, 1.517) 0.973 

Dose 2 16 0.117 0.586 (-0.671, 1.875) 0.924 

Dose 3 18 0.268 0.737 (-0.596, 2.022) 0.873 

Dose 4 20 0.519 0.989 (-0.349, 2.253) 0.774 

Dose 5 20 1.063 1.532 (0.219, 2.852) 0.489 

Dose 6 19 1.413 1.882 (0.526, 3.186) 0.268 

Dose 7 19 2.372 2.842 (1.381, 4.260) 0.033 

a: Posterior Mean b: Posterior Mean (95% Credible Interval) 

 

 4.4 Case Example Result⌐⅔↑╢  

Group N Change from 

Baselinea 

Difference (95%CI)b P (Efficacy) P (Max) 

PLB 35 -0.342 - - - 

Dose 1 11 -0.076 0.266 (-0.611, 1.132) 0.006 0.000 

Dose 2 16 0.164 0.507 (-0.491, 1.446) 0.020 0.000 

Dose 3 18 0.390 0.732 (-0.330, 1.663) 0.069 0.000 

Dose 4 35 0.800 1.142 (0.183, 2.048) 0.220 0.000 

Dose 5 35 1.347 1.689 (0.797, 2.572) 0.657 0.019 

Dose 6 35 1.602 1.944 (0.956, 2.914) 0.832 0.041 

Dose 7 35 2.201 2.544 (1.547, 3.579) 0.980 0.940 

a: Posterior Mean b: Posterior Mean (95% Credible Interval) 
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4.7 Appendix 

∆═≡─◦♫ꜞ○─◦Ⱶꜙ꜠כ◦ꜛfi ╩ ∆⁹ 

 

 

 

https://www.jpma.or.jp/information/evaluation/results/allotment/DS_202404_AD.html


ⱬ▬☼ ♦◙▬fi⌐⅔↑╢◦Ⱶꜙ꜠כ◦ꜛfi─   

83 

 

 
 4-6 ∆═≡─◦♫ꜞ○─Ᵽ▬▪☻ 
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 4-7 ∆═≡─◦♫ꜞ○─RMSE 
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 4-8 ∆═≡─◦♫ꜞ○─ ALL│ ⌂ↄ≤╙1 ≢ №╡≤ ↕╣╢  
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 4-9 ∆═≡─◦♫ꜞ○─ ALL│  
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 4-10 ∆═≡─◦♫ꜞ○─ ╩ ≈ ╩ ⇔ↄ ≢⅝╢  
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5. Ᵽ☻◔♇♩  

Pant et al. (2023)1 ≢│⁸FGFR ─№╢ ─ ⅜╪⌐ ∆╢Erdafitinib─ ≤

⌐≈™≡ ⇔√⁹ ≢│⁸ ⅜╪ ≢ ╖ ╣╠╣╢ ⅜ ╠╣╢√

╘⁸ ┘ ─ ⅜╪ ≢─ ⌐ ─ ─ ╩ ™√

⁸∕─ ⅜ ⇔ↄ⌂╢ ⅜№╢⁹ ≢ ─ ≢№╢FGFR ╩

∫≡™╢↓≤⅜™∏╣─⅜╪ ≢╙ ─ ≤⌂∫≡™╢↓≤⅛╠⁸ ⅜╪

⌐⅔↑╢ ⅜ ⇔≡™╢ ╩ ⇔⁸ⱬ▬☼ ⸗♦ꜟ╩ ⇔⁸

┘ ≢ ⅜╪ ⌐⅔↑╢ ┘ ╩ ⇔√⁹ ⅜╪ ≢ ╖ ╣╠

╣╢ ⅜ ╠╣╢╙──⁸ⱬ▬☼ ⸗♦ꜟ╩ ™╢↓≤≢⅜╪ ≢

╩ ™⁸╟╡ ─ ™ ╩ ℮↓≤⅜ⱬ▬☼ ─ ╩ ™╢ ≢№╢⁹ 

♃☻◒ⱨ◊⁸│☻כPant et al. (2023)1 ╩ ∆╢ ╩ ⇔⁸◦Ⱶꜙ꜠כ◦ꜛfi⌐

╟╡ⱬ▬☼ ⸗♦ꜟ⌐ ≠ↄ ─ ╩ ⇔√⁹ ⁸◦Ⱶꜙ꜠כ◦ꜛ

fi╩ ⌐ ∆╢√╘⌐⁸ ≤│ ⌂╢ ♦◙▬fi╩ ⇔≡™╢β⁹ ─

─♦◙▬fi│⁸Pant et al. (2023)1 ╩ ↕╣√™⁹ 

 

β ─ ≤ ⌂╢  

¶ ⅜╪ ─ ╩15 ≢│⌂ↄ5 ≤ ⇔√⁹ 

¶ ╩200≢│⌂ↄ100≤⇔√⁹ 

¶ ╩3 ≢│⌂ↄ1 ≢ ⇔√⁹ 

¶ ⅜╪ ⌐⅔↑╢ ╖ ╣ ─ ┘ ≢─ ⌐ ⌂

╩ ⇔⌂™⁹ 

¶ R≢◦Ⱶꜙ꜠כ◦ꜛfi╩ ∫√ │FACT version 6.2⁹ 

 

5.1 ─  

 ─Ᵽ▬○ⱴכ◌כ≢ ↕╣√ ⅜╪ ╩ ≤⇔√

─ II  

 ⅜╪ ─ ⅜╪⌐ ∆╢ ─ ─  

 ⅜╖╠╣╢╕≢ ┘ⱨ◊꜡כ▪♇ⱪ  

 ─╖  

 ⌂⇔  

  

 ⌐≈™≡⁸ⱬ▬☼ ⸗♦ꜟ⌐╟╡⁸ ⅜╪ ≢─

╩ ∆╢⁹ 

 

ⱬ▬☼ ⸗♦ꜟ⌐╟╡ ⅜╪ ⌐⅔↑╢ ⅜ ╠╣≡™╢

≢╙⁸ ─ ╩ ⇔≡ ╩∆╢↓≤⅜≢⅝╢⁹⅜

╪ Ὦ⌐⅔↑╢ ╩“≤⇔⁸— ὰέὫὭὸ“ ≤⇔√ ⌐⁸—│⁸

‘⁸ † ─ ⌐ ∫≡™╢≤⇔⁸ ≤⇔≡

‘ͯ ὔ ςȢρωȟς ┘ †ͯὋὥάάὥ‌ȟ‍╩ ⇔√⁹‘─ -2.19│

10%─ logit ─ ⌐ ⇔⁸‘─ ─ │

0%⅛╠99.7%⌐ ∆╢⁹Thall et al. (2003)│ ─ Ɽꜝⱷכ

♃⌐ ≤ ─ ╩ ™╢↓≤╩ ⇔≡⅔╡⁸
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∕℮™∫√ ╙ ≢№╢⁹●fiⱴ ─Ɽꜝⱷכ♃‌ ┘‍⌐≈™

≡│ ∆╢⁹ 

 
 

⌐⅔™≡—│Ɽꜝⱷ⁸‘⁸♃כ † │—╩ ╘╢ ─Ɽ

ꜝⱷ⁹╢№≢♃כ 

 

≢ ⅜╪ ⌐⅔↑╢ ⅜25% ≢№╢ ╩

⇔⁸40% ≢№╢ ⌐│ ⅜╪ ≢ ─ ╩ ℮⁹ 

¶ ὖ“ πȢςυȿὈὥὸὥπȢτ 

¶ ὖ“ πȢςυȿὈὥὸὥπȢτ 

≢│ ≢ ≤⌂╠⌂⅛∫√⅜╪ ╩ ⇔≡

─ ╩ ™⁸ ─95% ─ ⅜ (15%)╩ ⅎ

≡™╢⅛≥℮⅛ ∆╢⁹ 

╕√⁸ ⅜╪ ≢─ ─ ╩∆╢√╘⌐⁸ⱬ▬☼ ⸗♦

ꜟ╩ ⇔⁸ ⅜25% ≢№╢ ⅜80% ≢№╢ ⁸

⅜╪ ≢─ ⅜ ╘╠╣√≤∆╢⁹ 

 

5.2 ◦Ⱶꜙ꜠כ◦ꜛfi─  

≢│⁸ ™⅜╪ ─ ≤ ╩ ⇔⁸ ⅜ ⌂ ╩ ∆

⅛ ∆╢⁹ ┘ ─ ⌐ ∆╢ ╩ ∆╢√╘⌐◦Ⱶꜙ꜠כ

◦ꜛfi╩ ∆╢⁹ 

 

5.3 ◦Ⱶꜙ꜠כ◦ꜛfi  

5.3.1 ♦◙▬fi  

◦Ⱶꜙ꜠כ◦ꜛfi≢│⁸ⱬ▬☼ ⸗♦ꜟ╩ ™≡ ⅜╪ ⌐⅔↑╢ ╩

∆╢⁹ ─ ≢ ↕╣╢ ⌐⅔↑╢ ─ 0.05╩ⱬfi♅ⱴכ

◒≤⇔≡ ⇔√⁹ 
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5.3.2 ┘  

Ɽꜝⱷכ♃  

 ∆═≡─⅜╪ ╩ ╦∑≡100  

 

─ ╩ ≡√ ⌐⁸ 0.025⁸ ≢

─ ╩35%≤⇔√ ⌐⁸ ≢ 15%⌐ ∆╢ ╩

99.7%─ ≢ ≢⅝╢⁹ ⌂ ─ ╟╡ ™

≢№╢⅜⁸ │ ⅜╪ ≢─ ─ ╙ ∆╢√╘⁸100 ≤

⇔√⁹ 

─

┘  

─ : 1  

─ : ─  

─ 50 ─ ≢ ⅜♃כ♦ ⇔√  

─  ὖ“ πȢςυȿὈὥὸὥπȢτ⌂╠⅜╪  Ὦ Ὦ ρȟỄȟυ╩ ∆╢⁹ 

─♃כ♦ 5.3.3 ⸗♦ꜟ 

⌐ ╩ ⇔√⁹ ╛ │ⱡfi꜠☻ⱳfi♄כ♦⁸≡⇔≥כ

♃╩ ⇔√⁹ 

 

5.3.4 ⅜╪ ≢─ ┘ ─  

◦Ⱶꜙ꜠כ◦ꜛfi⌐⅔↑╢ ⅜╪ ⌐⅔↑╢ ⁸ ─◦♫ꜞ○╩  5.1─╟

℮⌐ ⇔√⁹ ⅜╪ ≢─ ⌐≈™≡⁸≥─⅜╪ ╙ ─ ◦♫ꜞ○1-

1~3⁸ ─⅜╪ ⌐ ∫≡™╢ ◦♫ꜞ○2-1~3⁸™ↄ≈⅛─ ⌂⅜╪ ⅜№╢

◦♫ꜞ○3-1~3╩ ⇔√⁹╕√ ⌐≈™≡│ ⅜╪ ≢ ⅜№╢ ⁸

─⅜╪ ≢─╖ ⅜№╢ ◦♫ꜞ○2-2≢│ ╙ ⅜ ™⅜╪ ≢─╖

⅜№╢ ⁸™∏╣─⅜╪ ≢╙ ⅜⌂™ ╩ ⇔√⁹ ⅜⌂™⅜╪ ─

⌐ ⇔≡│ ≢ ⇔√⁹ 

 

 5.1 ◦♫ꜞ○≢─ ⅜╪ ⌐⅔↑╢ ┘  

 ⅜╪1 ⅜╪2 ⅜╪3 ⅜╪4 ⅜╪5 

◦ ♫

ꜞ○           

1-1 20 0.35 20 0.35 20 0.35 20 0.35 20 0.35 

1-2 0.35 0.35 0.35 0.15 0.15 

1-3 0.15 0.15 0.15 0.15 0.15 

2-1 60 0.35 10 0.35 10 0.35 10 0.35 10 0.35 

2-2 0.35 0.15 0.15 0.15 0.15 

2-3 0.15 0.15 0.15 0.15 0.15 

3-1 30 0.35 30 0.35 30 0.35 5 0.35 5 0.35 

3-2 0.35 0.35 0.35 0.15 0.15 

3-3 0.15 0.15 0.15 0.15 0.15 

 

5.3.5 ─  

⅜ ⌐ ╓∆ ╩ ∆╢√╘⌐ ─ ≈─ ≢ ⇔
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√⁹Prior 2─ ⅜⅜╪ ─ ⌐ ∆╢ ─ ⅜ ⅝ↄ⌂╢⁹ 

Prior 1: †ͯὋὥάάὥςȟςπ 

Prior 2: †ͯὋὥάάὥςȟς 

 

5.3.6  

─√╘⁸ ─ ⌐≈™≡ ⇔√⁹ 

  

Selection Power ⅜№╢⅜╪ ─℮∟80% ⅜ ⌐ ╕╣╢  

Proportion of 

Success 
ⱬ▬☼ ⸗♦ꜟ⌐╟∫≡ ≈ ─⅜╪ ≢ ≤ ↕╣

╢ : Pr(“ > 25%) > 80%  

Family-wise Error 

Rate (FWER) 
⅜⌂™⅜╪ ≢ ≈ ⌐╟╡ ╩ ⇔≡⇔╕

℮ ⁹Proportion of Success≤ ─ⱬ▬☼ ⸗♦ꜟ

╩ ™╢ 

Power ─ ≢ ≤ ↕╣╢  

Mixing Nonactive ≈ ⅜⌂™⅜╪ ⅜ ╕╣╢ ≢⁸ ─ ≢

≤ ↕╣╢  

 

5.3.7 ◦Ⱶꜙ꜠כ◦ꜛfi─ ╡ ⇔ ≤  ♪כ◦

◦♫ꜞ○⌐≈™≡⁸ ╡ ⇔ │100,000≤⇔√⁹↓╣⌐╟╡⁸ ─ ─

95% ─ ⅜ ±0.1%⌐⌂╢↓≤⅜ ↕╣╢⁹◦Ⱶꜙ꜠כ◦ꜛfi─◦♫ꜞ○↔≤

⌐ ⌂╢ ╩♪כ◦ ™√⁹ 

 

 ♩ⱳ▬fi─♪כ◖ 5.3.8

◦Ⱶꜙ꜠כ◦ꜛfi│basket_trial.R─ⱪ꜡◓ꜝⱶ╩ ™≡ ⇔≡⅔╡⁸ ─R─Ɽ

╩☺כ◔♇ ™√⁹trialrⱤ♇◔כ☺⌐ ╕╣╢stan_hierarchical_response_thall╩ ™

╢↓≤≢ ─ ≢─ⱬ▬☼ ⸗♦ꜟ─ ⅜ ≤⌂╢⁹ 

 

 

 
 

⌐ⱬ▬☼ ⸗♦ꜟ╩ ⇔√ ─ ╩ ∆⁹ 1│ Prior 1╩⁸

2│Prior 2╩ ™√ ─ ≢№╢⁹⅜╪ ─ ⌐ ∆╢ ─

library(mvtnorm) 

library(dplyr) 

library(rstan) 

library(trialr) 

library(DoseFinding) 

