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Abstract	

To	develop	a	new	method	for	interim	analysis	to	obtain	the	p-values	distribution	
profile	of	the	log-rank	test	and	the	statistical	power	at	various	information	fraction	
by	 iteratively	predicting	the	 lacking	time	data	of	censored	and	uncensored	cases	
respectively	 for	 each	 arm	 at	 the	 time	when	 the	 determined	 sample	 size	will	 be	
achieved.	A	compressive	sensing	algorithm	derived	from	artificial	intelligence	was	
developed	for	comparing	two	groups	of	clinical	trial	data	from	real-world	databases	
of	 deidentified	 individual	 participant-level	 data.	 The	 judgement	 of	 the	 interim	
analysis	 was	 compared	 to	 the	 conventional	 method,	 with	 our	 method	
demonstrating	 that	 it	 was	 at	 least	 comparable	 to	 the	 conventional	method.	 The	
power	by	our	method	was	higher	than	the	conditional	power	of	the	conventional	
method.	When	α-error	by	log-rank	test	was	focused,	our	method	seemed	to	have	
made	the	right	decision	earlier	than	the	conventional	method.	It	may	be	possible	to	
expand	the	options	of	applicable	methods	for	interim	analysis.	It	would	be	helpful	
in	establishing	efficacy	and	futility	judgement	in	clinical	trials.	

	



	
	

	
238	

Vol	10,	Issue	1,	February	-	2023	British	Journal	of	Healthcare	and	Medical	Research	(BJHMR)	
	

Services	for	Science	and	Education	–	United	Kingdom	

Keywords:	Clinical	Trial;	Artificial	Intelligence;	Compressive	Sensing;	Computer	Science;	
Study	Design.	

INTRODUCTION	
In	 clinical	 trials	 of	 cancer,	 progression-free	 survival	 (PFS)	 and	 overall	 survival	 (OS)	 are	
important	 primary	 endpoints.	 The	 changes	 in	 events	 over	 time	 are	 analyzed	 as	 important	
endpoints	and	commonly	displayed	using	Kaplan-Meier	curves.	In	particular,	the	log-rank	test	
is	often	used	as	 the	basic	 test	 for	significant	differences	 in	 the	survival	curves	between	two	
groups.	The	optimal	 two-stage	design	was	proposed	by	Simon.	This	method	determines	 the	
adequate	sample	size	by	calculating	the	response	probability	of	two	groups	with	α	and	β	errors	
[1,2].	Cancer	treatment	decisions	and	drug	development	have	traditionally	relied	on	statistical	
methods	using	these	errors	parameters.	
	
While	these	methods	may	help	accelerate	hypothesis	testing,	successful	clinical	trial	execution	
is	 resource	 intensive,	presenting	numerous	 logistical	 challenges.	First,	human	resources	are	
needed,	often	requiring	large	sample	sizes	depending	on	the	number	of	arms,	hypothesis	being	
tested	and	recruitment	time.	For	example,	if	there	is	a	standard	treatment	that	has	an	efficacy	
rate	of	0.60,	and	the	new	treatment	is	expected	to	have	an	efficacy	rate	of	0.70.	The	sample	size	
required	under	the	general	conditions	of	5%	of	α-error	and	20%	of	β-error	to	show	that	the	
new	 treatment	 is	 statistically	 significantly	 more	 effective	 is	 356	 patients	 in	 each	 group.	
Secondly,	 time-dependent	 endpoints,	 such	 as	 progression-free	 survival	 (PFS)	 and	 overall	
survival	 (OS)	 may	 require	 years	 to	 reach	 the	 critical	 number	 of	 events	 for	 interpretation.	
Increasingly,	co-primary	endpoints	of	PFS	and	OS	are	being	evaluated,	which	not	only	extends	
this	time	to	report	but	can	over-power	the	proximal	endpoint	if,	as	is	often	the	case	for	ovarian	
cancer	trials,	the	post-progression	survival	expectation	is	long.		
	
Third,	large	trials	require	substantial	funding.	The	Johns	Hopkins	Bloomberg	School	of	Public	
Health	published	that	‘Clinical	trials	that	support	FDA	approvals	of	new	drugs	have	a	median	
cost	of	$19	million	[3].	The	$19	million	median	figure	represents	less	than	one	percent	of	the	
average	 total	 cost	 of	 developing	 a	 new	 drug,	 which	 in	 recent	 years	 has	 been	 estimated	 at	
between	$2	to	$3	billion	[4].	
	
Therefore,	an	interim	analysis	was	devised	to	determine	whether	a	decision-making	conclusion	
on	efficacy	or	safety	could	be	reached	before	the	end	of	a	clinical	trial,	according	to	the	method	
specified	in	the	protocol.	A	clinical	trial	is	designed	by	calculating	the	sample	size	required	for	
statistical	analysis	based	on	the	previously	obtained	results	of	each	arm's	treatment	and	the	
defined	 values	 of	 α-	 and	 β-errors.	 To	 determine	 the	 statistical	 significance	 of	 the	 primary	
endpoint,	the	Lan-DeMets	α-spending	function	is	typically	used	to	adjust	for	the	multiplicity	of	
tests	[5].	There	are	two	approaches	to	the	α-spending	function:	the	Pocock	approach	[6]	and	
the	O'Brien-Fleming	approach	[7].	The	reason	for	using	the	α-spending	function	is	that	although	
the	log-rank	test	results	depend	on	the	number	of	patients	enrolled,	the	number	of	enrolled	
patients	does	not	reach	the	target	sample	size	at	the	time	of	an	interim	analysis.	To	determine	
whether	to	continue	or	discontinue	a	clinical	trial	based	on	a	statistically	significant	difference	
in	 the	 primary	 endpoint,	 a	method	 is	 used	 to	 compare	 the	 significance	 of	 the	 p-values	 at	 a	
certain	time	point	with	a	sample	size	smaller	than	the	sample	size	with	the	α-error	value	at	a	
predetermined	 final	 time	 point,	 usually	 0.05.	 In	 other	 words,	 the	 decision	 to	 continue	 or	
discontinue	a	clinical	trial	depends	on	the	statistic.	Interim	analysis	is	also	used	to	determine	
the	futility	of	discontinuing	a	clinical	trial	early	because	it	is	predicted	that	it	will	be	difficult	to	
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demonstrate	the	efficacy	of	the	trial	treatment	if	the	trial	continues.	If	the	significance	of	the	p-
values	at	a	certain	time	point	with	a	sample	size	is	larger	than	the	α-spending	function	and	the	
conditional	power	is	larger	than	a	certain	value,	the	trial	should	be	discontinued	as	a	futility	
stop	[8-10].		
	
If	 the	 lacking	 patient	 data	 can	 be	 predicted	 and	 supplemented	 by	 computation	 with	 good	
reliability,	the	α-spending	function	might	become	unnecessary,	and	human,	time	and	financial	
resources	can	be	saved.	Therefore,	 to	complement	 the	 lacking	data,	we	have	developed	and	
published	 a	 novel	 strategy	 to	 predict	 unknown	 data	 from	 a	 smaller	 sample	 size	 by	 using	
compressive	 sensing	 [11-14]	which	 is	 one	 of	 the	 information	 technologies	 used	 in	 artificial	
intelligence	[15,16].	This	method	generates	a	complete	list	of	the	predicted	data	from	a	smaller	
number	of	known	data.	Unlike	the	current	interim	analysis,	this	method	(a)	uses	AI	that	can	
classify	data	distributions	of	not	only	the	known	uncensored	data	but	also	the	known	censored	
data,	 respectively,	 (b)	 can	 generate	 predicting	 time	 data	 by	 compressive	 sensing,	 (c)	 can	
generate	thousands	of	p-values	calculated	by	a	surviving	test	such	as	a	log-rank	test	resulting	
in	robust	conclusion	presumably,	and	(d)	would	be	able	to	predict	the	outcome	of	survival	in	
the	form	of	p-value	distribution	profile	any	time	during	the	trial.	By	this	method,	the	number	of	
patients	reaches	the	target	sample	size,	so	the	precondition	of	α-	and	β-errors	is	retained,	and	
α-errors	can	be	simply	compared	without	introducing	the	concept	of	α-spending	function.	
	