#Prior 1─  

fith <- stan_hierarchical_response_thall( 

  group_responses = c(10, 9, 12, 1, 0), #⅜╪ ≢─  

  group_sizes = c(30, 30, 30, 5, 5),    # ⅜╪ ≢─  

  mu_mean = -2.19,                   #‘─ ─  

  mu_sd = sqrt(1 / 4),             #‘─ ─    

tau_alpha = 2,                 #†─ ─Ɽꜝⱷכ♃ 

  tau_beta = 20) 
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⅜╟╡ ⅝ↄ⌂╢ 0ÒÉÏÒ ς╩ ™√ ─ ⅜⁸ ─⅜╪ ─ ⌐╟╡ ∫ ╠╣≡

™╢↓≤⁸ωυϷ ─ ⅜ ↄ⁸ ⅜╪ ≢─ ─ ╩ ⇔⁸╟╡

─ ™ ⅜ ℮↓≤⅜≢⅝≡™╢↓≤⅜╦⅛╢⁹ 

 

 

  1  

(95% ) 

2 

(95% ) 

⅜╪ 1 30 10 33.3% 33% (18%, 50%) 31% (17%, 47%) 

⅜╪ 2 30 9 30% 29% (15%, 47%) 28% (15%, 44%) 

⅜╪ 3 30 12 40% 39% (23%, 57%) 36% (22%, 53%) 

⅜╪ 4 5 1 20% 19% (1%, 56%) 19% (3%, 49%) 

⅜╪ 5 5 0 0% 6% (0%, 27%) 12% (1%, 34%) 

 

5.4 ◦Ⱶꜙ꜠כ◦ꜛfi  

5.4.1 ◦Ⱶꜙ꜠כ◦ꜛfi ─  

◦Ⱶꜙ꜠כ◦ꜛfi ╩  5.2⌐ ∆⁹ 

 

⅜╪ ─ ⅜ ∂ ◦♫ꜞ○1-1~1-3  

™∏╣─⅜╪ ≢╙ ⅜№╢ ≢│ ◦♫ꜞ○1-1⁸Prior─ ⌐╟╠∏⁸™∏╣

─ ≢╙ │╒╓ ∂≢№∫√⁹ 

─⅜╪ ≢ ⅜⌂™ ◦♫ꜞ○1-2 ≢│⁸╟╡ ∆╢ Prior 2≢

Proportion of Success⅜ ↄ⌂∫√⁹↓╣│⁸◦♫ꜞ○1-1≤ ⇔≡ ⅜ ™⅜╪

⅜ ↄ⌂╡⁸ⱬ▬☼ ⸗♦ꜟ╩ ™╢↓≤≢ ⅜№╢⅜╪ ≢╙ ⅜ ↄ

↕╣╢√╘∞≤ ⅎ╠╣√⁹ 

∆═≡─⅜╪ ≢ ⅜⌂™ ≢│(1-3)⁸Power⅜0.05╩ ⅎ≡⅔╡⁸erroneous 

conclusion rate⅜ ⌐ ≢⅝≡™⌂⅛∫√⁹↓╣│ ≢ ⅜⌂™⌐╙ ╦╠

∏⁸ ⅜ ↄ⌂∫√⅜╪ ─╖╩ ⇔≡ ⅜ ↕╣⁸ ⌐ ⅜╪ ≢

⇔√ ╩ ℮↓≤≢⁸ ⅜ ↕╣╢√╘∞≤ ⅎ╠╣╢⁹ ⁸

≢ⱬ▬☼ ⸗♦ꜟ╩ ™√ ╩ ∫√ Proportion of Success│0.05≤⌂∫

≡™√⁹ 

 

⅜╪ ─ ⅜ ⌂╢ ◦♫ꜞ○2-1~2-3  

™∏╣─⅜╪ ≢╙ ⅜№╢ ≢│ ◦♫ꜞ○2-1⁸Prior─ ⌐╟╠∏⁸™∏╣

─ ≢╙ │╒╓ ∂≢№∫√⁹⇔⅛⇔ Selection Power│◦♫ꜞ○1-1╟╡╙ ↄ⌂

∫√⁹↓╣│⅜╪ 2-5≢─ ⅜ ⌂™√╘⁸ ™∏╣⅛─⅜╪ ≢ ⅜

ↄ⌂╡⁸ ↕╣≡⇔╕∫√╙─⅜№∫√√╘≤ ⅎ╠╣╢⁹ 

─⅜╪ ≢ ⅜⌂™ ◦♫ꜞ○2-2 ≢│⁸ ⅜№╢⅜╪ │⁸ ╙

⅜ ™⅜╪ 1─╖─◦♫ꜞ○⌂─≢⁸ ⌐ ╘╠╣╢ │ ↄ⌂╡⁸◦♫ꜞ

○1≤ ⇔≡Selection Power⅜ ↄ⌂∫√⁹∕─ ≢⁸⅜╪ ─ ╩∆╢↓

≤≢⁸ ⅜⌂™⅜╪ ╙ ╘≡ ⅜№╢≤ ⇔≡⇔╕℮⁸FWER┘ mixing 

nonactive⅜ ↄ⌂∫√⁹ 
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∆═≡─⅜╪ ≢ ⅜⌂™ ◦♫ꜞ○2-3 ≢│⁸Prior 2╩ ™⁸╟╡⅜╪ ─

╩∆╢↓≤≢⁸ ⅜ ⅛∫√⅜╪ ⅜№∫√ ≢╙⁸ ─ ⅜

™⅜╪ ─ ⌐ ∫ ╠╣≡⇔╕℮√╘⁸Prior 1╩ ™√ ≤ ⇔≡Proportion of 

Success┘FWER⅜ ↄ⌂∫√⁹ 

 

─⅜╪ ─ ⅜ ⌐ ™ ◦♫ꜞ○3-1~3-3  

™∏╣─⅜╪ ≢╙ ⅜№╢ ≢│ ◦♫ꜞ○3-1⁸Prior─ ⌐╟╠∏⁸™∏╣

─ ≢╙ │╒╓ ∂≢№∫√⁹ 

⌂⅜╪ ≢ ⅜⌂™ ◦♫ꜞ○3-2 ≢│⁸Prior 2╩ ™⁸╟╡⅜╪ ─

╩∆╢↓≤≢⁸ ⅜⌂™⅜╪ ─ ⌐ ∫ ╠╣≡⇔╕℮√╘⁸Prior 1╩ ™

√ ≤ ⇔≡Selection power⅜ ↄ⌂∫√⁹ 

∆═≡─⅜╪ ≢ ⅜⌂™ ◦♫ꜞ○3-3 ≢─ │⁸◦♫ꜞ○1-3─

≤╒╓ ≢№∫√⁹ 

 

 5.2 ◦♫ꜞ○≢─◦Ⱶꜙ꜠כ◦ꜛfi  

 Selection 

Power 

Proportion of 

Success 

Family-wise 

Error Rate 

(FWER) 

Power Mixing 

Nonactive 

◦♫ꜞ○ 

/Prior 

1 2 1 2 1 2 1 2 1 2 

1-1 0.61 0.61 0.92 0.87 - - 0.99 0.98 - - 

1-2 0.40 0.40 0.82 0.74 0.06 0.04 0.96 0.90 0.32 0.31 

1-3 - - 0.05 0.03 0.05 0.03 0.16 0.12 0.16 0.12 

2-1 0.39 0.39 0.91 0.84 - - 0.98 0.98 - - 

2-2 0.88 0.84 0.77 0.70 0.13 0.06 0.88 0.84 0.46 0.46 

2-3 - - 0.04 0.02 0.04 0.02 0.13 0.13 0.13 0.13 

3-1 0.72 0.62 0.91 0.85 - - 0.99 0.97 - - 

3-2 0.56 0.49 0.87 0.81 0.11 0.06 0.98 0.96 0.62 0.40 

3-3 - - 0.05 0.01 0.05 0.01 0.14 0.10 0.14 0.10 

 

5.5 ┘  

5.5.1  

¶ ⱬ▬☼ ⸗♦ꜟ╩ ∆╢↓≤≢⁸ ⅜╪ ≢─ ─ ╩ ⇔⁸╟╡

─ ™ ⅜ ℮↓≤⅜≢⅝╢⁹ 

¶ ⱬ▬☼ ⸗♦ꜟ╩ ™⁸ ⇔⌂⅛∫√⅜╪ ─╖╩ ≢ ≢

─ ⌐ ╘╢√╘⁸ ─ ⅜ ∂⁸erroneous conclusion rate⅜ ⅎ

╢ ⅜№╢⁹ ⅜╪ ≢─ ─ ⌐≈™≡ⱬ▬☼ ⸗♦ꜟ╩ ⇔≡ ∆

╢↓≤≢⁸erroneous conclusion rate╩ ╠∆↓≤⅜ ≢№╢⁹ 

¶ ─ ≢╟╡ ╩ ∆╢╙─╩ ⇔√ ⁸ ─⅜╪ ≢ ⅜

™ ⌐│⁸∕─ ⌐ ∫ ╠╣≡⇔╕℮ ⅜№╢⁹ 

¶ ⅜╪ ⌂ ╩ ™Ᵽ☻◔♇♩ ╩ ℮ ⌐│⁸ ─⅜╪ ≢ ⅜ ╘

╠╣⌂⅛∫√ ⁸∕─ │ ⌐⌂╢ │№╢≤ ⅎ╠╣╢⁹ 
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5.6  

1. Pant, S., Schuler, M., Iyer, G., et al. RAGNAR Investigators (2023). Erdafitinib in patients 

with advanced solid tumours with FGFR alterations (RAGNAR): an international, single-arm, 

phase 2 study. The Lancet. Oncology, 24(8), 925ï935. 
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6. ⅜╪ I ─♦◙▬fi 

≢│⁸⅜╪ I ─♦◙▬fi⌐⅔↑╢ⱬ▬☼ ◦Ⱶꜙ꜠כ◦ꜛfi⌐≈™≡ ═

╢⁹7.1≢│⁸CTN⌐⅔↑╢ ╩ ⇔◦Ⱶꜙ꜠כ◦ꜛfi─ ⌐≈™≡

∆╢⁹7.2 ─ ≢│⁸ ₁⌂ ♦◙▬fi─ ≢ ⌐ⱬ▬☼ ─♦◙▬fi≢

№╢ BLRM⌐≈™≡ ╡ →╢⁹BLRM│ ⌐≈™≡⁸꜡☺☻♥▫♇◒

⸗♦ꜟ╩ ∆╢↓≤≢⁸ ⌂ ╩ ∆╢↓≤⅜≢⅝╢⁹7.2≢│⁸

BLRM─ ╩ ╘√ ⌐≈™≡ ⌐ ∆╢⁹↕╠⌐ (꜠ ☺ⱷfi⁸ ⁸

⁸ ⌂≥)╩ ∆╢√╘ BLRM╩ ⇔√⸗♦ꜟ≢№╢ BHLRM⁸

BHLRM+EXNEX⌐≈™≡╙ ╦∑≡ ∆╢⁹7.3≢│⁸ ⌂ I

╩ ⇔⁸BHLRM+EXNEX╩ ™√ ─ ⌐≈™≡◦Ⱶꜙ꜠כ◦ꜛfi╩ ⇔≡

╩ ℮⁹↕╠⌐⁸◦Ⱶꜙ꜠כ◦ꜛfiⱪ꜡◓ꜝⱶ─ ⌐≈™≡╙ ═╢⁹ 

 

6.1 ⅜╪ I ─◦Ⱶꜙ꜠כ◦ꜛfi─  

6.1.1 ♦◙▬fi─  

⅜╪ I ⌐⅔↑╢ (DLT─ ╩ ⌐ (MTD)│ II

RP2D╩ ∆╢√╘─ ⌂3+3♦◙▬fi⌂≥─Rule-based♦◙▬fi╩

╘⁸ ≢│ (CRM)╛ⱬ▬☼ ꜡☺☻♥▫♇◒ ⸗♦ꜟ( BLRM)⌂

≥─Model-based♦◙▬fi╛⁸BOIN╛mTPI♦◙▬fi⌂≥─Model-assisted♦◙▬fi⅜

ↄ ↕╣≡™╢⁹∕╣∙╣─ ⌐⅔™≡ ≤ ⅜ ⇔⁸ ─ ╛

─ ─ ⌐╟∫≡ ™ ↑╢↓≤⅜ ╘╠╣╢⁹╕√⁸ ⇔™⅜╪ ⌐

⇔√ ⌂♦◙▬fi─ ╛⁸ ≤ ─Ᵽꜝfi☻╩ ⇔√ ─

╙ ↕╣≡™╢⁹ ♦◙▬fi─ ⌐≈™≡│⁸  

☻fi◄▬◘♃כ♦  2022♃☻◒ⱨ◊₈ 3☻כ ─⅜╪ I ♦◙

▬fi≤∕─ 1₉╩ ↕╣√™⁹ 

♦◙▬fi⌐╟∫≡│⁸ ≢ ─DLT ≢ ↕╣╢─⅛⁸MTD─ ╕≢

⌐ ⌂ ⁸№╢ ─ DLT ─◦♫ꜞ○ ≢─ ─ MTD╩ ∆╢

╩ ⌐ ∆╢√╘⌐◦Ⱶꜙ꜠כ◦ꜛfi⅜ ≤⌂╢⁹

(PMDA)⅜ ⇔≡™╢₈30 ♅▼♇◒ꜞ☻♩ 2₉⌐⅔

™≡╙⁸Δ ⌂ ⌐ ≠ↄ ♦◙▬fi╩ ™╢ ⌐│⁸ ♦◙▬fi─

⅜◦Ⱶꜙ꜠כ◦ꜛfi ⌐╟╡ ↕╣⁸ ⌐ ≠⅝⁸ ─ ╩

≢⅝╢↓≤⅜ ∆╢↓≤Δ≤№╢⁹ 

 

6.1.2 ⅜╪ I ─◦Ⱶꜙ꜠כ◦ꜛfi⌐⅔↑╢  

⌐ ═√ ╡⁸ ⅜╪ ⌐ ∆╢30 ⌐≈™≡│⁸PMDA╟╡₈30

♅▼♇◒ꜞ☻♩ 2₉⅜ ↕╣≡™╢(20241210 )⁹ ♅

▼♇◒ꜞ☻♩│⁸PMDA⌐╟╢ ┘ ⌐╟╢ ⌐ ∆╢

─ ╩ ∆╢ ≢ ↕╣≡⅔╡⁸ ♅▼♇◒ꜞ☻♩⌐ ─ ╩ ⌐
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⌐ ∆╢⅛⁸ ≤⇔≡ ∆╢↓≤⅜ ↕╣╢⁹ 

♅▼♇◒ꜞ☻♩ ─ ⌂ ⌐≈™≡⁸Δ7. ─ ⌐≈™≡Δ─

⌐│ ─ ⅜№╡⁸ ─ ╡⁸⅜╪ I ⌐⅔™≡ ⌂ ⌐ ≠ↄ

♦◙▬fi╩ ∆╢ ⌐⁸◦Ⱶꜙ꜠כ◦ꜛfi─ ╩ ∆╢↓≤⅜ ╘╠╣≡

™╢⁹ 

 

⌂ ⌐ ≠ↄ ♦◙▬fi╩ ™╢ ⌐│⁸ ♦◙▬fi─

⅜◦Ⱶꜙ꜠כ◦ꜛfi ⌐╟╡ ↕╣⁸ ⌐ ≠⅝⁸ ─ ╩

≢⅝╢↓≤⅜ ↕╣≡™╢⁹⌂⅔⁸ ⌐ ─ ⅜ ╕╣╢↓≤╩ ∆╢↓≤⁹ 

⁸ꜟכꜟ─ ‚ ⁸₈MTD₉ ─ ⁸  

┘ ꜠ⱬꜟ⌐⅔↑╢ ⁹ 

‚ ╙ ™ ꜠ⱬꜟ≢ ─ DLT ⅜ ─ ╩╦∏⅛⌐ ╢  

⌐⁸ ꜠ⱬꜟ⌐⅔↑╢ MTD ⁸ ┘  DLT  

┘⌐ ⌐≈™≡⁸◦Ⱶꜙ꜠כ◦ꜛfi⌐ ≠⅝ ⇔√ ⁹Δ 

 

╕√⁸202412⌐PMDA╟╡⁸₈ ─ з ─

Ӈ ─ ⅛╠ Early Consideration3₉⅜ ↕╣√⁹∕─ ≢ ─ ⌐

⇔≡⁸ ⁸ ⅜ ╘╠╣╢ ⅜ ↕╣≡™╢⁹↕╠⌐20253 ⌐ Early 

Consideration─ ─ ─ ╛ ─ ╩ ≤⇔√ ⅜ ↕╣√⁹

─ ⌐≈™≡╙ ↕╣≡™╢√╘ ⌐↕╣√™4⁹ 

╛ ⌐ ╕╣≡™⌂™ │⁸ ≢ ╛ ─ ⅜

╘╠╣╢ ⅜№╢⁹⇔√⅜∫≡⁸ ⌐⅔↑╢ⱪ꜡♩◖ꜟ╩ ∆╢ ⁸

⌐ ⌐≈™≡ ⌐ ⇔≡⅔ↄ↓≤⅜ ≢№╢⁹ 

─ з ─◦Ⱶꜙ꜠כ◦ꜛfi⌐ ∆╢ ⌐≈™≡⁸

⇔√ 2, 3, 4⌐№╢ ≤ ╦∑⁸♃☻◒ⱨ◊כ☻ ⱷfiⱣכ─ ≢ ⌐ ⇔√

╩ ≤⇔⁸ ⇔√⁹ 

≤⇔≡ ⅎ╠╣╢ᵑ ⌐ ∆╢⁹o ┼─ ╩ ⌐

∆╢⁹─ ≢╕≤╘√⁹ᵑ⁸ᵒ⌐≈™≡│ ⌐ ⇔≡⅔ↄ↓≤≢⁸

─ ╩ ∆╢↓≤⅜≢⅝╢⁹╕√⁸◦Ⱶꜙ꜠כ◦ꜛfi≢─ ⅜ ≢⌂™

│⁸ ⌐ ┼─ ╩ ⇔≡⅔ↄ↓≤⅜ ↕╣╢⁹30 │⁸

─ ─ ╩ ∆╢√╘⌐ ⌂ ≤↕╣╢√╘⁸ ─ ─

─ ≢ ⌂ ┼─ ─ ⅜ ≢№╢⁹⌂⅔⁸↓─ │№ↄ╕≢ ≢

№╡⁸ ⌐⅔↑╢ ⌐ ∂≡ ╛ ⌐≈™≡ ↕╣√™⁹ 

 

ᵑ ⌐ ∆╢⁹( ─ ⌐ ∆╢↓≤╙ ) 

 ꜟכꜟ─ ה

─ ה  

─MTD ה  

─ ה ─ ─MTD DLTה ⁸ ─
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⁸  

≢○ꜞ♫◦ ה ⇔√ ─ DLT ⌐≈™≡─ ╩ ⇔√

◦♫ꜞ○╩ ╗  

≢○ꜞ♫◦ ה ╟╡╙ ⅜ ↕╣╢ ⅜ ™ ─  

 

ᵒ ┼─ ╩ ⌐ ∆╢⁹ ⅜ ⌂ │ⱪ꜡◓ꜝⱵfi◓⁸∕℮

≢⌂™ │ ⌂ ╩ ℮⁹  

⅜ꜟכꜟDose skipping ה ↕╣╢  

⌐ ה ↕╣≡™╢◖ⱱכ♩◘▬☼⅜ OC─◦Ⱶꜙ꜠כ◦ꜛfi─ ≤ ⌂╢

(◖ⱱה☼▬◘♩כ ─ ⅜ ↕╣≡™╢ ╩ ╗) 

│≥♩כⱱ◖ ה ─ ◖ⱱכ♩(backfill◖ⱱכ♩⌂≥)─ DLT ╩

ⱬ▬☼ ⌐ ∆╢  

) ה ⁸ ⁸ )╩ ∆╢  

)♩כⱤ ה , QD)─ ⌐ ∂√⁸ Ɽכ♩( , BID)╩ ∆╢  

─ꜟכꜙ☺◔☻ה ה ⅜ ∂╢ ─  

 

⌐╙ ╦╣╢ ⅜№╢ ≤⇔≡⁸ ─╟℮⌂╙─⅜№╢⁹ 

╛ꜟכꜙ☺◔☻ ה √⌂꜠☺ⱷfi⌐ ∆╢ (Q1W/Q2W, QD/BID, priming

)≢─OC─  

─ ה ─ ∞↑⅜ ≢33%╩ ⅎ╢ ─OC─  

╪⅜╢⌂ ה ⅜1≈─◖ⱱכ♩⌐ ╕╣╢ ⁸⅜╪ ↔≤─ ─ ╩ ⇔

√OC─  

⌐♩כⱱ◖ ה ─DLT ⅜ ⌂╢ ─№╢ ⅜ ╕╣╢ ( ─

)⁸ ⅜∆═≡─ ≢33%╩ ⅎ╢  

 

↓↓╕≢⁸⅜╪ I ─♦◙▬fi⌐⅔↑╢◦Ⱶꜙ꜠כ◦ꜛfi─ ⌐≈™≡ ═

√⁹⅜╪ I ⌐⅔™≡⁸ ⌂╢꜠☺ⱷfi╛ ─⅜╪ ⁸ ─ ⌂≥ ╩

∆═⅝ ⅜ ⅎ╠╣╢⁹∕℮™∫√ ⌐⅔™≡ ™╢↓≤⅜≢⅝╢⁸ ⌐≈™

≡ ─ ⌐≡ ∆╢⁹ 

 

6.1.3  

☻fi◄▬◘♃כ♦   .1 . 2022. ─⅜╪

I ♦◙▬fi≤∕─ . 

https://www.jpma.or.jp/information/evaluation/results/allotment/DS_202306_oncoP1DE.ht

ml 

2. . (2024). 30 ♅▼♇◒ꜞ☻♩

. https://www.pmda.go.jp/files/000252155.pdf 

3. . (2024). ─ з ─

ī ─ ⅛╠ Early Consideration. 

https://www.jpma.or.jp/information/evaluation/results/allotment/DS_202306_oncoP1DE.html
https://www.jpma.or.jp/information/evaluation/results/allotment/DS_202306_oncoP1DE.html
https://www.pmda.go.jp/files/000252155.pdf
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https://www.pmda.go.jp/files/000272424.pdf 

4. Early Consideration₈ ─ з ─

─ ⅛╠₉ ─⅔ ╠∑ 

https://www.pmda.go.jp/review-services/symposia/0177.html 

 

6.2 ≢ ™╢ ⸗♦ꜟ 

☻fi◄▬◘♃כ♦ 2022♃☻◒ⱨ◊3☻כ─ 1≢│⁸BLRM─ ≤

⌐⅔↑╢ BLRM─ ⌐≈™≡─ ╩ ∫√⁹ ≢│⁸ ♃כ♦ ┘

─ ╢↑⅔⌐♃כ♦ ╩ ⇔√BLRM─ ≢№╢Bayesian Hierarchical Logistic 

Regression Model (BHLRM)⁸ ┘BHLRM⌐ (exchangeability)┘ (Non-

exchangeability)⌂ ╩ ⇔√ ╩ ™╢BHLRM+EXNEX╩ ∆╢2,3 ⁹⌂⅔⁸

─ ╩ ⌐∆╢√╘⌐ BLRM⁸BHLRM⁸BHLRM+EXNEX─ ⌐ ⇔⁸ⱬ▬☼

─ ≢ ≤⌂╢ ┘ ⌐ ∆╢Ɽꜝⱷכ♃─ ⌂≥

╩ ∆╢⁹╕√⁸Neuenschwander, et.al. (2016)3≢│ ⅜ ∞≤ ⅎ╠╣╢◓ꜟ

╩ⱪכ (stratum)≤ ╪≢™√⅜⁸R─Oncobayes2Ɽ♇◔2☺כ─vignette≢│ ⸗♦ꜟ

─ ╖⌐ ╦∑≡ ≤ ≥ⱪ(group)כꜟ◓⌐∏┌ ┬╟℮⌐⇔≡™╢√╘⁸↓↓≢│◓

≥ⱪכꜟ ┬↓≤≤∆╢⁹∕℮∆╢↓≤≢Oncobayes2≢ ∆╢ ⌐ ™╢group_id

≤™℮ ╩ ∆╢ ≤╙ ∆╢⁹ 

 

6.2.1 BLRM 

ὰ (ὰ ρȟȣȟὒ)⌐ ⇔≡⁸∕─ ─DLT ╩ὲὰ⁸DLT ╩ὣὰ

≤⅔ↄ⁹ὣὰ ╩ ─ ╩ √∆ ≤∆╢⁹ 

ὣὰȿ“ὨὰḐὄὭὲὲὰȟ“Ὠὰ  

ὰέὫὭὸ“Ὠ ὰέὫ‌ ‍ὰέὫ
Ὠ

Ὠz
 

↓↓≢⁸Ὠz╩○♇☼ ─ ( )≤⇔⁸ ─ ╘ ⌐≈™≡│6.2.4╩

⌐∆╢⁹Ɽꜝⱷכ♃ ὰέὫ‌ȟ ὰέὫ‍
ὸ
  ─ ⅜⁸ ─ ⌐ ℮≤ ∆

╢⁹  

ὰέὫ‌ȟ ὰέὫ‍
ὸ
Ḑὔ Ⱨȟ

†‌
ς ”†‌†‍

”†‌†‍ †‍ 
ς  

↓↓≢ ™╠╣╢ ─Ɽꜝⱷכ♃(Ⱨȟ†ȟ†ȟ”)│⁸ꜚכ◙כ⅜ ∆╢⁹⌂⅔⁸

≤⌂╢╟℮⌐⁸ Ɽꜝⱷכ♃(†‌ȟ†‍)│ς
ς⌂≥ ⅝⌂ ╩ ∆╢⁹

⌐ ≤⌂╢ ╢№⅜♃כ♦─ ⌐│⁸ ─ ─ ╩ ─♦

☼▬ⱬ≢♃כ ⇔≡⁸ ─ ≤⇔≡ ∆╢↓≤╙ ╢⁹ (‌ȟ ‍)│

≢№╡⁸(Ⱨȟ†ȟ†ȟ”)│ꜚכ◙כ⅜ │ ☼▬ⱬ≢♃כ♦─ ∆╢ ─ ╩

∆╢√╘⌐ ∆╢Ɽꜝⱷכ♃≢№╢( ≢⌂™) ⌐ ∆╢⁹ 

BLRM⸗♦ꜟ─Ɽꜝⱷ⁸♃כ ─ ╩ ─ Error! Reference source not f

https://www.pmda.go.jp/files/000272424.pdf
https://www.pmda.go.jp/review-services/symposia/0177.html
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ound.⌐ ∆⁹⌂⅔⁸ ≢№╢ⱡכ♪╩ ≢ ⇔⁸∕╣ ─ ↕╣√ ╩

≢ ─Ὠz╢╟⌐כ◙כꜚ⁸⅔⌂⁹╢™≡⇔ │⁸ ─⸗♦ꜟⱤꜝⱷכ♃─

┘ First-in-human (FIH)≢│ ─ ⌐ ╩ ⅎ╢↓≤╩ ∆

─כ◙כꜚ⁸⌐╘√╢ ╩ ∆ ─ⱡ⁹√⇔≥♪כ 

 

 

 

 6-1 BLRM─Ɽꜝⱷ⁸♃כ ─  

 

‌ȟ ‍─ ≢№╢“Ὠ╙╕√ ≢№╡⁸№╢ ╩ ≈⁹ ┘

╩ ™╢↓≤≢⁸ ὰ (ὰ ρȟȣȟὒ)⌐ ⇔≡“Ὠ⅜ ─ ⌐№╢ ╩

∆╢↓≤⅜ ≢№╡⁸ ⌐under-dose─ ⁸target dose─ ⁸over-dose─ ≤

↕╣╢⁹ 

0Ò“ὮὨὰ ὒ 

0Òὒ “ὮὨὰ Ὗ  

0Ò Ὗ “ Ὠ  

↓↓≢⁸ ὒȟὟ│♃כ◕♇♩ ─ ╩ ⇔⁸ πȢρφȟπȢσσ⌂≥⅜ ↕╣╢⁹ 

 

6.2.2 BHLRM 

│ ⅜ ⌂╢ ה ꜠☺ⱷfi─ ╩ ╗ ─♃כ♦⁸≤⌂ ╩

∆╢ ⅜№╢ ╙ ⅎ╠╣╢⁹ │ⱷfi☺꜠ה ⌂∫≡™≡╙⁸DLT─

│№╢ ⇔≡™╢≤ ⅎ╠╣╢ ≢⁸⅛≈ ─ ⅜ ╕╣╢ ⌂≥

⌐BHLRM⅜ ≤⌂╡ⅎ╢⁹↓↓≢│⁸ │ ─ ≢⁸™ↄ≈⅛─◓ꜟכⱪ

⅜№╢≤ ⇔≡⸗♦ꜟ╩ ∆╢⁹⌂⅔⁸ ≢╙ ═√ ╡⁸ ⅜ ∞≤

ⅎ╢ ─ ─╕≤╕╡╩ Neuenschwander, et.al.(2016)3≢ ↕╣╢òstrataò( )≢│⌂ↄ⁸
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≥ⱪכꜟ◓ ╪≢™╢ ⌐ ∆╢⁹ 