In	 this	 study,	 we	 demonstrated	 this	 new	 method	 for	 interim	 analysis	 to	 obtain	 a	 p-value	
distribution	profile	of	the	log-rank	test	at	various	times	before	a	clinical	trial	would	be	finished.	
This	 is	 by	 iteratively	 predicting	 the	 lacking	 time	 data	 of	 censored	 and	 uncensored	 cases	
respectively	for	each	arm	at	the	time	when	the	determined	sample	size	will	be	achieved	using	
an	 improved	 algorithm	 for	 comparing	 two	 groups	 of	 clinical	 trial	 data	 from	 a	 real	 world	
database	in	Vivli	Inc.	(https://vivli.org).	Data	provided	was	deidentified	individual	participant-
level	data	(IPD)	[17]	that	used	the	raw	unit-level	data	 from	each	primary	study	[17,18]	and	
allowed	 different	 sources	 of	 heterogeneity	 in	 the	 effect	 estimate	 to	 be	 explored	 [19].	 We	
investigated	how	much	our	method	predicts	the	final	p-value	of	log-rank	test	and	how	accurate	
the	decision	for	whether	trial	continuation	with	fewer	sample	size.	The	feasibility	of	this	new	
prediction	method	as	a	new	interim	analysis	was	investigated	using	the	IPD.	
	

MATERIALS	AND	METHODS	
Targeted	Database	
We	used	databases	of	clinical	trials	in	Vivli	Inc.	(https://vivli.org).	For	this	study,	we	selected	
five	clinical	trials	that	were	two-arm	comparisons,	enrolled	at	least	300	patients,	and	showed	
Kaplan-Meier	curves	and	 log-rank	test	results	 for	PFS	and	OS,	respectively,	 in	 the	published	
papers.	 The	 selected	 five	 clinical	 trials	 were	 as	 follows;	 Study	 No.1:	 A	 Double-blind,	
Randomised,	Placebo	Controlled	Phase	III	Study	of	Nintedanib	Plus	Best	Supportive	Care	(BSC)	
Versus	Placebo	Plus	BSC	in	Patients	with	Metastatic	Colorectal	Cancer	Refractory	to	Standard	
Therapies.	 [20],	 Study	 No.2:	 A	 Randomized,	 Double-blind,	 Multicenter	 Phase	 3	 Study	 of	
Irinotecan,	Folinic	Acid,	and	5-Fluorouracil	(FOLFIRI)	Plus	Ramucirumab	or	Placebo	in	Patients	
With	Metastatic	Colorectal	Carcinoma	Progressive	During	or	Following	First-Line	Combination	
Therapy	With	Bevacizumab,	Oxaliplatin,	and	a	Fluoropyrimidine	[21],	Study	No.3:	A	Phase	III,	
Multicenter,	 Randomized,	 Blinded,	 Placebo-controlled	 Trial	 of	 Carboplatin	 and	 Gemcitabine	
Plus	Bevacizumab	in	Patients	With	Platinum-sensitive	Recurrent	Ovary,	Primary	Peritoneal,	or	
Fallopian	Tube	Carcinoma	[22],	Study	No.4:	AURELIA:	A	Multi-center,	Open-label,	Randomised,	
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Two-arm	 Phase	 III	 Trial	 of	 the	 Effect	 on	 Progression	 Free	 Survival	 of	 Bevacizumab	 Plus	
Chemotherapy	 Versus	 Chemotherapy	 Alone	 in	 Patients	 With	 Platinum-resistant,	 Epithelial	
Ovarian,	Fallopian	Tube	or	Primary	Peritoneal	Cancer	for	PFS	[23]	and	OS	[24],	Study	No.5:	A	
Randomized,	Open-label	Phase	 III	 Intergroup	Study:	Effect	 of	Adding	Bevacizumab	 to	Cross	
Over	 Fluoropyrimidine	 Based	 Chemotherapy	 (CTx)	 in	 Patients	 With	 Metastatic	 Colorectal	
Cancer	 and	 Disease	 Progression	 Under	 First-line	 Standard	 CTx/Bevacizumab	 Combination	
[25].	
	
We	 remotely	 logged	 into	 the	 research	 environment	 of	 Vivli	 Inc.	 and	 obtained	 deidentified	
individual	participant-level	data	of	the	studies	for	each	arm	for	PFS	and	OS,	including	the	date	
of	 randomization,	 the	 last	 event	 for	 censored	or	uncensored,	 and	 the	date	 of	 the	 last	 event	
confirmation.	
	
The	data	was	processed	at	the	date	of	analysis	so	that	the	longest	observation	period	might	not	
exceed	the	observation	period.	For	example,	if	the	observation	period	is	set	to	5	years,	a	case	
that	was	not	censored	at	5.1	years	was	considered	a	censored	case	at	5	years,	and	a	case	that	
was	censored	at	5.1	years	was	considered	a	censored	case	at	5	years.	All	analyses	will	use	this	
process	 for	 all	patient’s	data	with	each	appropriate	observation	date	as	determined.	 In	 this	
analysis,	the	observation	period	was	defined	as	5	years	that	corresponds	to	1,826.25	(=365.25	
×	5)	days.	Then	each	study	was	re-evaluated	by	log-rank	test	with	processed	data.	Due	to	this	
process,	the	results	of	the	analysis	by	this	study	might	differ	from	the	results	already	published	
in	the	corresponding	papers.		
	
Because	the	date	information	was	not	found	in	the	database	for	Study	No.5,	 it	was	excluded	
from	the	analysis,	and	the	results	were	obtained	from	the	remaining	four	studies.	The	PFS/OS	
in	study	1,	2,	3	and	4,	was	defined	as	 trial	No.1/No.2,	No.3/No.4,	No.5/No.6	and	No.7/No.8,	
respectively.	
	
Prediction	of	the	Number	of	Uncensored	Cases	in	the	Final	Sample	Size	
In	the	log-rank	test,	the	number	of	censored	cases	is	irrelevant	to	the	prognostic	calculation	and	
the	p-value,	and	the	number	of	uncensored	cases	affects	the	p-value.	Hence,	it	is	important	to	
predict	 the	number	of	uncensored	cases	at	 the	final	sample	size.	The	ratio	of	 the	number	of	
samples	at	a	certain	point	in	time	to	the	final	sample	size	is	called	the	information	fraction,	and	
the	date	corresponding	to	the	appropriate	information	fraction	at	which	the	number	of	events	
was	 ten	 or	 more	 was	 determined	 because	 the	 surviving	 analysis	 with	 log-rank	 test	 is	 not	
reliable	with	a	few	samples.	The	classification	of	censored	or	uncensored	was	confirmed	by	the	
date	 for	 each	 case	 and	 varied	 depending	 on	 the	 date.	 As	 a	 common	 interim	 analysis	 for	
comparison,	 the	 p-values	 of	 the	 Lan-DeMets	 spending	 function	 as	 determined	 by	 the	
information	fraction	to	approximate	an	O'Brien-Fleming	bound	in	which	α=0.025	for	one-sided	
Type	I	error	specification	and	the	conditional	powers	were	calculated.	
	
The	list	in	the	ratio	of	uncensored	cases	at	appropriate	date	intervals,	which	was	one	month	in	
this	study,	up	to	the	date	just	determined	was	obtained.	From	the	product	of	the	known	final	
sample	size	and	the	proportion	of	uncensored	cases	corresponding	to	the	5th,	25th,	50th,	75th,	
and	 95th	 percentiles	 in	 this	 list,	 we	 obtained	 five	 different	 estimates	 of	 the	 number	 of	
uncensored	and	censored	cases,	respectively.	
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Compressive	Sensing	
Next,	we	set	the	appropriate	dates	where	the	number	of	events,	or	the	number	of	uncensored	
events,	is	ten	or	more.	Then,	data	of	the	corresponding	information	fractions	and	a	matrix	of	
random	elements	composed	of	the	optimal	distribution	function	for	the	data	for	censored	and	
uncensored	 data	 were	 obtained,	 respectively.	 The	 functional	 forms	 of	 distributions	 as	
candidates	 for	 data	 distributions	 that	 were	 the	 same	 as	 we	 had	 previously	 reported	 for	
analyzing	cases	of	massive	hemorrhage	during	delivery	[26]	were	as	follows;	beta	distribution	
[27,28],	 Cauchy	 distribution	 [27,29],	 chi	 distribution	 [30],	 chi-square	 distribution	 [27,31],	
exponential	distribution	[27,32],	extreme	value	distribution	[27,33],	Frechet	distribution	[34],	
gamma	 distribution	 [35]),	 Gumbel	 distribution	 [36],	 half	 normal	 distribution	 [37],	 inverse	
Gaussian	distribution	[27,38,39],	Laplace	distribution	[27,40],	Levy	distribution	[41],	logistic	
distribution	 [27,42,43],	 log	 normal	 distribution	 [27,38,44,45],	Maxwell	 distribution,	 normal	
distribution	 [27,44],	 Pareto	 distribution	 [44,46],	 Rayleigh	 distribution	 [27,47],	 Student-t	
distribution	 [27,48],	 uniform	 distribution	 [49],	 Weibull	 distribution	 [27]	 and	 mixed	
distribution	consisted	of	more	than	two	distributions	above.	
	
Our	 method	 of	 compressive	 sensing	 was	 used	 to	 produce	 five	 different	 data	 sets	 for	 data	
completion.	The	data	of	 the	remaining	patients	who	should	be	enrolled	will	be	predicted	as	
follows:	
	

argmin
1
2𝑛 |

|𝑌 − 𝐴𝑋||! + 𝜆1|𝑥"|
#

"$%

	

	
where	m;	the	number	of	sample	size	of	patients	to	fit	a	clinical	trial,	n;	enrolled	patients,	𝜆 ∈ ℝ,	
X = (𝑥%, … , 𝑥#)	

' , 	 Y = (𝑦%, … , 𝑦()	
' , 	 𝑚, 	 𝑛 ∈ ℕ, 	 m > 𝑛, 	 ∀𝑥 ≥ 0, 	 ∀𝑦 ≥ 0, 	 ∀𝑆 ∈

data	distribution	𝑜𝑓	Y,	𝐴 ∈ 𝑆(×#	and	∀𝑦 ∈ X	,	as	we	reported	[15,16].	
	
To	increase	the	reliability	of	prediction	by	compressive	sensing	as	a	computational	technique,	
we	added	nine	times	as	many	zeros	as	the	number	of	cases	to	the	censored	and	uncensored	
data,	respectively,	to	sparse	the	data,	because	compressive	sensing	can	reconstruct	data	well	
especially	when	data	are	sparse	[15,16].	Eventually,	the	added	zeros	were	excluded	to	obtain	a	
data	set	with	the	target	sample	size.	The	data	set	can	be	created	any	number	of	repeated	times,	
but	in	this	case,	three	times	was	chosen.	In	this	way,	we	obtained	15	(=	5×3)	prediction	data	for	
each	group.	
	
Log-Rank	Test	
We	then	performed	225	(=	(5×3)2)	log-rank	tests	for	all	combinations	of	the	two	groups;	arm	A	
and	B,	at	some	appropriate	information	fractions	that	ranges	universally	from	0.2-0.3	to	about	
1.0.	Assuming	that	the	proportion	of	uncensored	cases	during	the	observation	period	follows	a	

standard	normal	distribution	 %
√!+

𝑒,
!"

" ,	the	data	corresponding	to	the	5th,	25th,	50th,	75th,	and	95th	
percentiles	were	obtained	with	rounded	down	to	two	decimal	places.	We	assumed	that	the	data	
corresponding	 to	 a	 percentile	 value	 have	 a	 weight	 that	 was	 𝑓(𝜏) ,	 where	 𝑓(𝑥) =
%

√!+
𝑒,

!"

" , 𝑣=∫ 𝑓(𝑥)-
,. 	and	𝑣	was	 the	percentile	value.	Thus,	 the	data	corresponding	 to	 the	5th,	

25th,	 50th,	 75th,	 and	 95th	 percentiles	 have	weights	 of	 0.10,	 0.31,	 0.39,	 0.37,	 and	 0.10	 of	 the	
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cumulative	distribution	function	value	of	the	standard	normal	distribution,	respectively,	so	we	
can	multiply	the	number	of	log-rank	test	p-values	by	10,	31,	39,	31,	and	10,	respectively,	so	that	
819,675	p-values	of	log-rank	test	for	each	information	fraction	might	be	obtained.	Statistical	
values	such	as	median,	mean,	5th	percentile,	95th	percentile,	and	standard	deviation	of	each	set	
of	log-rank	p-values	were	obtained.	
	
Evaluation	of	Log-Rank	P-Value	Distribution	
The	following	evaluation	criteria	were	defined	to	determine	whether	to	continue	the	clinical	
trial	of	this	method.	
	
The	first	method	to	the	evaluation	was	that	if	the	95th	percentile	of	the	predicted	log-rank	p-
values	 was	 less	 than	 0.05,	 it	 was	 expected	 that	 the	 clinical	 trial	 would	 show	 significant	
differences	 and	 the	 current	 clinical	 trial	 should	 be	 discontinued	 as	 efficacy	 stop.	 If	 the	 5th	
percentile	of	the	predicted	log-rank	p-values	was	equal	to	or	more	than	0.05	and	the	power	was	
equal	 to	 or	more	 than	 0.2	 [8],	 it	 is	 expected	 that	 the	 clinical	 trial	 will	 show	 no	 significant	
differences	 and	 the	 current	 clinical	 trial	 should	 be	 discontinued	 as	 futility	 stop.	 If	 the	 5th	
percentile	of	the	predicted	log-rank	p-values	was	equal	to	or	more	than	0.05	and	the	power	was	
less	than	0.2,	the	current	clinical	trial	should	be	continued,	though	the	trial	could	be	considered	
worthy	of	discontinuation	as	a	futility	stop	without	statistical	confidence.	In	other	cases,	such	
as	when	the	median	value	was	less	than	0.05	but	the	95th	percentile	value	was	greater	than	
0.05,	the	decision	was	continuation.	
	
As	for	the	conventional	interim	analysis,	the	criterion	of	the	conditional	power	was	defined	as	
0.2	 [8]	 in	 this	 study.	 The	 power	 and	 the	 conditional	 power	were	 compared	 by	 t-test	when	
information	fraction	was	less	than	1.00.	
	
Development	Environment	of	Program	and	Statistical	Analysis	
An	 original	 program	 for	 this	 study	 was	 created	 with	 using	 Mathematica	 12.3	 (Wolfram	
Research,	 Champaign,	 IL,	 USA)	 at	 Medical	 Data	 Labo	 (Okayama,	 Japan).	 The	 program	 was	
transferred	to	Windows	server	(Microsoft,	Redmond,	WA,	USA)	with	Xenon	2.6	GHz	and	14	GB	
RAM	in	Research	Environment	(Vivli	Inc.)	where	all	of	processes	for	analysis	were	carried	out	
remotely	 with	 Microsoft	 Remote	 Desktop	 10.7.1	 (Microsoft,	 Redmond,	 WA,	 USA)	 via	 the	
Internet.	 Log-rank	 test	 and	 t-test	 were	 used	 with	 using	 Mathematica	 12.3.	 P	 <	 0.05	 was	
considered	to	indicate	statistical	significance.	
	

RESULTS	
The	p-values	of	log-rank	test	for	PFS,	OS	and	the	number	of	finally	enrolled	patients	that	were	
recalculated	for	study	1,	2,	3	and	4	were	9.351×10-12,	0.41185	and	814,	0.00194,	0.04882	and	
768,	1.8357×10-11,	0.34293	and	484,	and	3.2349×10-12,	0.22017	and	361,	respectively	(Table	
1).	
	