ⱪὮ(Ὦכꜟ◓ ρȟȣȟὐ)─ ὰ (ὰ ρȟȣȟὒ)⌐ ⇔≡⁸∕─ ─ DLT

╩ὲὮὰ⁸DLT ╩ὣὮὰ≤⅔ↄ⁹ὣὮὰ ╩ ─ ╩ √∆ ≤∆╢⁹ 

ὣὮὰȿ“ὮὨὰḐὄὭὲὲὮὰȟ“ὮὨὰ  

ὰέὫὭὸ“ Ὠ ὰέὫ‌ ‍ὰέὫ
Ὠ

Ὠz
 

↓↓≢⁸ Ὠz╩ ≤∆╢⁹Ɽꜝⱷכ♃ ὰέὫ‌Ὦȟ ὰέὫ‍Ὦ

ὸ

 ─ ⅜⁸ ─

⌐ ℮≤ ∆╢⁹ 

ὰέὫ‌Ὦȟ ὰέὫ‍Ὦ

ὸ

ȿⱧȟ †‌ȟ†‍ȟ”Ḑὔ Ⱨȟ
†‌
ς ”†‌†‍

”†‌†‍ †‍ 
ς  

↓─℮∟⁸Ɽꜝⱷכ♃(Ⱨȟ†ȟ†ȟ”)│ BLRM≤ ⌂╡ ≤⌂∫≡™╢ ⌐ ∆

╢⁹↕╠⌐⁸(Ⱨȟ†ȟ†ȟ”)│ ─ ⌐ ℮╙─≤∆╢⁹ 

ⱧḐὔ□Ⱨȟ ╢Ⱨ  

ὰέὫ† Ḑὔά ȟ„  

ὰέὫ† Ḑὔά ȟ„  

”Ḑὒὑὐ– 

↓↓≢ ™╠╣╢Ɽꜝⱷכ♃(□Ⱨȟ ╢Ⱨȟά†‌ȟ„†‌
ςȟά†‍ȟ„†‍

ςȟ–)│⁸ꜚ ⅜כ◙כ ∆╢Ɽꜝⱷ

⁸╡№≢♃כ ≢│⌂™ ⌐ ∆╢⁹Lewandowski-Kurowicka-Joe (LKJ)│

─ ⌐ ╦╣╢ ≢№╡⁸ ⌐–=1 ─≤⅝│ ≤⌂╢4⁹BLRM≤

⌂╡⁸(‌Ὦȟ ‍Ὦ)⅜◓ꜟכⱪὮ ⌐ ↕╣≡⅔╡⁸ὰέὫ‌Ὦȟ ὰέὫ‍Ὦ │№╢ ⅛╠

─Ὦ ─( ⅝─)◘fiⱪꜞfi◓≤⇔≡™╢⁹∕─ ╩ ≠↑╢Ɽꜝⱷכ♃

(Ⱨȟ†ȟ†ȟ”)⌐╙ ╩ ⅎ╢↓≤≢⁸ │ ⌐♃כ♦ ⇔√ ╩ ↕∑

╢⸗♦ꜟ≢№╢↓≤⌐ ∆╢⁹⌂⅔⁸ὰέὫ‌Ὦȟ ὰέὫ‍Ὦ │ ∂( ⅝) ╩

│♃כⱪ↔≤─Ɽꜝⱷכꜟ◓⁸⅜╢™≡⇔ ≢№╢↓≤╩ ⇔≡™╢⁹ 

⅜ⱪכꜟ◓ ⌂╢꜠☺ⱷfi╛ ╩ ⇔⁸Ὠὰ≤DLT─ ⱪכꜟ◓⅜ ⌐ ⌂╢ ⅜

ⅎ╠╣╢⁹ ⅎ┌⁸ ⌂╢ ─ (Ὠὰ≤Ὠὰ
ᴂ≤ ∆)─ ⌐Ὠὰ ὪὨὰ

ᴂ─╟℮⌂

⅜ ≢⅝╢ │⁸ ╩ ∫√ ⌐⸗♦ꜟ ╩ ℮↓≤⅜ ↕╣╢⁹ ⅎ┌⁸BID

≤QD─╟℮⌐꜠☺ⱷfi⅜ ⌂╢⅜⁸1 √╡─ ╩ὨὮὰ≤ ↄ ╛⁸ ⌂╢

─ ⅜ ─ ⌐№╢≤ ⅎ╠╣╢ ⌐ ╩ ℮⁹⌂⅔⁸ ∆╢ │ Ɽ

ꜝⱷכ♃╩ ⌐ ⅝ↄ⇔⌂™↓≤╩ ≤⇔≡™╢√╘⁸ ⅜ ≢⌂™ │⁸

Ɽꜝⱷכ♃─ ─ ⅝↕⌐ ↕╣╢↓≤≤⌂╢⁹ 

─ ╩  6-2⌐ ∆⁹ 

 

 

 6-2 BHLRM─Ɽꜝⱷ⁸♃כ ─  
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6.2.3 BHLRM + EXNEX 

BHLRM≢│⁸∆═≡─◓ꜟכⱪ ≢ ╩ ⅎ╢╟℮⌐ ╩ ⇔≡⸗

♦ꜞfi◓⇔√⅜⁸ ─ ╩ ⌐◖fi♩꜡כꜟ⇔√™ ⅜ ⅎ╠╣╢⁹ ⅎ

─ⱪכꜟ◓⁸┌ ≢DLT─ ⅜ ⌂╢ ⅜ ≢⅝⌂™ ⌂≥⅜ ⅎ╠╣╢⁹

∕─╟℮⌂ ⌐⁸ ⌂ ≤ ⌂ ─ ╩ ∆╢↓≤╙ ⅎ

╠╣╢⁹BHLRM╩ ⇔≡⁸Ɽꜝⱷכ♃─ ⌐ ™√⸗♦ꜟ╩

BHLRM+EXNEX≤↓↓≢│ ┬↓≤≤∆╢⁹ ≢─ ≤⇔≡Schºffski (2022)5

ⱪὮ(Ὦכꜟ◓⁹╢╣╠→№⅜≤⌂ ρȟȣȟὐ)─ ὰ (ὰ ρȟȣȟὒ)⌐ ⇔≡⁸∕─ ─ DLT

╩ὲὮὰ⁸DLT ╩ὣὮὰ≤⅔ↄ⁹ὣὮὰ ╩ ─ ╩ √∆

≤∆╢⁹ 

ὣὮὰȿ“ὮὨὰḐὄὭὲὲὮὰȟ“ὮὨὰ  

ὰέὫὭὸ“ Ὠ ὰέὫ‌ ‍ὰέὫ
Ὠ

Ὠz
 

↓↓≢⁸ Ὠz╩ ≤∆╢⁹Ɽꜝⱷכ♃ ὰέὫ‌Ὦȟ ὰέὫ‍Ὦ

ὸ

 ─ ⅜ ─

⌐ ℮≤ ∆╢⁹ 

ὰέὫ‌Ὦȟ ὰέὫ‍Ὦ

ὸ

ȿⱧȟ †‌ȟ†‍ȟ”ḐὴὮὔ Ⱨȟ
†‌
ς ”†‌†‍

”†‌†‍ †
‍⁸ 
ς ρ ὴ

Ὦ
ὔ□ὮȟἡὮ 

↓─℮∟⁸Ɽꜝⱷכ♃(Ⱨȟ†ȟ†ȟ”)│ ≤⇔⁸ ─ ⌐ ℮╙─≤∆╢⁹╕√⁸

ⱪכꜟ◓ ⌐ ⌂╢ ╩ ≈Ɽꜝⱷכ♃(□ὮȟἡὮ )┘ ╩ ∆ὴ
Ὦ
⅜כ◙כꜚ│

∆╢⁹ 

ⱧḐὔ□Ⱨȟ ╢Ⱨ  

ὰέὫ† Ḑὔά ȟ„  

ὰέὫ† Ḑὔά ȟ„  

”Ḑὒὑὐ– 

↓↓≢ ™╠╣╢Ɽꜝⱷכ♃(□Ⱨȟ ╢Ⱨȟά†‌ȟ„†‌
ςȟά†‍ȟ„†‍

ςȟ–)│⁸ꜚ ⅜כ◙כ ∆╢⁹ὴ
ρ

Ễ ὴ
ὐ
ρ≤∆╢≤BHLRM⸗♦ꜟ≤⌂╡⁸ὴ

ρ
Ễ ὴ

ὐ
π≤∆╢≤ὐ ─ ─BLRM

≤⌂╢⁹ ↓↓≢ὴ
Ὦ
ὴȟ□Ὦ □, ἡὮ ἡ≤⅔™√≤⅝ ὰέὫ‌Ὦȟ ὰέὫ‍Ὦ ─ │ 

ὰέὫ‌Ὦȟ ὰέὫ‍Ὦ

ὸ

ȿⱧȟ †‌ȟ†‍ȟ”ḐὴὔⱧȟ
†‌
ς ”†‌†‍

”†‌†‍ †
‍⁸ 
ς ρ ὴὔ□ȟἡ 

∏╠╟⌐ⱪὮכꜟ◓⁸╡⌂≥ ⅜ ≢⁸ ┘ ⅎ≡╙ ╩ ⅎ⌂™√╘

ὰέὫ‌Ὦȟ ὰέὫ‍Ὦ │ ≤⌂╢⁹ ─ ≡∫╟⌐ⱪὮכꜟ◓│⌐ ⅜ ╦╢√

╘ ≤⌂╢⁹ ⌐│ (exchangeable, EX)⅛≈ (non-

exchangeable, NEX)≢№╢╟℮⌂ │ ⇔⌂™⅜⁸ ∆╢↓≤/⇔⌂™↓≤╩

/ ≤ ╖ ⅎ≡ENXEX≤ ┌╣≡™╢( EXNEX≤ ┬)⁹╕√⁸ὴ
Ὦ
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⌐ ⇔≡ ╩⅔ↄ↓≤╙ ⅎ╠╣╢⅜⁸ ╩ ⅎ╢ ≤ ⅝ↄ ╦╠⌂™≤

ⅎ╠╣≡⅔╡3⁸OncoBayes2≢╙ ≢ ↕╣≡™╢⁹ 

BHLRM+EXNEX⸗♦ꜟ─Ɽꜝⱷ⁸♃כ ─ ╩  6-3⌐ ∆⁹⌂⅔⁸

BHLRM╩ ⇔√ ╩ ∆╢ ─Ɽꜝⱷכ♃╩ ≢ ⇔≡™

╢⁹ 

 

 

 6-3 BHLRM+EXNEX─Ɽꜝⱷ⁸♃כ ─  

 

6.2.4 ─Tips 

ה ⌐ ╠∏⁸ ╩♃כ♦ ╣╢ ⌐ ─ ⅜ ≤⌂╢⁹↓

↓≢│ ╩ ∆╢⅜⁸↓─ ╡≢⌂ↄ⁸⸗♦ꜟ⅜ ™╠╣╢ ─ ─ ≢

↕╣╢ Operational Characteristics⅜ ╠╣╢ ≢№╣┌ ↕╣╢√

╘⁸ ─ ─ ≤™℮ ≠↑≤⌂╢⁹ ⌐⁸ │ ≢─

╩ ∆√╘⌐ ╦╣╢⅜⁸ ⌐ FIH ⌐⅔™≡│ ⅜ ⌂™ ≢─ ╙

╘≡ ⅎ╢ ⅜№╢⁹ ┘ (Ὠz)─ ─♃כ♦│ ⌂™ ≢─

⌐ ╩ ⅎ╢√╘⁸∕─ ⅜ ↕╣╢╙─≢№╢ ≢№╢↓≤╩ ∆╢

↓≤╙ ↕╣╢⁹BLRM─ ─Ɽꜝⱷכ♃ ⌐≈™≡ ╣╢⅜⁸BHLRM╛

BHLRM+EXNEX⌐≈™≡╙ ⌐ ⅜ ≢№╢⁹↓↓≢│ ≤⇔≡

Neuenschwander, et.al.(2016)3⌐⅔↑╢ ─ ╩ ™╢⁹ 

─ ≢│⁸ ⌐⅔™≡│ ≤ │ ∂≢№╡⁸⅛≈log╛exp⌂≥─

≢ ⇔≡╙ ╛Ɽכ☿fi♩ │ ╦╠⌂™↓≤⌐ ∆╢⁹ 

⌐ ∆╢Ɽꜝⱷכ♃─ ─ Ⱨρ⌐≈™≡ 

Ⱨρ  ὉὰέὫ‌ ὓὩὨὰέὫ‌ ὓὩὨὰέὫὭὸ“ Ὠz  

≤ ∆↓≤⅜≢⅝╢⁹ ∫≡⁸Ⱨρ│ ≤⌂╢ (Ὠz)⌐⅔↑╢ ↕╣╢DLT

─ logit─ ⅜ ≤ ⅎ╢↓≤⅜≢⅝╢⁹ ⌐ ─ DLT (─ )

⅜0.2∞≤ ╠⅛≤⌂♃כ♦ ↕╣╢≤⅝⁸Ⱨρ ὰέὫὭὸπȢς ρȢσωȣ≤⌂╢⁹ 

⌐ ∆╢Ɽꜝⱷכ♃─ ─ †‌
ς⌐≈™≡│“ὮὨz ─95% ╩ ↄ≤╢

↓≤╩ ⅎ╢⁹ὰέὫὭὸ“ Ὠz ─(2.5, 97.5)Ɽכ☿fi♩ │ 

Ⱨρ ρȢωφʐ⁸Ⱨρ ρȢωφʐ   

≤⌂╡⁸ ╩logit─ ⌐ ∆╢↓≤≢“ὮὨz ─95% ⅜ ≢⅝⁸ ⌐∕

─ ⅜ ⅝ↄ⌂╢╟℮⌂ʐ‌╩ ≤ ⅎ╢↓≤⅜≢⅝╢⁹ʐ‌ ς─≤⅝⁸“ὮὨz ─95%

│ πȢππυȣȟπȢωςφȣ ≤⌂╢√╘⁸ ⌐ ↄ ╩≤╠ⅎ≡™╢≤ ⅎ╠╣

╢⁹ 

⅝⌐≈™≡│⁸ ⅜2 ⌐⌂∫√ ─ DLT─○♇☼ ╩ ⅎ╢⁹Ὠὰ Ὠ≤Ὠὰ

ςὨ─≤⅝─DLT─logit(∆⌂╦∟log○♇☼)│ 

ὰέὫὭὸ“ ςὨ ὰέὫ‌ ‍ὰέὫ
ςὨ

Ὠz
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ὰέὫὭὸ“ Ὠ ὰέὫ‌ ‍ὰέὫ
Ὠ

Ὠz
 

≢№╡⁸ ╩≤╢↓≤⌐╟╡○♇☼ ╩ ╘╢↓≤⅜≢⅝╢⁹ 

ὰέὫ
ὕὨὨίςὨ

ὕὨὨίὨ
‍ὰέὫς ὰέὫς  

ὕὨὨίὮςὨ

ὕὨὨίὮὨ
ς
‍Ὦ 

↓─ ╩ ⅎ╢≤ 

ὓὩὨ
ὕὨὨίςὨ

ὕὨὨίὨ
ὓὩὨς ς  

≤⌂╢⁹ ≢⁸ 

ὓὩὨ‍ ὓὩὨὩὼὴÌÏÇ ‍  ὩὼὴὓὩὨÌÏÇ ‍ ὩὼὴὉÌÏÇ ‍ Ὡὼὴ‘ς  

≢№╢√╘⁸ ─ ⅜ ╠╣╢⁹ 

ὓὩὨ
ὕὨὨίςὨ

ὕὨὨίὨ
ς Ⱨ  

∫≡⁸ ⅝─Ɽꜝⱷ⁸│≡™≈⌐♃כ ⅜2 ≤⌂∫√ ⌐ ↕╣╢○♇☼

─ ╩ ⌐ ╢⁹ ⌐Ⱨς ÌÏÇ ρ≤⇔√≤⅝⁸ ⅜2 ≤⌂∫√ ─○♇

☼ ─ │2≤⌂╡⁸“ὮὨz πȢς(ὕὨὨίὮὨz πȢςυ)≢№╢⌂╠┌⁸ ─2 ─

─DLT │ “ὮςὨz πȢσσσȣ(ὕὨὨίὮςὨz πȢυ)≢№╢↓≤⅜ ⅛╢⁹ 

⅝─ ─ Ɽꜝⱷכ♃†‍─ ≤⇔≡○♇☼ ─95% ╩ ⅎ╢⁹○♇☼

─97.5Ɽכ☿fi♩ │ 

ωχȢυϷὸὭὰὩ
ὕὨὨίςὨ

ὕὨὨίὨ
ς Ⱨ Ȣ ς Ⱨ Ȣ

ὓὩὨ
ὕὨὨίςὨ

ὕὨὨίὨ

Ȣ

 

≤⌂╡⁸2.5Ɽכ☿fi♩ ⌐≈™≡╙ ⌐ ╘╢↓≤≢ ─95% ╩ ╢⁹ 

ςȢυ⁸ωχȢυϷὸὭὰὩί
ὕὨὨίὮςὨ

ὕὨὨίὮὨ

ὓὩὨ
ὕὨὨίὮςὨ

ὕὨὨίὮὨ

ὩὼὴρȢωφ†‍

⁸ ὓὩὨ
ὕὨὨίὮςὨ

ὕὨὨίὮὨ

ὩὼὴρȢωφ†‍

 

↓─ ⅜ ⌐ ⅝ↄ≤╣╢╟℮⌂†‍╩ ⌐ ™╢↓≤╙ ⅎ╠╣╢⁹ ⌐

Ⱨς ÌÏÇ ρ≤∆╢≤⁸ 

ςȢυ⁸ωχȢυϷὸὭὰὩί
ὕὨὨίὮςὨ

ὕὨὨίὮὨ
ςὩὼὴρȢωφ†‍⁸ςὩὼὴρȢωφ†‍  

≤⌂╡⁸†‍ ρ≤∆╢≤ 2 ─≤⅝─ DLT ─○♇☼ ─95% │

ςὩὼὴρȢωφȟςὩὼὴρȢωφ ρȢρπσȣȟρσχȢρςσȣ ≢№╡⁸ ⌐ ⅝⌂ ╩ ∫≡™╢≤ ⅎ

╠╣╢⁹ 

⁸ ⌐≈™≡│ ≢№╢↓≤│ ⌂™≤ ⅎ╠╣╢─≢⁸0╩ ∆╢⁹ 
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⁸BLRM─ ─Ɽꜝⱷכ♃(Ⱨȟ†ȟ†ȟ”)─ ╩ ⇔√⅜⁸ ⌐BHLRM

┘BHLRM+EXNEX─ ─Ɽꜝⱷכ♃ (□Ⱨȟ ╢Ⱨ)─ ╩ ∆⁹BHLRM─

≢│⁸ὰέὫ‌ ─ │ ─╟℮⌐ ∆↓≤⅜≢⅝╢⁹ 

ὠὥὶὰέὫ‌ ὉⱧȟ ȟ ȟὠὥὶὰέὫ‌ ȿⱧȟ†ȟ†ȟ”

ὠὥὶⱧ⁸ ⁸ ⁸ ὉὰέὫ‌ ȿⱧȟ †ȟ†ȟ”  

Ὁ † ὠὥὶⱧⱧρȟρ  

ÅØÐά
„

ς
╢Ⱨρȟρ 

⌐ÌÏÇ ‍ ⌐≈™≡│⁸ ─╟℮⌐ ∆↓≤⅜≢⅝╢⁹ 

ὠὥὶὰέὫ‍ ÅØÐά
„

ς
╢Ⱨςȟς 

BLRM≢(†‌ȟ†‍)╩ ⇔√ ≤ ─ ≢╢Ⱨ─ ╩ ⱪכꜟ◓⁸™ ─ ™⅜≥─

╩ ↕∑╢ ⅛⌐ ∂≡ ά†‌ȟά†‍╩ ∆╢⁹Ɽꜝⱷכ♃

(ά†‌ȟ„†‌
ςȟά†‍ȟ„†‍

ςȟ– ) ─ ⌐≈™≡◖fi☿fi◘☻│⌂™⅜⁸Neuenschwander, 

et.al.(2016)3≢│ ─ ╩ ⇔≡™╢⁹╢Ⱨρȟρ ς≤ ⇔√ ⁸ά†‌ ÌÏÇ πȢυ

≤ ∆╢↓≤│⁸ ⱪכꜟ◓⌐ ─ ™⅜ ╩25% ↕∑╢≤ ≢⅝╢⁹

„†‌
ς ὰέὫτȾρȢωφς ─╟℮⌐ ∆╢↓≤│⁸ ╩4 ⌐ ↕∑╢↓≤⌐ ⇔⁸†‌

─95% ╩ πȢρςυ⁸ ς≤ ∆╢↓≤╩ ∆╢⁹  

Ͻи˔Ф

ḧχ

 

□Ⱳ♪ □Ⱳ♫ 

Small log(0.125) log(0.0625) 

Moderate log(0.25) log(0.125) 

Substantial log(0.5) log(0.25) 

Large log(1) log(0.5) 

 
 

 

6.2.5 ╕≤╘ 

─ ⁸ ⁸ ≤ ⌐ ╦╣╢ ⌐ ╕╣╢ ⅜⁸ ∂

DLT─ ╩ ≢⅝╢ ≢№╣┌⁸BLRM╩ ℮↓≤≢ ≢№╢⁹ ꜠☺

ⱷfi⅜ ⌂╢⁸⅜╪ ⅜ ⌂╢⁸ ⅜ ⌂╢⁸ ⅜ ↔ⱪכꜟ◓⁸≤⌂╢№

≤⌐DLT─ ⅜ ⌂╢⅛╙⇔╣⌂™⅜ ⅜ ╕╣╢ │⁸BHLRM╩

℮↓≤≢⁸╟╡ ↄ ╩♃כ♦√╣╠ ⇔≡─ ╩ ≤∆╢⁹BHLRM≢│

ὰέὫ‌Ὦȟ ὰέὫ‍Ὦ ⌐ ⱪכꜟ◓≡⇔ ≢ ╩ ─ⱪכꜟ◓⁸⅜√⇔ ≢
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⌂╢DLT─ ⅜ ⅎ╠╣╢ │⁸ ╩ ™√BHLRM+EXNEX─

⅜ ⅎ╠╣╢⁹⸗♦ꜟ╩ ⌐∆╢↓≤≢⁸ ♃כ♦⌂ ⅜ ⅎ╢≤™℮ⱷꜞ♇

♩⅜№╢ ⁸ ◖☻♩⅜ ⅎ╢≤™℮♦ⱷꜞ♇♩╙ ⅎ╠╣╢⁹≥─⸗♦ꜟ╩ ™

≡╙⁸ ≢ ╩ ≢⅝╢√╘⁸⸗♦ꜟ⌐ ⌂ ≤ ─

⅜ ⌂╢ꜞ☻◒⌐≈™≡│⁸ ⌐ ∆╢ ─DLT ≢ ≢№╢⁹

≥─⸗♦ꜟ╩ ℮═⅝⅛│⁸ ♃כ♦⌂ ⁸Ɽꜝⱷכ♃─ ⁸

⌂≥╩ ⌐ ⇔≡ ∆╢↓≤⅜ ↕╣╢⁹ 
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Parameter 

Ɽꜝⱷכ

♃ 

Neuenschwander, et.al. 2016 example-single-agent example-combo2* example-combo3* 

ά  logit(0.13), log(1) logit(1/2), log(1) logit(0.2) , log(1) logit(1/3), log(1) 

╢Ⱨ diag(1.98^2, 0.99^2) diag(2^2,1^2) diag(2^2, 1^2) Diag(2^2,1^2) 

ά  log(0.25) 0 log(0.25) log(0.25) for s=1, log(0.5) for s=2 

ⱭⱲ♪ (log(2)/1.96)^2 0 (log(4)/1.96)^2 (log(4)/1.96)^2 

ά  log(0.125) 0 log(0.125) log(0.125) for s=1, log(0.25) for 

s=2 

ⱭⱲ♫ (log(2)/1.96)^2 0 (log(4)/1.96)^2 (log(4)/1.96)^2 

– 1 1 1 1 

□▒ logit(0.13) ,log(1) NA NA logit(1/3),log(1) 

3 diag(2^2, 1^2) NA NA diag(2^2, 1^2) 

▬▒ 0.0, 0.9, 1.0 NA NA 0.9 
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⸗♦ꜟ─  

BLRM BHLRM BHLRM + EXNENX 

Random variables 

╨■ █▫► ■ ȟȣȟ ╛ 

Ⱬ ▀■ ■ ȟȣȟ ╛ 

♪ȟ♫ 

Random variables  

ὣὮὰ Ὢέὶ Ὦ ρȟȣȟὐȟ ὰ ρȟȣȟ ὒ 

“ὮὨὰ Ὢέὶ Ὦ ρȟȣȟ ὐȟ ὰ ρȟȣȟ ὒ 

‌Ὦȟ‍Ὦ Ὢέὶ Ὦ ρȟȣȟ ὐ 

ⱧρȟⱧςȟ†ȟ†ȟ” 

Random variables  

ὣὮὰ Ὢέὶ Ὦ ρȟȣȟ ὐȟ ὰ ρȟȣȟ ὒ 

“ὮὨὰ Ὢέὶ Ὦ ρȟȣȟ ὐȟ ὰ ρȟȣȟ ὒ 

‌Ὦȟ‍Ὦ Ὢέὶ Ὦ ρȟȣȟ ὐ 

ⱧρȟⱧςȟ†ȟ†ȟ” 

User-defined parameters 

Ⱨ ȟⱧ ȟⱲ♪ȟⱲ♫ȟⱬ 

▀z 

User-defined parameters  

□Ⱨρȟ□Ⱨςȟ╢Ⱨρȟρȟ╢Ⱨςȟς 

ά†‌ȟ„†‌
ςȟά†‍ȟ„†‍

ςȟ– 

Ὠz 

User-defined parameters  

ὴ
Ὦ
ȟ□▒ρȟ□▒ςȟ╢▒ρȟρȟ╢▒ςȟς Ὢέὶ Ὦ ρȟȣȟ ὐ 

□Ⱨρȟ□Ⱨςȟ╢Ⱨρȟρȟ╢Ⱨςȟς 

ά†‌ȟ„†‌
ςȟά†‍ȟ„†‍

ςȟ– 

Ὠz    
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6.2.6  

☻fi◄▬◘♃כ♦   .1 . 2022. ─⅜╪ I

♦◙▬fi≤∕─ . 

https://www.jpma.or.jp/information/evaluation/results/allotment/DS_202306_oncoP1DE.html 

2. Weber, S., Widmer, L., Bean, A. (2023). _OncoBayes2: Bayesian Logistic Regression for 

Oncology Dose-Escalation Trials_. R package version 0.8-9. 

3. Neuenschwander, B., Wandel, S., Roychoudhury, S., and Bailey, S. (2016) Robust 

exchangeability designs for early phase clinical trials with multiple strata. Pharmaceut. 

Statist., 15: 123Έ134. 

4. Lewandowski, Daniel; Kurowicka, Dorota; Joe, Harry (2009). "Generating Random Correlation 

Matrices Based on Vines and Extended Onion Method". Journal of Multivariate Analysis. 100 (9): 

1989ï2001. 

5. Schºffski, P., Tan, D. S., Mart²n, M., et al. (2022). Phase I/II study of the LAG-3 inhibitor 

ieramilimab (LAG525)Ñanti-PD-1 spartalizumab (PDR001) in patients with advanced 

malignancies. Journal for immunotherapy of cancer, 10(2).  