As	for	trial	No.1	with	9.351×10-12	of	log-rank	p-value,	the	ratio	of	uncensored	cases	of	arm	A	as	
a	function	of	 information	fraction	gradually	increased	until	the	information	fraction	reached	
0.4,	and	then	it	remained	at	almost	the	final	ratio	0.4.	The	ratio	of	arm	B	gradually	increased	
until	the	information	fraction	reached	0.4,	and	then	it	remained	at	almost	the	final	ratio	0.6.	
From	 the	early	 stage	of	 the	 information	 fraction	of	0.3256,	 the	 final	predicted	value	by	our	
method	was	expected	to	be	below	0.05	and	correct	(Figure	1).	Our	method	was	able	to	make	
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the	right	decision	as	efficacy	stop	earlier	than	the	conventional	method	(Table	2).	As	for	trial	
No.2	with	0.41185	of	log-rank	p-value,	the	ratio	of	uncensored	cases	of	arm	A	and	arm	B	as	a	
function	of	information	fraction	ratio	was	constantly	increasing	until	the	information	fraction	
reached	1.0.	The	final	values	were	about	0.2.	The	log-rank	test	could	not	be	performed	because	
few	events	occurred	when	the	information	fraction	was	less	than	0.4245.	From	the	early	stage	
of	the	information,	the	final	predicted	value	by	our	method	was	expected	to	be	over	0.05	and	
was	correct	(Figure	2).	In	our	method,	the	judgement	when	information	fractions	were	equal	
to	or	more	than	0.6068	might	be	worthy	of	futility	stop	because	5th	percentile	were	more	than	
0.05.	 However,	 since	 powers	 were	 less	 than	 0.2,	 the	 judgement	 was	 a	 continuation.	 The	
conventional	method	resulted	in	a	continuation	because	the	conditional	powers	were	<0.2.	The	
judgements	of	our	method	and	the	conventional	method	were	similar.	(Table	3).	As	for	trial	
No.3	with	0.00194	of	log-rank	p-value,	the	ratio	of	uncensored	cases	of	both	arm	A	and	B	as	a	
function	of	 information	 fraction	ratio	was	constantly	 increasing	 to	0.8	until	 the	 information	
fraction	 reached	 1.0.	 From	 the	 early	 stage	 of	 the	 information	 fraction	 of	 0.1733,	 the	 final	
predicted	value	by	our	method	was	expected	to	be	below	0.05	and	was	correct	(Figure	3).	Our	
method	was	 able	 to	make	 the	 right	 decision	 as	 efficacy	 stop	 earlier	 than	 the	 conventional	
method.	(Table	4).	As	for	trial	No.4	with	0.04882	of	log-rank	p-value,	the	ratios	of	uncensored	
cases	of	both	arm	A	and	arm	B	as	a	function	of	information	fraction	were	constantly	increasing	
to	 about	 0.4	 until	 the	 information	 fraction	 reached	 1.0,	 then	 increased	 to	 1.0.	 The	 95th	
percentiles,	median	and	mean	of	the	final	predicted	values	were	greater	than	or	less	than	0.5	
and	 the	 5th	 percentiles	 of	 the	 values	 were	 less	 than	 0.05.	 The	 95th	 percentile	 of	 the	 final	
predicted	value	by	our	method	was	less	than	0.05	only	at	information	fraction	at	0.4320	(Figure	
4).	The	judgements	of	our	method	and	the	conventional	method	were	similar	(Table	5).	As	for	
trial	No.5	with	0.8357×10-11	of	 log-rank	p-value,	the	ratio	of	uncensored	cases	of	arm	A	as	a	
function	of	 information	 fraction	ratio	was	constantly	 increasing	 to	0.5	until	 the	 information	
fraction	 reached	 1.0.	 The	 final	 value	 was	 about	 0.75.	 The	 ratio	 of	 arm	 B	 was	 constantly	
increasing	to	0.6	until	the	information	fraction	reached	1.0.	The	final	value	was	about	0.9.	From	
the	information	fraction	of	0.4811,	the	final	predicted	value	by	our	method	was	expected	to	be	
below	0.05	and	correct	(Figure	5).	The	judgements	of	our	method	and	the	conventional	method	
were	 similar	 (Table	 6).	 As	 for	 trial	 No.6	 with	 0.34293	 of	 log-rank	 p-value,	 the	 ratio	 of	
uncensored	cases	of	arm	A	as	a	function	of	information	fraction	ratio	was	constantly	increasing	
to	about	0.1,	which	was	a	low	value,	until	the	information	fraction	reached	1.0.	The	final	value	
increased	to	about	0.7.	The	ratio	of	arm	B	was	constantly	increasing	to	about	0.2,	which	was	
also	a	low	value,	until	the	information	fraction	reached	1.0.	The	final	value	increased	to	about	
0.7.	 After	 the	 planned	 sample	 size	 was	 achieved,	 the	 value	 of	 the	 log-rank	 test	 increased	
significantly	with	the	passage	of	observation	time	while	the	information	fraction	remained	at	
1.0.	 The	 log-rank	 test	 could	 not	 be	 performed	 until	 the	 information	 fraction	was	 less	 than	
0.7735	because	few	events	occurred.	From	the	information	fraction	of	0.8226	to	close	to	1.0,	
the	 final	 predicted	 value	 by	 our	method	was	 expected	 to	 be	 below	 0.05	 and	was	 incorrect	
(Figure	6).	The	judgements	of	our	method	and	the	conventional	method	were	similar.	(Table	
7).	As	for	trial	No.7	with	3.2349×10-12	of	log-rank	p-value,	the	ratio	of	uncensored	cases	of	arm	
A	as	a	function	of	information	fraction	increased	to	0.5	until	the	information	fraction	reached	
0.4,	and	then	it	constantly	and	gradually	increasing	to	about	0.7	until	the	information	fraction	
reached	1.0.	The	final	value	increased	to	1.0.	The	ratio	of	arm	B	was	constantly	increasing	to	
about	0.6	until	the	information	fraction	reached	1.0.	The	final	value	increased	to	1.0.	From	the	
information	 fraction	of	0.2528,	 the	 final	predicted	value	by	our	method	was	expected	 to	be	
below	0.05	and	correct	(Figure	7).	Our	method	was	able	to	make	the	right	decision	as	efficacy	



	
	

	
244	

Vol	10,	Issue	1,	February	-	2023	British	Journal	of	Healthcare	and	Medical	Research	(BJHMR)	
	

Services	for	Science	and	Education	–	United	Kingdom	

stop	earlier	than	the	conventional	method.	(Table	8).	As	for	trial	No.8	with	0.22017	of	log-rank	
p-value,	the	ratio	of	uncensored	cases	of	arm	A	as	a	function	of	information	fraction	gradually	
increased	to	about	0.2	until	the	information	fraction	reached	1.0.	The	final	value	increased	to	
about	0.7.	The	ratio	of	arm	B	gradually	 increased	to	about	0.2	until	 the	information	fraction	
reached	1.0.	The	final	value	increased	to	about	0.8.	The	95th	percentiles,	median	and	mean	of	
the	 final	predicted	values	value	by	our	method	was	greater	 than	or	 less	 than	0.05.	The	95th	
percentiles	of	 the	 final	predicted	values	were	 less	 than	0.05	between	0.5306	and	0.7167	of	
information	fraction	(Figure	8).	Our	method	was	not	able	to	make	the	right	decision	that	was	
futility	 stop	 earlier	 than	 the	 conventional	method.	 The	 judgements	 of	 our	method	 and	 the	
conventional	method	were	similar.	(Table	9).	
	
The	number	of	cases	judged	to	have	been	correctly	efficacy	stop,	correctly	futility	stop,	wrong	
efficacy	 stop,	wrong	 futility	 stop	 and	 remaining	 continuation	 to	 the	 end	by	 our	method	 for	
significant/non-significant	trial	results	were	4/NA,	NA/0,	0/1,	0/0	and	1/2,	respectively.	The	
number	of	cases	for	those	by	the	conventional	method	were	the	same.	The	values	of	power	were	
larger	than	the	values	of	the	conditional	power	in	all	trials	when	information	fraction	was	less	
than	1.00.	
	
The	effect	of	the	number	of	calculations	on	the	results	was	examined,	and	the	results	for	both	
the	log-rank	p-values	and	the	value	of	the	power	remained	almost	the	same	even	after	more	
than	one	million	calculations	for	each	information	fractions	(data	not	shown).	
	

DISCUSSIONS	
The	final	p-values	of	log-rank	test	could	be	predicted	to	some	extent	by	iteratively	predicting	
the	 lacking	 time	data	using	our	method	 for	 comparing	 two	groups	of	 clinical	 trial	 data.	We	
thought	one	major	reason	was	that	the	data	used	in	this	study	were	not	such	that	it	would	have	
resulted	in	a	futility	stop	in	the	first	place,	and	there	was	no	difference	between	our	method	
and	the	conventional	method	in	that	data	set.	But	we	considered	it	statistically	important	that	
we	had	developed	a	method	 that	was	at	 least	 comparable	 to	 the	 conventional	method.	 It	 is	
impossible	 to	predict	 the	 future	 completely,	 but	we	developed	a	new	method	derived	 from	
compressive	sensing	that	is	one	of	the	information	technologies	used	in	artificial	intelligence	
that	we	have	applied	to	medical	studies	in	recent	several	years	[15,16,26,50-61].	Our	method	
for	predicting	unknown	data	including	the	observed	data	can	be	applied	to	various	types	of	data	
including	length,	weight,	volume	etc.	In	this	study,	time	associated	with	date	in	clinical	trial	was	
targeted.	We	applied	the	method	for	interim	analysis	to	estimate	the	final	prediction	of	survival	
from	a	small	number	of	enrolled	patients,	which	is	a	completely	different	approach	from	the	
method	of	the	Lan-DeMets	α-spending	function	[5].	Since	our	method	complements	data	of	the	
lacking	cases,	we	do	not	need	to	introduce	the	concept	of	the	spending	function	because	our	
method	satisfies	the	error	condition	that	was	already	required	in	the	clinical	trial	design.	The	
results	predicted	by	our	method	does	not	present	a	confirmed	outcome	but	data	distributions	
of	the	probability	of	log-rank	test.	Because	the	single	outcome	is	only	a	candidate	of	unknown	
data,	robustness	of	the	result	could	be	obtained	by	repeated	calculations.	In	an	empirical	case	
of	 our	 previous	 report,	 we	 showed	 that	 the	 p-value	 distribution	 of	 the	 log-rank	 test	 for	
thousands	or	millions	can	be	obtained	by	simply	iterating	the	missing	data	[15,16].	However,	
to	speed	up	the	calculation	and	to	incorporate	errors	in	the	estimated	number	of	uncensored	
and	 censored	 cases,	 we	 used	 percentile	 values	 and	 corresponding	 weights	 from	 standard	
normal	 distribution	 in	 this	 study.	 The	 confidence	 intervals	 could	 be	 obtained	 and	 the	
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calculating	time	became	more	than	one	hundred	times	faster	with	the	process	(data	not	shown).	
Prediction	by	this	method	can	be	repeatedly	obtained	at	various	information	fractions	in	the	
clinical	trial	when	the	information	of	a	single	patient	is	censored.	
	
As	for	technical	view	of	computer	calculation,	compressive	sensing	can	reconstruct	data	better	
especially	when	data	are	sparse.	Thus,	we	added	nine	times	zeros	to	the	known	data,	obtained	
the	shortage	data,	and	removed	the	zeros.	we	thought	it	was	not	necessary	for	investigators	to	
analyze	 and	 investigate	 the	 sparseness	 of	 enrolled	 data	 by	 the	 procedure	 of	 adding	 and	
removing	 zeros.	 Additionally,	 compressive	 sensing	 requires	 a	matrix	𝐴 ∈ 𝑆(×# 	consisted	 of	
some	data	distribution	 function.	To	make	a	matrix	 for	each	enrolled	data	at	 an	 information	
fraction,	we	 identified	 and	used	data	 distributions	 such	 as	Weibull	 distribution,	 log	 normal	
distribution	 and	 so	 on.	 We	 thought	 this	 method	 to	 make	 a	 matrix	 was	 very	 important	 to	
complete	 lacking	data.	Though	this	calculation	process	might	need	 further	 investigation,	we	
thought	our	method	demonstrated	in	this	study	was	acceptable	because	of	good	performance.	
	
With	 using	 quantitative	 criteria,	 all	 final	 p-value	 predictions	 for	 PFS	 by	 our	 method	 were	
correct,	probably	because	event	occurrence	was	observed	relatively	earlier	compared	to	OS.	
	
When	α-error	by	log-rank	test	was	focused,	our	method	seemed	to	have	made	the	right	decision	
earlier	than	the	Lan-DeMets	method	in	deciding	whether	to	continue	or	discontinue	the	trial.	
When	the	final	actual	log-rank	p-value	was	quite	small,	as	was	the	case	for	all	four	PFS	trials,	
even	when	the	information	fraction	was	around	0.2-0.4,	the	final	p-value	predicted	at	that	time	
by	our	method	was	less	than	0.01.	Therefore,	if	the	predicted	final	p-value	by	our	method	at	the	
information	 fraction	 of	 0.2-0.4	was	 about	 0.05,	 it	 could	 be	 decided	 that	 the	 trial	 should	 be	
discontinued	as	efficacy	stop	if	the	power	was	more	than	0.2.	The	predicted	final	p-value	was	
correct	even	at	an	early	stage,	such	as	an	information	fraction	of	about	0.2,	when	more	than	ten	
events	 occurred.	 On	 the	 other	 hand,	 the	 predicted	 final	 p-value	 was	 not	 correct	 when	 the	
number	 of	 events	 occurred	 in	 less	 than	 ten	 patients	 even	 though	 the	 number	 of	 enrolled	
patients	was	large,	as	in	the	case	of	Trial	No.	6,	where	the	information	fraction	was	0.9,	and	
when	events	occurred	 later	 in	 the	observation	period.	 In	 the	 case	of	 clinical	 trials	 in	which	
events	did	not	occur	frequently,	such	as	Trial	No.	2	and	6,	the	number	of	events	was	too	small	
to	calculate	well	even	if	the	information	fraction	was	quite	high.	In	cases	such	as	Trial	No.	4,	6,	
7	 and	 8,	 where	 the	 event	 occurred	 gradually	 after	 the	 enrollment	 was	 completed	 and	
observation	was	 continued,	 the	 p-value	 increased	 from	 less	 than	 0.05	 to	 0.2,	 etc.	while	 the	
information	 fraction	 remained	at	1.0.	The	 final	p-value	 could	be	difficult	 to	predict	 in	 these	
cases.	If	the	final	predicted	p-value	was	around	0.05	such	as	trial	No.	4	of	which	p-value	of	the	
actual	result	was	0.0482,	it	was	difficult	to	predict	the	final	significance.	
	
The	 Kaplan-Meier	 curve	 should	 not	 be	 crossed	 in	 survival	 analysis	 and	 is	 of	 clinical	 and	
statistical	use.	The	curve	crossing	was	observed	in	trial	No.	2	but	did	not	affect	the	final	p-value	
prediction.	 The	 time	 course	 of	 survival	 could	 be	 assumed	 to	 be	 the	 occurrence	 of	 an	 event	
according	 to	 a	 specific	 probability	 distribution,	 and	 our	 method	 does	 not	 require	 the	
assumption	of	 such	an	unknown	 function	and	uses	 the	distribution	of	 the	 raw	data	 as	 it	 is.	
Therefore,	 it	 is	considered	 that	 the	results	of	 log-rank	 test	might	not	be	affected	even	 if	 the	
curve	was	crossed.	
	



	
	

	
246	

Vol	10,	Issue	1,	February	-	2023	British	Journal	of	Healthcare	and	Medical	Research	(BJHMR)	
	