 

 

 

 

 

  

https://www.jpma.or.jp/information/evaluation/results/allotment/DS_202306_oncoP1DE.html
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6.3 ◦Ⱶꜙ꜠כ◦ꜛfi 

6.3.1 ◦Ⱶꜙ꜠כ◦ꜛfi─  

BHLRM+EXNEX╩ ™√ ♦◙▬fi╩ ⇔√ ─ ╩ ∆╢√╘⁸

⌂ I ╩ ⇔⁸◦Ⱶꜙ꜠כ◦ꜛfi╩ ∆╢⁹⌂⅔⁸◦Ⱶꜙ꜠כ◦ꜛfiⱪ꜡

◓ꜝⱶ│ ─GitHub⌐≡ ↕╣≡™╢⁹ 

6.3.2 ─  

6.3.2.1 ⌂  

 ̧  

A─ 1 1 QD │1 2 BID⌐⅔↑╢ ─ ┘

⌐≈™≡ ⇔⁸MTD╩ ∆╢⁹ ◦Ⱶꜙ꜠כ◦ꜛfi≢│QD≢─ ╢№⅜♃כ♦─

≢⁸BID≢─ ⌐ ╡ ⅎ╢ ╩ ⇔⁸BID◖ⱱכ♩╩ ⇔√ ─ ╩ ∆╢

↓≤≤⇔√⁹ 

 

 6-4  

 

 ̧ ♦◙▬fi 

─  

≢36╕≢ ╩ ╖ ╣╢↓≤≤∆╢⁹◖ⱱ3│☼▬◘♩כ 6 ≤∆╢⁹ 

ה  

EWOC ⅜OD≤⌂╢ ⅜25% ≢№╢ ⌐ ≠ↄBHLRM+EXNEX╩

™╢⁹ ≡─ ꜠ⱬꜟ⌐≈™≡DLT ⅜ ⌐ ∆3≈─ under 
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dose: UD⁸ target dose: TD⁸ over dose: OD⌐ ╢ ─ ╩

∆╢⁹ 

UD  [0, 0.16) 

TD  [0.16, 0.33) 

OD  [0.33, 1] 

√⌐ ╖ ╣╢ ┼ ∆╢ ꜠ⱬꜟ│⁸EWOC ⌐ ≠⅝ ∆╢⁹ 

꜠ⱬꜟ  

∆╢ ꜠ⱬꜟ│⁸ ─  6.1⌐ ∆ ≤∆╢⁹ 

 

 6.1 ⌐⅔↑╢ ⌂ A─ ꜠ⱬꜟ 

꜠ⱬꜟ DL  mg/day  

DL-1 10 (BID 15 mg) 

DL1  20 (BID 110 mg) 

DL2 40 (BID 120 mg) 

DL3 80 (BID 140 mg) 

DL4 120 (BID 160 mg) 

DL5 160 (BID 180 mg) 

 

MTD ─  

─ ─ ╩ √∆ ⌐│⁸ Ὠ╩MTD≤╖⌂⇔ ╩ ∆╢⁹ 

¶ ⌂ↄ≤╙6 ─ ⅜ Ὠ≢ ╩ ↑√⁹ 

¶ Ὠ≢ ─™∏╣⅛╩ √⇔≡™╢⁹ 

o Ὠ⅜TD≢№╢ ⅜50%╩ ⅎ≡™╢⁹ 

o ⌂ↄ≤╙9 ─ ⅜ ≢ ╩ ↑≡⅔╡⁸ Ὠ⅜EWOC ╩ √∆

≢№╢⁹ 

⌂⅔⁸↓╣╠─ ╩ √↕⌂™ ≢╙⁸ ∆╢ ꜠ⱬꜟ⅜∆═≡EWOC ╩ √

↕⌂⅛∫√ ⁸ │ ⌐ ⇔√ ⌐│⁸MTD╩ ∑∏⌐ ╩ ∆╢⁹ 

 

6.3.2.2 ⸗♦ꜟ 

¶ BHLRMEXNEX⸗♦ꜟ 

꜠ⱬꜟl (l = -1, 1,é,5)⌐ ∆╢ ╩Ὠ≤∆╢⁹ Ὠ≢─ A─DLT ⌐≈

™≡⁸ -DLT⸗♦ꜟ≤⇔≡ ─꜡☺☻♥▫♇◒⸗♦ꜟ╩ ∆╢⁹⌂⅔⁸ ꜠ⱬꜟ│1
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№√╡─ ≢ ∆╢╙─≤∆╢⁹ 

ὰέὫὭὸ“ Ὠ ὰέὫ‌ ‍ὰέὫ
Ὠ

Ὠz
 

Ὠz╩80mg/dayDL3≤⇔⁸ A─ ≤∆╢⁹╕√⁸j (j=1, 2) │ ꜟכꜙ☺◔☻

1 = QD, 2 = BID╩ ∆╙─≤∆╢⁹⌂⅔⁸ ⌐ │ ⌐≤⌂♃כ♦ ≠⅝

↕╣╢⁹ 

¶ ─  

Ɽꜝⱷכ♃ ὰέὫ‌ ȟ ὰέὫ‍ ─ ⌐≈™≡⁸ ─ ⌐ ℮≤ ∆╢⁹ 

ὰέὫ‌ ȟ ὰέὫ‍ ȿⱧȟ †ȟ†ȟ”Ḑὴ╝ Ⱨȟ
† ”††

”†† †ȟ 
ρ ὴ ╝□ȟἡ  

↓↓≢⁸Ɽꜝⱷכ♃(Ⱨȟ†ȟ†ȟ”)│ ≢№╡⁸ ─ ⌐ ℮≤∆╢⁹ 

ⱧḐ╝□Ⱨȟ ╢Ⱨ  

ὰέὫ† Ḑ╝ά ȟ„  

ὰέὫ† Ḑ╝ά ȟ„  

”Ḑ╛╚╙– 

╕√⁸Ɽꜝⱷכ♃ □ȟἡ│ ⌐≥↔ꜟכꜙ☺◔☻ ⌂╢ ╩ ≈⁹ 

⸗♦ꜟⱤꜝⱷכ♃─ ─ ╩⁸ ─╟℮⌐ ⅎ╢↓≤≤⇔√⁹ 

 

 6.2 ⸗♦ꜟⱤꜝⱷכ♃─  

Ɽꜝⱷכ♃   

ά ρ ὰέὫὭὸπȢσ ‘ρ─  

ά ς ÌÏÇ ρ ‘ς─  

Ὓ ρȟρ ς ‘ρ─   

Ὓ ςȟς 1 ‘ς─  

ά  ÌÏÇ πȢςυ †─  

ά  ÌÏÇ πȢρςυ †─  

„  ÌÏÇςȾρȢωφ †─  

„  ÌÏÇςȾρȢωφ †─  

– 1 ”─ Ɽꜝⱷכ♃ LKJ  

ά ρ ὰέὫὭὸπȢσ ‌─ ⌂ ⌐ ∆╢  

ά ς 0 ‍─ ⌂ ⌐ ∆╢  

Ὓρȟρ ς ‌─ ⌂ ⌐ ∆╢   
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Ɽꜝⱷכ♃   

Ὓςȟς 1 ‍─ ⌂ ⌐ ∆╢  

ὴ 0.8 ☻◔☺ꜙכꜟ ≢─ ─

 

 

↕╠⌐⁸↓╣╕≢⌐ ╠╣≡™╢QD ⁸≡⇔≥♃כ♦╢↑⅔⌐ ╩ ™√⁹ 

 

 6.3 QD  ♃כ♦─

mg/day ꜟכꜙ☺◔☻   DLT  

QD 10 3 0 

QD 20 3 0 

QD 40 3 0 

QD 80 6 1 

 

 6.2─ ╩  6.3─ ╩ ™≡ ∆╢↓≤⌐╟╡ ╠╣√⸗♦ꜟⱤꜝⱷכ♃─

╩⁸↓╣⅛╠ ∆╢BID◖ⱱכ♩≢─⸗♦ꜟⱤꜝⱷכ♃─ ≤⇔≡ ™╢↓≤≤⇔√⁹

↕╣√⸗♦ꜟⱤꜝⱷכ♃─ ╩  6.4⌐ ∆⁹╕√⁸ ─ DLT ─

╩  6.5⌐ ∆⁹ 

 6.4 ↕╣√⸗♦ꜟⱤꜝⱷכ♃─  

Ɽꜝⱷכ♃  

ά ρ -1.7 

ά ς 0.27 

Ὓ ρȟρ 1.3 

Ὓ ςȟς 0.99 

ά  0.27 

ά  0.13 

„  0.10 

„  0.05 

ά ρ -1.51 

ά ς 2.04 

Ὓρȟρ 1.58 

Ὓςȟς 2.55 

 

 6.5 DLT ─  

 DLT ⅜ ≤⌂╢  SD  
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mg/day   

UD TD OD 2.5% 50% 97.5% 

10 0.888 0.049 0.063 0.069 0.157 0.000 0.011 0.641 

20 0.849 0.065 0.086 0.094 0.178 0.000 0.024 0.733 

40 0.768 0.109 0.233 0.138 0.204 0.000 0.057 0.818 

80 0.495 0.257 0.248 0.246 0.236 0.013 0.162 0.902 

120 0.311 0.238 0.451 0.371 0.288 0.021 0.287 0.972 

160 0.239 0.211 0.550 0.450 0.315 0.027 0.387 0.994 

 

6.3.3 ◦Ⱶꜙ꜠כ◦ꜛfi  

6.3.3.1 ◦♫ꜞ○  

╩ ∆╢⌐№√╡⁸ ─3≈─◦♫ꜞ○⌐≈™≡◦Ⱶꜙ꜠כ◦ꜛfi╩ ⇔√⁹ 

 

 6.6 ─DLT ─◦♫ꜞ○ 

◦♫ꜞ○ 
꜠ⱬꜟ⌐⅔↑╢ ─ DLT  

10 mg/day 20 mg/day 40 mg/day 80 mg/day 120 mg/day 160 mg/day 

1 0.05 0.1 0.2 0.3 0.4 0.6 

2 0.33 0.4 0.5 0.6 0.7 0.8 

3 0.025 0.05 0.1 0.15 0.2 0.3 

 

◦♫ꜞ○1│⁸ ꜠ⱬꜟ⌐⅔↑╢ ─DLT ⅜UD⁸ TD ⁸ OD─ ≡─ ⌐

↕╣╢╟℮⌐ ⇔√◦♫ꜞ○≢№╢⁹◦♫ꜞ○2│⁸ ∆╢ ≢╙OD≤⌂╢╟℮

⌂⁸ ─ ─◦♫ꜞ○≢№╢⁹◦♫ꜞ○3│⁸ ∆╢ ≢╙OD≤⌂╠⌂™

─◦♫ꜞ○≢№╢⁹ 

 

6.3.3.2 ◦Ⱶꜙ꜠כ◦ꜛfiⱪ꜡◓ꜝⱶ 

R─ OncoBayes2 Package1╩ ⇔⁸BHLRM+EXNEX─ ╩ ∆ⱪ꜡◓ꜝⱶ╩ ⇔

√⁹ 

¶ OncoBayes2 Package 

OncoBayes2 Package│⁸ ⅜╪ ⌐⅔↑╢ⱬ▬☺▪fi꜡☺☻♥▫♇◒ ⸗♦ꜟ╩ ™

√ ⌐ ↑≡ ↕╣√Ɽ♇◔⁸╡№≢☺כ○ⱪ◦ꜛfi≤⇔≡ EXchangeability-

NonEXchangeabilityEXNEXⱤꜝⱷכ♃⸗♦ꜟ╩ ∆╢↓≤≢⁸ⱥ☻♩ꜞ◌ꜟ♦כ♃ ┘

⇔≡ ╦╣╢ ╠⅛≤⌂♃כ♦─ ⌂ ╩ ≤⇔≡™╢⁹ │
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OncoBayes2 Package─vignette2╩ ↕╣√™⁹ 

 

6.3.3.2.1 ◦Ⱶꜙ꜠כ◦ꜛfiⱪ꜡◓ꜝⱶ─  

OncoBayes2 Package⌐ ╕╣╢ ╩ ™⁸ ◦Ⱶꜙ꜠כ◦ꜛfi╩ ∆╢ⱪ꜡◓ꜝⱶ

╩ ⇔√⁹ⱪ꜡◓ꜝⱶ│⁸ ◦Ⱶꜙ꜠כ◦ꜛfi╩ ∆╢╙── ⁸ ⌐ ⅎ√♦

╠⅛♃כ ╩ ∆╢bhlrm_demo.R╩ ⇔√⁹ ◦Ⱶꜙ꜠כ◦ꜛfi─ⱪ꜡◓ꜝ

ⱶ│ ⅝ↄ3≈─Ɽכ♩ ᵑ ♦◙▬fi ╩ ∆╢ bhlrm_setup.R⁸ᵒ1 ─ ⌐≈™≡

ה ∆╢bhlrm_oc.R⁸ᵓ ─ ┘ ╩ ∆╢bhlrm_oc_itr.R⌐ ↑≡

↕╣≡™╢⁹ ⌐⁸ Ɽכ♩↔≤⌐ ⇔√ ╩ ∆╢⁹ 

 

ᵑbhlrm_setup.R 

↓↓≢│ ♦◙▬fi⁸ ─ ⁸ⱥ☻♩ꜞ◌ꜟ♦⁸♃כ ─Ɽꜝⱷכ♃ ─

╩ ℮⁹ 

♦◙▬fi  

⌂ ─♦◙▬fi⌐≈™≡│⁸ ─ ╩ ™≡ ∆╢⁹ 

  ⇔√  

group_ids ╩ ∆╢ ╩ⱪכꜟ◓─

∆╢⁹⸗♦ꜟ⌐⅔↑╢ j─

≢№╡⁸ ╩ⱪכꜟ◓─≡═∆╢∆

∆╢⁹ ◦Ⱶꜙ꜠כ◦ꜛfi≢│ ☻

⌐ꜟכꜙ☺◔ ∆╢⁹ 

c("QD","BID") 

stratum_ids ⌂╢ ╩ ∆╢ ⌐ ≤⌂

╢ ╩ ∆╢⁹↓↓≢─₈ ₉│╟╡

꜠ⱬꜟ─◓ꜟכⱪ ╩ ⇔≡⅔╡⁸

│ⱪכꜟ◓ ─ ⌐─╖ ╡ ≡╠

╣⌂↑╣┌⌂╠⌂™⁹ │OncoBayes2 

Package─vignette2╩ ↕╣√™⁹ ◦

Ⱶꜙ꜠כ◦ꜛfi≢│ ─ ╩ ™≡™

╢⁹ 

c("single_stratum") 

group_id ⌐⅔™≡  ⱪ⁹ factor("BID", group_ids)כꜟ◓╢╣╠™

stratum_id ⌐⅔™≡ ™╠╣╢ ⁹ factor("single_stratum",stratum_ids) 

 

ⱥ☻♩ꜞ◌ꜟ♦כ♃─  

tibble─ hist_data⌐⁸ ≤⌂♃כ♦─ ⌐ ╠╣≡™╢ ╩ ∆╢↓≤⅜≢⅝╢⁹
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hist_data─ ≈ │ ─ ╡≢№╡⁸ ⌐⅔↑╢◖ⱱכ♦⌐≥↔♩כ♃╩ ≢

№╢⁹ 

  ⇔√  

stratum_id ⌐⅔™≡ ™╠╣╢ ⁹ "single_stratum", 

group_id ⌐⅔™≡  "ⱪ⁹ "QDכꜟ◓╢╣╠™

drug_A ◖ⱱכ♩⌐⅔↑╢ ─ 1 №

√╡─ ⁹ 

 6.3 ─↓≤ 

num_patients ◖ⱱכ♩⌐⅔↑╢ ⁹  6.3 ─↓≤ 

num_toxicities ◖ⱱכ♩⌐⅔↑╢DLT ⁹  6.3 ─↓≤ 

cohort_time ◖ⱱכ♩⅜ ⅛╩ ∆⁹

─ │0≤∆╢⁹ 

0 

 

drug_info 

tibble─ drug_info⌐⁸ ─ ╩ ∆╢↓≤⅜≢⅝╢⁹drug_info─ ≈ │

─ ╡≢№╢⁹ 

  ⇔√  

drug_name ⁹hist_data┘∕─ ─ ─

╩ ∆╢ ≤ ∂ ≤∆╢⁹ 

"drug_A", 

dose_ref ⌐⅔↑╢ ⁹ 80 

dose_unit ─ ⁹ "mg/day", 

 