Services	for	Science	and	Education	–	United	Kingdom	

There	are	some	limitations	of	our	method.	First,	In	the	case	of	a	clinical	trial	in	which	events	did	
not	occur	easily,	the	number	of	events	was	too	small	to	calculate	the	survival	rate	well	even	if	
the	information	fraction	was	quite	advanced.	These	might	be	due	to	the	following	two	reasons.	
Since	the	log-rank	test	in	survival	analysis	is	greatly	affected	by	the	number	of	events,	especially	
at	the	time	when	the	observation	time	is	long,	if	the	number	of	events	itself	is	small,	a	small	
change	in	the	number	of	events	can	cause	a	large	change	in	the	p-value.	Using	little	data,	the	
prediction	of	the	data	distribution	function	in	our	method	will	be	more	inaccurate,	so	the	error	
of	 the	 predicted	 data	 will	 be	 larger.	 The	 temporal	 status	 of	 event	 occurrence	 is	 generally	
unknown	before	the	study	begins.	Therefore,	if	fewer	than	ten	events	occurred	in	at	least	one	
arm,	it	was	considered	prudent	to	apply	this	method	and	to	continue	the	clinical	trial.	As	seen	
in	Trial	No.2,	if	the	predicted	final	p-value	at	an	information	fraction	of	about	0.4	in	the	case	of	
a	clinical	trial	with	a	low	event	frequency	throughout	the	entire	observation	period	was	already	
high	enough	such	as	about	more	than	0.5,	we	thought	that	the	trial	should	be	discontinued	as	
futility	stop	if	the	power	was	more	than	0.2.	Second,	if	the	information	fraction	remains	at	1.0	
and	 the	 final	 p-value	 increased	 from	 less	 than	0.05	 to	0.2	due	 to	 the	 gradual	 occurrence	of	
events	with	no	new	enrollment,	and	observation	was	continued	after	the	expected	number	of	
sample	size	was	achieved,	the	final	prediction	was	difficult,	as	seen	in	Trial	No.	6	(Figure	6).	We	
considered	this	situation	to	occur	if	the	event	was	a	gradual	occurrence	or	if	the	observation	
period	 was	 long	 relative	 to	 the	 time	 leading	 up	 to	 the	 event.	 In	 clinical	 trials,	 if	 the	 final	
predicted	p-value	is	lower	than	0.05	when	the	information	fraction	is	small	and	the	power	is	
less	than	0.2,	the	clinical	trial	should	be	continued.	Incidentally,	we	can	predict	that	if	we	further	
increase	the	number	of	required	sample	size,	the	prediction	will	become	more	accurate,	but	
this	is	not	a	good	solution	as	it	goes	against	the	purpose	of	improving	the	efficiency	of	clinical	
trials.	Third,	it	would	be	difficult	to	predict	the	judgement	whether	significant	or	not	in	cases	
where	the	final	actual	predicted	p-value	was	around	0.05,	such	as	trial	No.	4	of	which	the	final	
p-value	was	0.0488.	Fourth,	the	appropriate	observation	time	that	was	arbitrarily	defined	as	
1826.25	days	in	this	study	was	unknown.	Because	we	did	not	want	to	expect	infinite	censoring,	
this	finite	time	was	defined	as	the	observation	time.	The	appropriate	observation	time	seemed	
to	be	dependent	on	the	incidence	of	how	often	the	event	would	occur.	If	the	incidence	of	event	
was	less	than	0.2,	it	might	be	better	to	define	the	observation	time	more	than	1826.25	days.	
This	 appropriateness	 of	 selected	 observation	 time	might	 be	 considered	 in	 the	 study	design	
protocol	for	interim	analysis	using	information	from	preliminary	trials	for	not	only	our	method	
but	also	the	conventional	method.	
	
In	clinical	trials,	we	generally	expect	to	see	significant	differences,	and	it	is	preferable	to	not	
make	easy	aborts	at	an	early	stage	with	cautious	judgment.	Therefore,	the	calculated	power	was	
used	to	avoid	futility	stop	with	confidence	as	much	as	possible.	There	were	no	trials	determined	
to	be	futility	stop	in	the	studies,	because	all	the	studies	were	not	discontinued	but	completed,	
and	the	values	of	power	by	our	method	were	larger	than	the	values	of	conditional	power	using	
the	conventional	method.	Therefore,	if	the	abandoned	clinical	trial	data	was	investigated	by	our	
method,	our	method	might	perform	better	due	to	the	larger	values	of	power.	Our	method	could	
predict	the	evaluation	of	the	judgement	for	trials	with	statistically	significant	results	correctly.	
In	all	the	clinical	trials	with	PFS	as	the	endpoint,	our	method	correctly	predicted	that	there	were	
final	 significant	 differences	 and	 sufficient	 powers	 from	 the	 early	 stage	 of	 the	 information	
faction,	so	efficacy	stop	was	recommended.	
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Although	 the	 present	 study	 was	 analyzed	 assuming	 a	 two-stage	 design,	 our	 method	 for	
complementing	lacking	data	is	expected	to	be	available	for	the	adaptive	group	sequential	design	
that	allows	the	researcher	to	represent	every	group	sequential	plan	as	an	adaptive	trial	design	
and	to	make	design	changes	during	the	course	of	the	trial	after	every	interim	analysis	in	the	
same	way	 as	with	 adaptive	 designs	 [62-66],	 and	 adaptive	 seamless	 design	 that	 combines	 a	
phase	II	and	phase	III	into	one	trial	incorporating	a	decision	to	adapt	the	study	at	an	interim	
analysis	and	allows	modifications	made	to	trial	and/or	statistical	procedures	of	ongoing	clinical	
trials	[67-70].	Our	method	that	is	not	constrained	by	the	α-spending	function	might	be	valuable	
for	validating	the	feasibility	and	applicability	of	not	only	two-stage	study	design	but	also	those	
adaptive	designs.	
	
Our	method	using	compressive	sensing,	an	information	technology	of	artificial	intelligence,	is	
expected	to	be	useful	as	a	new	interim	analysis	with	date,	focusing	on	changes	in	the	number	
and	the	rate	of	event	occurrences.	Our	method	was	at	 least	comparable	 to	 the	conventional	
method.	It	may	be	possible	to	expand	the	options	of	applicable	methods	for	interim	analysis.	
Our	method	may	be	worth	applying	to	future	trials	that	are	not	terminated	futilely	but	are	not	
significant	 at	 the	 end.	We	 can	expect	 that	 there	will	 be	 trials	 that	 could	have	been	 stopped	
earlier	 if	 our	method	 had	 been	 used.	 By	 supplementing	 the	 data	 on	 the	 number	 of	 lacking	
patients	 by	 our	 method,	 it	 will	 be	 possible	 to	 improve	 the	 efficiency	 of	 human,	 time,	 and	
financial	resources.	It	would	be	helpful	in	establishing	efficacy	and	futility	judgement	in	clinical	
trials.		
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TABLES	
Table	1.	The	summary	of	the	trials.	Each	trial	was	re-evaluated	by	log-rank	test	for	a	defined	
observation	 period.	 The	 data	 was	 processed	 at	 the	 date	 of	 analysis	 so	 that	 the	 longest	
observation	 period	 does	 not	 exceed	 1826.25	 days	 (=	 5	 years).	 Due	 to	 this	 process,	 the	
recalculated	 p-value	 of	 log-rank	 test	 in	 this	 study	 may	 differ	 from	 the	 p-values	 already	
published	in	the	corresponding	paper.	OS;	overall	survival,	PFS;	progression-free	survival.	
	

	
Table	2.	Result	for	PFS	of	trial	No.1	[20]	with	the	actual	final	p-value	of	log-rank	test	was	9.351	
×	10-12.	From	the	early	stage	of	the	information	fraction	of	0.3256,	the	95th	percentiles	of	the	
final	predicted	values	by	our	method	were	less	than	0.05.	The	judgement	was	efficacy	stop	at	
this	stage.	On	the	other	hand,	this	trial	would	have	been	suggested	to	continue	at	the	early	stage	
until	the	information	fraction	reached	0.4905	by	using	the	Lan-DeMets	spending	function	to	
approximate	 an	 O'Brien-Fleming	 bound.	 In	 the	 conventional	 method,	 the	 judgement	 when	
information	fraction	was	equal	or	less	than	0.3256	was	either	futility	stop	with	no	statistical	
confidence	that	conditional	power	was	lower	than	0.2	or	continuation.	Our	method	was	able	to	
make	the	right	decision	as	efficacy	stop	earlier	than	the	conventional	method.	The	values	of	
power	were	larger	than	the	values	of	the	conditional	power	(P=0.039	by	t-test).	
	
	
	
	
	
	

Study	No.	 Clinical	
trial	No.	

Cancer	 Arm	design	 The	
number	of	
enrolled	
patients	

Endpoint	 Recalculated	 P-
Value	 of	 Log-
Rank	Test	

Original	 P-
Value	of	Log-
Rank	Test	

Study	 No.1	
[20]	

Trial	1	 Metastatic	
colorectal	
carcinoma		

nintedanib	 versus	
placebo	

814	 PFS	 9.351	×	10-12	 <0.0001	

	
Trial	2	

	
OS	 0.411	 0.8659	

Study	 No.2	
[21]	

Trial	3	 Metastatic	
colorectal	
carcinoma		

ramucirumab	 plus	
FOLFIRI	 versus	
placebo	 plus	
FOLFIRI	

768	 PFS	 0.001936	 0.0005	

	
Trial	4	

	
OS	 0.048818	 0.0219	

Study	 No.	 3	
[22]	

Trial	5	 Platinum-
sensitive	
Recurrent	
Ovary,	
Primary	
Peritoneal,	 or	
Fallopian	
Tube	
Carcinoma	

carboplatin	 and	
gemcitabine	 plus	
bevacizumab	
versus	 carboplatin	
and	 gemcitabine	
plus	placebo	

484	 PFS	 1.836	×	10-11	 <0.0001	

	
Trial	6	

	
OS	 0.3429	 0.6479	

Study	No.	4	 Trial	 7	
[23]	

Platinum-
resistant,	
Epithelial	
Ovarian,	
Fallopian	
Tube	 or	
Primary	
Peritoneal	
Cancer	

bevacizumab	 plus	
chemotherapy	
versus	
chemotherapy	
alone		

361	 PFS	 3.235	×	10-12	 <0.001	

	
Trial	 8	
[24]	

	
OS	 0.2202	 <0.174	
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	 	 Predicted	 p-value	 of	 log-rank	 test	 at	 end	 of	 the	
clinical	trial	

	 	 Conventional	method	

Informati
on	
fraction	

P-value	
of	 log-
rank	 test	
at	 the	
informati
on	
fraction	

Median	 Mean	 Standar
d	
deviati
on	

5th	
percent
ile	

95th	
percent
ile	

Pow
er	

Judgemen
t	 by	 our	
method	

P-
value†	

Conditio
nal	
power	

Judgemen
t‡	

0.1703	 4.968×	
10-3	

2.650×
10-53	

1.616×
10-50	

3.560×
10-50	

1.408×
10-54	

1.050×
10-49	

0.99
9	

efficacy	
stop	

5.576×
10-8	

0.112	 continuati
on§	

0.2662	 1.612×	
10-3	

4.898×
10-7	

0.0082
5	

0.2312	 1.982×
10-23	

0.6690	 0.70
2	

continuat
ion	

1.398×
10-5	

0.160	 continuati
on§	

0.3256	 2.913×	
10-3	

3.997×
10-8	

0.0129
0	

0.0703
9	

1.006×
10-15	

0.0138
0	

0.83
2	

efficacy	
stop	

8.580×
10-6	

0.168	 continuati
on§	

0.4905	 4.765×	
10-6	

6.910×
10-8	

1.259×
10-4	

4.054×
10-4	

1.348×
10-9	

6.790×
10-4	

0.83
1	

efficacy	
stop	

1.373×
10-3	

0.394	 efficacy	
stop	

0.6608	 2.825×	
10-9	

3.753×
10-13	

1.550×
10-12	

3.176×
10-12	

1.200×
10-14	

7.644×
10-12	

0.97
8	

efficacy	
stop	

5.828×
10-3	

0.710	 efficacy	
stop	

0.8027	 1.052×	
10-9	

1.010×
10-12	

1.164×
10-11	

5.010×
10-11	

1.110×
10-13	

5.184×
10-11	

0.89
6	

efficacy	
stop	

0.0123
5	

0.762	 efficacy	
stop	

0.9770	 3.262×	
10-12	

3.570E-
12	

6.330×
10-12	

8.285×
10-12	

1.310×
10-12	

2.202×
10-11	

0.86
7	

efficacy	
stop	

0.0233
5	

0.884	 efficacy	
stop	

0.9980	 1.714×	
10-11	

1.458×
10-11	

1.435×
10-11	

1.613×
10-12	

1.238×
10-11	

1.714×
10-11	

0.66
1	

efficacy	
stop	

0.0249
0	

0.908	 efficacy	
stop	

†;	P-value	of	the	Lan-DeMets	spending	function	to	approximate	an	O’Brien-Fleming	bound,	‡:	Judgement	by	the	
Lan-DeMets	spending	function,	§;	continuation	or	futility	stop	without	statistical	confidence.	
	
Table	 3.	 Result	 for	 OS	 of	 trial	 No.1	 [20]	with	 the	 actual	 final	 p-value	 of	 log-rank	 test	 was	
0.41185.	The	 judgement	was	 continuation	 from	 the	 early	 stage.	 This	 trial	would	have	been	
suggested	to	continue	at	the	early	stage	by	using	either	our	method	or	the	Lan-DeMets	spending	
function	 to	 approximate	 an	 O'Brien-Fleming	 bound.	 In	 our	 method,	 the	 judgement	 when	
information	 fractions	 were	 equal	 to	 or	 more	 than	 0.6068	might	 be	 worthy	 of	 futility	 stop	
because	5th	percentile	were	more	than	0.05.	However,	since	powers	were	 less	than	0.2,	 the	
judgement	was	a	continuation.	The	conventional	method	resulted	in	a	continuation	because	the	
conditional	powers	were	<0.2.	The	 judgement	of	our	method	and	 the	Lan-DeMets	 spending	
function	were	similar.	The	judgement	of	our	method	and	the	conventional	method	were	similar.	
The	values	of	power	were	larger	than	the	values	of	the	conditional	power	(P=0.006	by	t-test).	
	

  Predicted p-value of log-rank test at end of the clinical 
trial 

  Conventional method 

Informati
on 
fraction 

P-value of 
log-rank 
test at the 
informati
on 
fraction 

Median Mean Standar
d 
deviatio
n 

5th 

percenti
le 

95th 
percenti
le 

Pow
er 

Judgement 
by our 
method 

P-value† Conditio
nal 
power 

Judgement
‡ 

0.4245  0.5143  0.5023  0.4802  0.1513  0.0394  0.7061  0.10
6 

continuatio
n 

0.0006  0.012 continuatio
n§ 

0.5156  0.8645  0.3460  0.4104  0.3268  0.0220  0.9510  0.23
8 

continuatio
n 

0.0018  0.004 continuatio
n§ 

0.6068  0.4853  0.6426  0.6437  0.1591  0.3300  0.9000  0.06
6 

continuatio
n§ 

0.0040  0.013 continuatio
n§ 

0.6979  0.8966  0.6456  0.6468  0.1592  0.3576  0.8685  0.07
5 

continuatio
n§ 

0.0073  0.004 continuatio
n§ 

0.8398  0.2207  0.1898  0.2308  0.1139  0.0683  0.5766  0.17
5 

continuatio
n§ 

0.0145  0.029 continuatio
n§ 

0.9987  0.2692  0.2636  0.2615  0.0063  0.2520  0.2690  0.14
8 

continuatio
n§ 

0.0249  0.024 continuatio
n§ 
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†;	P-value	of	the	Lan-DeMets	spending	function	to	approximate	an	O’Brien-Fleming	bound,	‡:	Judgement	by	the	
Lan-DeMets	spending	function,	§;	continuation	or	futility	stop	without	statistical	confidence.	
	
Table	 4.	 Result	 for	 PFS	 of	 trial	 No.2	 [21]	with	 the	 actual	 final	 p-value	 of	 log-rank	 test	was	
0.00194.	From	 the	early	 stage	of	 the	 information	 fraction	of	0.1733	except	0.6738,	 the	95th	
percentiles	of	the	final	predicted	values	are	less	than	0.05	so	that	the	trial	might	be	correctly	
efficacy	 stop.	 When	 the	 information	 fraction	 of	 our	 method	 was	 0.1155	 and	 0.6738,	 95th	
percentile	was	more	than	0.05	though	the	median	value	and	the	mean	value	were	 less	 than	
0.05and	the	judgement	resulted	in	continuation.	On	the	other	hand,	this	trial	would	have	been	
suggested	to	continue	until	the	information	fraction	reached	0.8642	by	using	the	Lan-DeMets	
spending	function	to	approximate	an	O'Brien-Fleming	bound.	In	the	conventional	method,	all	
cases	with	information	fraction≤0.6738	were	futility	stops,	which	were	all	misjudgments,	but	
the	small	conditional	power	resulted	in	continuation.	Our	method	was	able	to	make	the	right	
decision	as	efficacy	stop	earlier	than	the	conventional	method.	The	values	of	power	were	larger	
than	the	values	of	the	conditional	power	(P=0.0039	by	t-test).	
	