꜠ⱬꜟ dose_info 

tibble─ dose_info⌐⁸ ≢ ∆╢ ꜠ⱬꜟ╩ ∆╢↓≤⅜≢⅝╢⁹dose_info

─ ≈ │ ─ ╡≢№╢⁹ 

  ⇔√  

stratum_id ⌐⅔™≡ ™╠╣╢ ⁹ factor(ñsingle_stratumò, stratum_ids) 

group_id ⌐⅔™≡  ⱪ⁹ factor(c(ñBIDò), group_ids)כꜟ◓╢╣╠™

drug_A ∆╢∆═≡─ 1 №√╡─

⁹ 

c(10, 20, 40, 80, 120, 160) 

 

starting_doses 

tibble─ starting_doses ⌐⁸ ≢ ∆╢ ╩ ∆╢↓≤⅜≢⅝╢⁹

starting_dose─ ≈ │ ─ ╡≢№╢⁹ 

   ⇔√  
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stratum_id ⌐⅔™≡ ™╠╣╢ ⁹ factor(ñsingle_stratumò, stratum_ids) 

group_id ⌐⅔™≡  ⱪ⁹ factor(c(ñBIDò), group_ids)כꜟ◓╢╣╠™

drug_A ⁹ 20 

 

─Ɽꜝⱷכ♃  

⸗♦ꜟ─ Ɽꜝⱷ⁸│≡™≈⌐♃כ ─ ≢ ∆╢⁹ 

 ∆╢Ɽꜝⱷכ♃ ⇔√  

prior_mu_mean ά ρ, ά ς c(logit(0.3), log(1)) 

prior_mu_sd Ὓ ρȟρ, Ὓ ςȟς c(2, 1) 

prior_tau_mean ά ȟά  c(log(0.25), log(0.125)) 

prior_tau_sd „ ȟ„  c(log(2)/1.96, log(2)/1.96) 

prior_prob ὴ 0.8 

prior_glmu_mean ά ρ, ά ς c(logit(0.3), log(1)) 

prior_glmu_sd Ὓρȟρ, Ὓςȟς c(2,1) 

 

ᵒbhlrm_oc.R 

↓↓≢│ ∆╢ ⁸ ┘ ⁸◖ⱱכ♩№√╡─ ⁸

MTD ⌐ ⌂ ⁸ d╩MTD≤⇔≡ ∆╢ ⌐ ⅎ╢═⅝TD─

╩ ∆╢⁹╕√⁸◦Ⱶꜙ꜠כ◦ꜛfi⌐⅔↑╢◦♫ꜞ○ ─DLT ╙↓↓≢ ∆╢⁹

∆═⅝ │ ─≤⅔╡≢№╢⁹ 

  ⇔√  

max_percent_inc ∆╢ ⁹ 2 

max_patients ╖ ╣╢ ⁹ 36 

min_patients MTD ⌐ ≤⌂╢

≢ ╖ ╣╠╣√ ─

⁹ 

9 

cohort_sizes ◖ⱱכ♩№√╡─ ╖ ╣

⁹ ≢│3 6 ≢№╢√

╘⁸◦Ⱶꜙ꜠כ◦ꜛfi≢│3 6

⅜ꜝfi♄ⱶ⌐ ╖ ╣╠╣╢

≤⇔≡™╢⁹  

3:6 

cohort_sizes_probs ◖ⱱכ♩№√╡─ ╖ ╣

⅜ ≢№╢ ⁸ ⌐⌂╢

⅛─ ⁹ 

rep(1/length(cohort_sizes), 

length(cohort_sizes)) 

patients_on_dose_for_MTD MTD≤⇔≡ ↕╣╢ ⌐ 6 
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↕╣╢═⅝ ⁹ 

prob_target_cond Ὠ╩ MTD≤⇔≡ ∆╢

⌐ ⅎ╢═⅝TD─ ⁹ 

0.5 

tureDLTs ◦Ⱶꜙ꜠כ◦ꜛfi◦♫ꜞ○⌐⅔↑

╢ ─DLT ⁹ ∆╢

꜠ⱬꜟ≤ ∂ ↕≢№╢↓≤⁹ 

 6.6 ─↓≤⁹ 

 

ᵓbhlrm_oc_itr.R 

↓↓≢│ ⌐≈™≡─ ╩∆╢⁹ ∆═⅝ │ nTrials─╖≢№╡⁸↓↓≢

╩ ∆╢↓≤≢⁸ ─◦Ⱶꜙ꜠כ◦ꜛfi╩ ∆╢↓≤⅜ ≢№╢⁹ ◦Ⱶꜙ꜠כ

◦ꜛfi≢│1000─ ╩ ∆╢↓≤≤⇔√⁹ 

 

6.3.4 ◦Ⱶꜙ꜠כ◦ꜛfi  

 6.6≢ ⇔√3≈─◦♫ꜞ○⌐ ∆╢BHLRMEXNEX╩ ™√◦Ⱶꜙ꜠כ◦ꜛfi ─

╩ ⌐ ∆⁹⌂⅔⁸ ─ ὴ│  6.2⌐ ⇔√ ╡0.8≤⇔√⁹╕√⁸

│3≈─ ┘ ꜠ⱬꜟ↔≤⌐ ⇔≡™╢⁹ 

 

 6.7 ◦♫ꜞ○⌐ ∆╢BLRM─  

◦♫ꜞ○ 

MTD≤⇔≡

↕╣╢

%  

─

%  
 DLT  

UD TD OD 
a 

b 

UD TD OD  UD TD OD  

1 28.5 64.7 0.7 5.9 0.2 7.0 7.6 0.5 15.1 0.7 1.8 0.2 2.7 

2 - - 23.1 76.9 0.0 - - 8.3 8.3 - - 3.4 3.4 

3 71.2 26.5 - 1.7 0.6 15.2 3.6 - 18.8 1.4 0.9 - 2.3 

a. ∆╢ ≢╙EWOC ⅜ √↕╣∏⁸ ≤⌂∫√ ⁹ 

b. ⌐ ⇔√⅜MTD⅜ ≢⅝∏⁸ ≤⌂∫√ ⁹ 

 

 6.8 ↔≤─ ◦♫ꜞ○⌐ ∆╢BLRM─ MTD  

 MTD≤⇔≡ ↕╣╢ %  

◦♫ꜞ○/ 

(mg/day) 
10 20 40 80 120 160 

1 0.8 27.7 52.4 12.3 0.6 0.1 



ⱬ▬☼ ♦◙▬fi⌐⅔↑╢◦Ⱶꜙ꜠כ◦ꜛfi─   

 118/127  

 MTD≤⇔≡ ↕╣╢ %  

◦♫ꜞ○/ 

(mg/day) 
10 20 40 80 120 160 

2 5.2 15.6 2.3 0.0 0.0 0.0 

3 0.1 8.6 38.2 24.3 9.8 16.7 

 

 6.9 ↔≤─ ◦♫ꜞ○⌐ ∆╢BLRM─  

  

◦♫ꜞ○/ 

(mg/day) 
10 20 40 80 120 160  

1 0.6 6.4 5.6 2.0 2.7 2.3 15.1 

2 1.6 5.9 0.8 0.0 0.0 0.0 8.3 

3 0.2 5.5 5.6 3.8 1.6 1.9 18.8 

 

 6.10 ↔≤─ ◦♫ꜞ○⌐ ∆╢BLRM─ DLT  

 DLT  

◦♫ꜞ○/ 

(mg/day) 
10 20 40 80 120 160  

1 0.0 0.6 1.2 0.6 0.1 0.1 2.7 

2 0.5 2.4 0.4 0.0 0.0 0.0 3.4 

3 0.0 0.3 0.5 0.6 0.3 0.6 2.3 

 

◦♫ꜞ○1≢│⁸TD⅜ ⌐MTD≤⇔≡ ↕╣╢ ⅜64.7%≤ ╙ ™ ≢№╡⁸

≢│40mg/dayDL2⅜MTD≤⇔≡ ↕╣╢ ⅜52.4%≤ ╙ ⅛∫√⁹╕√⁸OD⅜MTD

≤⇔≡ ↕╣╢ │0.7%≤ ↄ⁸OD⌐ ╡ ↑╠╣√ │0.5≢№╡⁸

┼─ │ ≢⅝≡™╢≤ ⅎ╠╣╢⁹ 

∆╢∆═≡─ ⅜OD≤⌂╢◦♫ꜞ○2≢│⁸ ∆╢ ─ ꜠ⱬꜟ≢╙ ≤⌂

╡ ≤⌂╢ ⅜76.9%≤ ↄ⁸╕√ │8.3⁸ DLT │3.4≤ ⌂™

⌐ ⅎ╠╣≡™√⁹ 

∆═≡─ ⅜OD⌐ √⌂™◦♫ꜞ○3≢│⁸UD⅜MTD≤⇔≡ ↕╣╢ ⅜71.2%≤

╙ ⅛∫√⅜⁸↓╣│ UD⌐ ∆╢ ⌐⅔↑╢ DLT ⅜0.15≤⁸TD⌐ ∆╢

DLT ─ ⌐ ⅛∫√↓≤⅜ ≤ ⅎ╠╣╢⁹╕√⁸ ⌐ ™√ QD─♦כ♃

⌐⅔™≡⁸UD≢№╢80mg/dayDL3─ ≢6 1 ⌐DLT─ ⅜№∫√↓≤╙ ╩ ⅎ

≡™╢ ⅜№╢⁹ 
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─ ╟╡⁸◦♫ꜞ○─ ⌐╟∫≡│UD⅜ ↕╣╢ ⅜ ↄ⌂╢ ╙№╡⁸╛

╛ ⌂ │№╢╙──⁸ ♦◙▬fi╩ ™╢↓≤≢MTD│ ⌐ ≢⅝⁸╕√

┼─ ⌐≈™≡╙ ≢⅝╢≤ ⅎ╠╣╢⁹ 

 

6.3.5 ─ ╩ ⅎ√ ─  

BHLRM+EXNEX─ ≤⇔≡⁸ ─ ὴ╩ ∆╢↓≤⅜≢⅝╢ ⅜

→╠╣╢⁹↓─ ╩1≤⇔√ │ ⌂ ⱬ▬☼╩ ™√ BHLRM≤⌂╡⁸0≤⇔√ ⌐│

ⱪכꜟ◓ ─ ─ ╡ ╣╩ ∑∏ ⌐ ╩ ∆╢BLRM≤⌂╢⁹ ─ ⌐⅔

™≡│⁸ ─ │ ⌂ ⌂≥╩ ⌐ ⇔≡ ↕╣╢⁹↓↓

≢│ ≤⇔≡⁸ὴ─ ╩1 ┘0≤⇔√ ─◦Ⱶꜙ꜠כ◦ꜛfi ╩ ∆⁹⌂⅔⁸ⱪ꜡◓ꜝⱶ

─ ─ ⁸prior_prob⌐0╩ ≢⅝⌂⅛∫√√╘⁸ ◦Ⱶꜙ꜠כ◦ꜛfi≢│0.000001≤

⇔√⁹ 
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 6.11 ὴ╩ ⅎ√ ─ ◦♫ꜞ○⌐ ∆╢BLRM─  

◦♫ꜞ○ 

MTD≤⇔≡

↕╣╢

%  

─

%  
 DLT  

UD  TD  OD 
a 

b 

UD  TD  OD  UD  TD  OD  

1 ὴ ρ  29.1 63.6 0.9 6.4 0.0 6.9 7.5 0.6 15.0 0.7 1.7 0.3 2.7 

2 ὴ ρ  - - 25.6 74.4 0.0 - - 8.7 8.7 - - 3.4 3.4 

3 ὴ ρ  74.0 24.1 - 1.0 0.9 15.1 3.5 - 18.6 1.4 0.9 - 2.3 

1 ὴ π  29.5 63.8 1.2 5.5 0.0 7.0 7.3 0.5 14.8 0.7 1.7 0.2 2.6 

2 ὴ π  - - 24.8 75.2 0.0 - - 8.4 8.4 - - 3.4 3.4 

3 ὴ π  75.7 22.7 - 1.1 0.5 15.2 3.1 - 18.3 1.5 0.8 - 2.2 

a. ∆╢ ≢╙EWOC ⅜ √↕╣∏⁸ ≤⌂∫√ ⁹ 

b. ⌐ ⇔√⅜MTD⅜ ≢⅝∏⁸ ≤⌂∫√ ⁹ 

 

 6.12 ὴ╩ ⅎ√ ─ ↔≤─ ◦♫ꜞ○⌐ ∆╢BLRM─ MTD  

 MTD≤⇔≡ ↕╣╢ %  

◦♫ꜞ○/ 

(mg/day) 
10 20 40 80 120 160 

1 ὴ ρ  1.3 27.8 49.8 13.8 0.7 0.2 

2 ὴ ρ  7.6 16.3 1.7 0.0 0.0 0.0 

3 ὴ ρ  0.6 7.7 39.7 26.0 9.6 14.5 

1 ὴ π  1.1 28.4 50.9 12.9 0.7 0.5 

2 ὴ π  5.1 16.4 3.1 0.2 0.0 0.0 

3 ὴ π  0.3 8.2 42.8 24.4 8.4 14.3 

 

 6.13 ὴ╩ ⅎ√ ─ ↔≤─ ◦♫ꜞ○⌐ ∆╢BLRM─  

  

◦♫ꜞ○/ 

(mg/day) 
10 20 40 80 120 160  

1 ὴ ρ  0.5 6.4 5.4 2.1 0.3 0.3 15.0 

2 ὴ ρ  1.8 6.0 0.8 0.0 0.0 0.0 8.7 

3 ὴ ρ  0.3 5.4 5.7 3.7 1.6 1.9 18.6 

1 ὴ π  0.6 6.5 5.5 1.8 0.3 0.2 14.8 

2 ὴ π  1.7 5.9 0.8 0.1 0.0 0.0 8.4 
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◦♫ꜞ○/ 

(mg/day) 
10 20 40 80 120 160  

3 ὴ π  0.3 5.5 5.8 3.7 1.4 1.7 18.3 

 

 6.14 ὴ╩ ⅎ√ ─ ↔≤─ ◦♫ꜞ○⌐ ∆╢BLRM─ DLT  

 DLT  

◦♫ꜞ○/ 

(mg/day) 
10 20 40 80 120 160  

1 ὴ ρ  0.0 0.7 1.1 0.6 0.1 0.2 2.7 

2 ὴ ρ  0.6 2.4 0.4 0.0 0.0 0.0 3.4 

3 ὴ ρ  0.0 0.3 0.6 0.5 0.3 0.6 2.3 

1 ὴ π  0.0 0.6 1.2 0.5 0.1 0.1 2.6 

2 ὴ π  0.6 2.4 0.4 0.0 0.0 0.0 3.4 

3 ὴ π  0.0 0.3 0.6 0.6 0.3 0.5 2.2 

 

─◦♫ꜞ○─ ─ ≢│⁸ ─ ╩ ⅎ√ ≢╙⁸ ⌐

⅝⌂ ™│ ╠╣⌂⅛∫√⅜⁸ὴ πȢψ≤⇔√BHLRM+EXNEX⸗♦ꜟ╩ ™√ ─ ⅜⁸

╛ DLT │ ≢№╡⌂⅜╠╙⁸◦♫ꜞ○1 ┘3≢│TD⅜ ⌐MTD

≤⇔≡ ↕╣╢ ⅜ ⅛∫√⁹╕√⁸∆═≡─ ⅜ ≤⌂╢◦♫ꜞ○2≢│⁸ ≤

⇔≡ ⌐ ≤⌂╢ ⅜ ⅛∫√⁹ ─ ⌐⅔™≡│⁸ ─ │

ⱪכꜟ◓ ─ ╛ ⌂ ⌂≥╩ ⌐ ⇔≡ ↕╣╢═⅝≢№╤℮⁹ 

 

6.3.6 ─ ⌐╟╢ ⌂ ◦♫ꜞ○ 

─ ╩ ∆╢ ⅜♃כ♦⁸│≢ ╠╣√ ≢─ ⌂ ◦♫ꜞ○╩ ∆╢

↓≤╙ ≢№╢⁹bhlrm_demo.R│⁸ ╩♃כ♦─ ⅎ√ ≢─ ╩ ∆╢ⱪ꜡◓ꜝ

ⱶ≢№╡⁸ ⌂ ◦♫ꜞ○╩ ∆╢↓≤⅜≢⅝╢⁹ ⌐™ↄ≈⅛─◦♫ꜞ○╩

∆⁹ 

 

 6.15 ⌂ ◦♫ꜞ○ 

◦♫ꜞ○ 
 

mg/day  
DLT/N  

─

(ND) (mg/day) 

ND⅜ TD ⌐ 

╢  

ND⅜ OD ⌐ 

╢  

1 20 0/3 40 0.164 0.092 

2 20 1/3 10 0.264 0.196 
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◦♫ꜞ○ 
 

mg/day  
DLT/N  

─

(ND) (mg/day) 

ND⅜ TD ⌐ 

╢  

ND⅜ OD ⌐ 

╢  

3 20 2/3  - - 

4 20 0/4 40 0.150 0.073 

5 20 1/4 20 0.325 0.222 

6 20 1/5 20 0.312 0.152 

7 20 1/6 20 0.293 0.101 

8 20 2/6 10 0.355 0.193 

9 
20 

40 

0/3 

0/3 
80 0.208 0.194 

10 
20 

40 

0/3 

1/3 
40 0.340 0.190 

11 
20 

10 

1/3 

0/3 
20 0.322 0.149 

12 
20 

10 

1/3 

1/3 
 - - 

13 
20 

40 

0/4 

0/3 
80 0.208 0.182 

14 
20 

40 

0/4 

1/3 
40 0.333 0.163 

15 
20 

20 

1/4 

0/3 
40 0.349 0.249 

16 
20 

20 

1/4 

1/3 
10 0.334 0.131 

 

◦♫ꜞ○1│⁸ ≢№╢20mg/dayDL1≢3 ─ ╩ ╖ ╣⁸DLT ⅜0 ≢№

⅜♃כ♦℮™≥√∫ ╠╣√ ─ ─ ND ╩ ⅜♃כ♦─↓⁹╢™≡⇔ ╠╣√

⁸ ─ ≤⇔≡│40mg/dayDL2⅜ ↕╣╢↓≤≤⌂╢⁹ ⌐⁸ ≢3 1 ⌐

DLT⅜ ╘╠╣√ ⌐│ND│10mg/dayDL-1 ≤⌂╡ ◦♫ꜞ○2⁸3 2 ⌐DLT⅜ ╘

╠╣√ ⌐│ ⌐╟╡ ─ ⅜ ↕╣╢ ◦♫ꜞ○3⁹◦♫ꜞ○4~8│⁸ ┼

─ ╖ ╣ ⅜4⁸5⁸6 ≢№∫√ ─™ↄ≈⅛─ ⌂ ◦♫ꜞ○╩ ⇔≡™

╢⁹╕√⁸◦♫ꜞ○9~16│⁸ ╠⅛♃כ♦─≢ ↕╣√ ND≢─ ╩ ↑⁸↕╠⌐

─◖ⱱכ♩≢ ↕╣╢ ╩ ⇔√ ◦♫ꜞ○≢№╢⁹ ⅎ┌⁸◦♫ꜞ○9≢│

≢№╢20mg/dayDL1≢ ╖ ╣╠╣√3 ≢DLT ⅜0 ≢№╡⁸ ↄ◖ⱱכ♩≢ND≤↕

╣√40mg/dayDL2⌐3 ╩ ╖ ╣⁸DLT ⅜0 ≢№∫√ ─◦♫ꜞ○≢№╢⅜⁸↓─
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─ND│80mg/dayDL3≤⌂∫√⁹ 

↓─╟℮⌐⁸ ─ ╩ ∆╢ │⁸ ⌂ ◦♫ꜞ○╩™ↄ≈⅛ ⇔⁸ ⌐

─ ⅜≢⅝╢⅛≥℮⅛⌐≈™≡╙⁸ ⌐ ∂≡ ∆═⅝≢№╤℮⁹ 

 

6.3.7  

1. Sebastian, W., Lukas, AW., Andrew, B. Package óOncoBayes2ô. https://cran.r-

project.org/web/packages/OncoBayes2/index.html 

2.  Andrew, B., Sebastian, W., Lukas, W., Guiding Oncology Dose-Escalation Trials. https://cran.r-

project.org/web/packages/OncoBayes2/vignettes/introduction.html 

  

https://cran.r-project.org/web/packages/OncoBayes2/index.html
https://cran.r-project.org/web/packages/OncoBayes2/index.html
https://cran.r-project.org/web/packages/OncoBayes2/vignettes/introduction.html
https://cran.r-project.org/web/packages/OncoBayes2/vignettes/introduction.html
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7. ⅔╦╡⌐ 

≢│⁸ⱬ▬☼ ♦◙▬fi╩ ∆╢ ⌐⁸∕─ ╩ ╢√╘─◦Ⱶꜙ꜠כ

◦ꜛfi─ ╩╕≤╘╢↓≤≢⁸ ≤ ≤⌂╡℮╢ⱳ▬fi♩╩╕≤╘√⁹ⱬ▬☼

♦◙▬fi╩ ∆╢↓≤≢⁸ ─♦◙▬fi≤ ⌐ ╩ ≢⅝⁸ ─◄ⱦ♦fi☻

╩ ⌐ ╖ ╦∑╢↓≤⅜ ⌐⌂╢ ≢⁸ ╛ ─ ⌐╟∫≡│ ∫

√ ╩ ↄ ─ ⅜№╡ ╢⁹∕─√╘⁸ ≢ ⇔√╟℮⌂◦Ⱶꜙ꜠כ◦ꜛ

fi⌐╟╢ ─ │ ≢№╢⁹√∞⇔⁸ ─ ≤─ ╛ ↑ ╣ │⁸

─ ╛ ⌐╟∫≡ ⌂╢≤ ⅎ╠╣╢√╘⁸ ⌐ ∂≡ ⇔≡

™√∞⅝√™⁹ ⅜ⱬ▬☼ ♦◙▬fi≢◦Ⱶꜙ꜠כ◦ꜛfi╩∆╢ ─⁸ ⱳ▬fi

♩╛∕─ ≈™≡⁸ ╩ ╘╢ ≤⌂╣┌ ™≢№╢⁹ 
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Appendix1 ⱬ▬☼ ─  

ⱬ▬☼ │⁸ⱬ▬☼─ ⅜ ≤⌂∫≡™╢⁹ⱬ▬☼─ ╩ ⌐ ∆╢≤⁸

─№╢Ɽꜝⱷכ♃─ ⌐ ⅜ ∆╢ ≤ ⌐ ⌐♃כ♦√╣╠

≠⅝ ↕╣╢ ╩ ⇔⁸Ɽꜝⱷכ♃─ ╩ ╢╙─≢№╢⁹ ≢│⁸ ╠╣√

╩ ™≡⁸ ─ ⌐≈™≡─ ╩ ⇔√╡⁸№╢™│ ⌐

⇔√ ╩ ⅎ╢ ╩ ╘╢⌂≥⁸ ⌐≈™≡─ ╩ ™√ ⌂ ╩ ℮↓

≤⅜≢⅝╢⁹ │⁸ ─⌂™ ─Ɽꜝⱷכ♃─ ⌐Ⱨ

╩◒כ √⌂™ ≤⇔√ ≤Informative⌂ ⌐ ↕╣╢1⁹ ⇔√™Ɽꜝⱷכ

♃⅜ ↄ⌂∫√ ⌐│⁸ ╩ ⌐ ↄ↓≤⅜≢⅝⌂™ ⅜№╢⅜ ∕─

≤⇔≡⁸ ⌐ ≠ↄ ╩ ↕∑ ⌐ ╩ ╢Markov Chain Monte Carlo

MCMC ⅜№╢⁹ ≢ ∆═⅝Ɽꜝⱷכ♃⅜ ≈─ ─◦fiⱪꜟ⌂ ≢│⁸

─ ╩ ∆╢↓≤≢ ≤ ⅛╠ ─ ⅜ ⇔ↄ ⌐⌂╢ ⅜

№╢⁹ 

≤ ⅜ ∂ ─ ⌐⌂╢≤™℮ ╩ ≤ ┘⁸ ⅎ┌ ╩ⱬ

♃כ ⁸ ╩ ≤∆╣┌⁸ⱬ▬☼─ ⌐╟╡ │ⱬכ♃ ≤⌂╢↓≤⅜

╠╣≡™╢⁹ ⌐│⁸ X─ ⅜ ὢͯ ὄὲȟὴ⌐ ™ n ⁸p

⁸ ─Ɽꜝⱷכ♃p─ ╩ὴͯ ὄὩὸὥ‌ȟ‍ ⱬכ♃ ─ ≤

∆╣┌⁸x ⅜ ⅎ╠╣√ ≢─p─ │ὖͯ ὄὩὸὥ‌ ὼȟ‍ ὲ ὼ≤⌂╢ ⱬכ

♃ ─ ⁹ 

⌐ ╩ ⇔√ ⌐│⁸ ⌐ ⌐♃כ♦√╣╠ ⇔≡ ⅜

↕╣╢ ⌐⌂╢⁹ ≢Informative⌂ ╩ ⇔√ ⌐│⁸∕─ ‌ ‍

╩ ↄ √∑╢╒≥⁸ ⅜♃כ♦√╣╠ ⌐ ⅎ╢ │ ↕ↄ⌂╢ ⌐⌂╢⁹ ⅎ

┌⁸ p─ ≤⇔≡⁸ὄὩὸὥρȟρ πȢυ⁸ ρ ρ ς ╩

⇔⁸ ─ ≢15 10⅜ ╩♃כ♦℮™≥√⇔ √ ⁸ │ὄὩὸὥρρȟφ

ḥπȢφυ⁸ ρρφ ρχ≤⌂╢⁹ ⌐ ≠ↄ │ ḥπȢφχ≢№

╢─⌐ ⇔⁸ⱬ▬☼ ⌐ ≠ↄ │πȢφυ≢№╢↓≤⅛╠⁸ ⅜♃כ♦√╣╠

⌐ ⅎ╢ ⅜ ⅝™↓≤⅜ ⅛╢⁹ ≢⁸ p─ ≤⇔≡ὄὩὸὥςȟω

ḥπȢρψ⁸ ς ω ρρ╩ ⇔⁸ ∂ↄ ─ ≢15 10⅜ ⇔√

╩♃כ♦℮™≥ √ ⁸ │ὄὩὸὥρςȟρτ ḥπȢτφ⁸ ρς
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ρτ ςφ≤⌂╢⁹ ⌐ ≠ↄ │ ḥπȢφχ≢№╢─⌐ ⇔⁸ⱬ▬☼ ⌐ ≠ↄ

│πȢτφ≢№╢↓≤⅛╠⁸ ⅜♃כ♦√╣╠ ⌐ ⅎ╢ ⅜ ↕™↓≤⅜ ⅛

╢⁹ 

╕√ ⅜ ⅝™╒≥⁸ ⇔√ ⌐ ╦╠∏ ⌐ ⇔≡

⅜ ↕╣╢ ⌐⌂╢⁹ ⅎ┌⁸ p─ ≤⇔≡⁸ὄὩὸὥρȟρ╩ ⇔⁸

─ ≢150 10⅜ ╩♃כ♦℮™≥√⇔ √ ⁸ │ὄὩὸὥρρȟρτρ

ḥπȢπχς⁸ ρρρτρρυς≤⌂╢⁹ ≢ p─ ≤

⇔≡ὄὩὸὥςȟω╩ ⇔⁸ ∂ↄ ─ ≢150 10⅜ ╩♃כ♦℮™≥√⇔ √

⁸ │ὄὩὸὥρςȟρτω ḥπȢπχυ⁸ ρςρτωρφρ≤⌂╢⁹

╟∫≡⁸ ⌐ ≠ↄ │ ḥπȢπφχ≢№╢─⌐ ⇔⁸ⱬ▬☼ ⌐ ≠ↄ

│∕╣∙╣0.072┘πȢπχυ≢№╢↓≤⅛╠⁸ ⇔√ ⌐ ╦╠∏ ⌐

⇔≡ ⅜ ↕╣╢↓≤⅜ ⅛╢⁹ 

↕╠⌐⁸ ∆╢ │ ∂≤⇔≡⁸ ⅜ ⅝™ ≤ ↕™ ─

╩ ∆╢≤⁸ ─ ⅜ ⅜ ⌐ ⅎ╢ ⅜ ⅝ↄ⌂╢ ⌐⌂╢⁹

ⅎ┌⁸ p─ ≤⇔≡ὄὩὸὥςȟω╩ ⇔⁸ ─ ≢150 100⅜

╩♃כ♦℮™≥√⇔ √ ⁸ │Beta(102,59) ḥπȢφσ⁸

102+59=161≤⌂╢⁹ ≢ ∂ↄ p─Informative⌂ ≤⇔≡Beta(2,9)╩

⇔⁸ ─ ≢15 10⅜ ╩♃כ♦℮™≥√⇔ √ ⁸ │Beta(12,14)

ḥπȢτφ⁸ 12+14=26≤⌂╢⁹╟∫≡⁸ ⅜ ⌂╢↓≤≢

ⅎ╢ ⌐╟∫≡ ┼─ ⅜ ⌂╢↓≤⅜ ⅛╢⁹ 

⌐ ╠╣≡™╢ ─ ╩ ⌐ ∆⁹ 

   

ⱬכ♃   ⱬכ♃  

●fiⱴ  ⱳ▪♁fi  ●fiⱴ  

 ─   

●fiⱴ  ─  ●fiⱴ  

 

 

1. . (2018). ⇔⌂╛⅛⌂ ♦◙▬fi ♦◙▬fi⌐╟╢ . Japanese 

Psychological Review, 61(1), 86-100. 
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