  Predicted p-value of log-rank test at end of the clinical 
trial 

  Conventional method 

Informati
on 
fraction 

P-value of 
log-rank 
test at 
the 
informati
on 
fraction 

Median Mean Standar
d 
deviatio
n 

5th 
percenti
le 

95th 
percenti
le 

Pow
er 

Judgemen
t by our 
method 

P-value† Conditio
nal 
power 

Judgement
‡ 

0.1155 0.08892 4.230×1
0-8 

0.03060 0.1263 2.080×1
0-19 

0.1357 0.80
4 

continuati
on 

4.252×1
0-11 

0.053 continuati
on§ 

0.1733 0.03211 6.528×1
0-7 

3.930×1
0-3 

0.01568 2.715×1
0-17 

0.01637 0.64
4 

efficacy 
stop 

7.250×1
0-8 

0.083 continuati
on§ 

0.2374 8.801×10-

3 
1.738×1
0-8 

4.523×1
0-5 

3.405×1
0-4 

4.466×1
0-12 

9.563×1
0-5 

0.87
8 

efficacy 
stop 

4.226×1
0-6 

0.134 continuati
on§ 

0.3208 9.919×10-

3 
1.350×1
0-5 

4.635×1
0-4 

2.520×1
0-3 

1.782×1
0-9 

1.769×1
0-3 

0.64
0 

efficacy 
stop 

7.590×1
0-5 

0.133 continuati
on§ 

0.507 0.01901 8.300×1
0-4 

6.440×1
0-3 

0.01490 6.301×1
0-6 

0.03026 0.46
4 

efficacy 
stop 

1.640×1
0-3 

0.115 continuati
on§ 

0.6738 0.01242 4.410×1
0-3 

0.05319 0.1344 1.997×1
0-6 

0.2623 0.32
8 

continuati
on 

6.322×1
0-3 

0.142 continuati
on§ 

0.8642 1.817×10-

3 
1.468×1
0-3 

4.807×1
0-3 

8.520×1
0-3 

8.712×1
0-5 

0.02233 0.22
6 

efficacy 
stop 

0.01590 0.249 efficacy 
stop 

0.9197 5.753×10-

4 
5.680×1
0-4 

1.150×1
0-3 

2.123×1
0-3 

1.996×1
0-5 

2.990×1
0-3 

0.22
1 

efficacy 
stop 

0.01940 0.321 efficacy 
stop 

†;	P-value	of	the	Lan-DeMets	spending	function	to	approximate	an	O’Brien-Fleming	bound,	‡:	Judgement	by	the	
Lan-DeMets	spending	function,	§;	continuation	or	futility	stop	without	statistical	confidence.	
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Table	5.	Result	for	OS	of	trial	No.2	[21]	with	the	actual	final	p-value	of	log-rank	test	was	0.04882.	
The	95th	percentiles	of	the	final	predicted	values	by	our	method	straddled	the	top	and	bottom	
across	0.05.	The	 judgement	was	continuation	at	 the	most	of	 information	fractions.	This	trial	
would	have	been	suggested	 to	continue	at	 the	any	stage	by	using	 the	Lan-DeMets	 spending	
function	 to	 approximate	 an	O'Brien-Fleming	 bound.	 The	 conventional	method	 resulted	 in	 a	
continuation	as	a	judgement	because	the	conditional	power	was	<0.2,	though	the	judgement	
was	 a	 futility	 stop	 by	 considering	 P-value	 only.	 The	 judgement	 of	 our	 method	 and	 of	 the	
conventional	method	were	 similar.	 The	 values	 of	 power	were	 larger	 than	 the	 values	 of	 the	
conditional	power	(P=0.004	by	t-test).	
	

  Predicted p-value of log-rank test at end of the 
clinical trial 

  Conventional method 

Informati
on 
fraction 

P-value of 
log-rank 
test at the 
informati
on 
fraction 

Media
n 

Mean Standar
d 
deviatio
n 

5th 
percentil
e 

95th 
percentil
e 

Powe
r 

Judgement 
by our 
method 

P-value† Condition
al power 

Judgement‡ 

0.1166 0.2887 0.115
0 

0.093
9 

0.0809 1.535×1
0-8 

0.2279 0.517 continuati
on 

5.215×1
0-11 

0.028 continuatio
n§ 

0.2406 0.2755 0.004
0 

0.041
7 

0.0760 5.558×1
0-6 

0.2250 0.623 continuati
on 

4.897×1
0-6 

0.025 continuatio
n§ 

0.4320 0.0292 0.001
4 

0.003
0 

0.0044 1.731×1
0-5 

0.0124 0.780 efficacy 
stop 

6.490×1
0-4 

0.078 continuatio
n§ 

0.5957 0.1072 0.011
5 

0.090
6 

0.1791 5.175×1
0-5 

0.4488 0.469 continuati
on 

3.684×1
0-3 

0.048 continuatio
n§ 

0.7733 0.0361 0.071
8 

0.140
1 

0.1910 9.633×1
0-4 

0.5446 0.359 continuati
on 

0.01806 0.086 continuatio
n§ 

0.9390 0.0635 0.043
4 

0.045
7 

0.0123 0.03012 0.0779 0.156 continuati
on 

0.02072 0.068 continuatio
n§ 

†;	P-value	of	the	Lan-DeMets	spending	function	to	approximate	an	O’Brien-Fleming	bound,	‡:	Judgement	by	the	
Lan-DeMets	spending	function,	§;	continuation	or	futility	stop	without	statistical	confidence.	
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Table	 6.	 Result	 for	 PFS	 of	 trial	 No.3	 [22]	with	 the	 actual	 final	 p-value	 of	 log-rank	 test	was	
1.8357×10-11.	From	the	information	fraction	of	0.4811,	the	95th	percentiles	of	the	final	predicted	
values	are	less	than	0.05.	The	judgement	was	efficacy	stop	at	the	information	fraction	of	0.4811.	
Similarly,	this	trial	would	have	been	suggested	to	efficacy	stop	until	the	information	fraction	
reached	0.4811	by	using	the	Lan-DeMets	spending	function	to	approximate	an	O'Brien-Fleming	
bound.	 In	 the	conventional	method,	all	 cases	with	 information	 fraction≤0.4328	were	 futility	
stops,	but	the	small	conditional	power	resulted	in	continuation.	The	judgement	of	our	method	
and	of	the	conventional	method	were	similar.	The	values	of	power	were	larger	than	the	values	
of	the	conditional	power	when	information	fraction	was	less	than	1.00	(P=0.011	by	t-test).	
	

  Predicted p-value of log-rank test at end of the 
clinical trial 

  Conventional method 

Informa
tion 
fraction 

P-value 
of log-
rank 
test at 
the 
informa
tion 
fraction 

Media
n 

Mean Standa
rd 
deviati
on 

5th 
percen
tile 

95th 
percen
tile 

Pow
er 

Judgeme
nt by our 
method 

P-
value† 

Conditi
onal 
power 

Judgement‡ 

0.2983 0.3791 1.493×
10-4 

1.394×
10-3 

3.070×
10-3 

1.696×
10-6 

5.923×
10-3 

0.34
3 

efficacy 
stop 

4.065×
10-5 

0.020 continuation§ 

0.3887 0.06152 0.0871
1 

0.2146 0.2379 9.780×
10-4 

0.7292 0.35
2 

continua
tion 

3.240×
10-4 

0.06 continuation§ 

0.4055 0.03056 0.0304
4 

0.2192 0.2625 3.704×
10-5 

0.7514 0.52
2 

continua
tion 

4.312×
10-5 

0.064 continuation§ 

0.4328 4.826×1
0-3 

6.190×
10-3 

0.0425
2 

0.0893
9 

6.457×
10-9 

0.2454 0.64
5 

continua
tion 

6.565×
10-4 

0.091 continuation§ 

0.4811 1.871×1
0-4 

5.920×
10-4 

6.227×
10-3 

0.0139
0 

4.087×
10-10 

0.0354
7 

0.81
8 

efficacy 
stop 

1.231×
10-3 

0.149 efficacy stop 

0.5273 1.771×1
0-6 

2.624×
10-11 

5.820×
10-10 

3.870×
10-9 

4.772×
10-13 

2.453×
10-9 

0.97
7 

efficacy 
stop 

2.024×
10-3 

0.237 efficacy stop 

0.5504 4.931×1
0-7 

8.238×
10-8 

2.138×
10-5 

9.584×
10-5 

8.399×
10-15 

7.730×
10-5 

0.93
3 

efficacy 
stop 

2.518×
10-3 

0.262 efficacy stop 

0.6639 5.942×1
0-8 

6.323×
10-13 

5.317×
10-7 

4.641×
10-6 

4.060×
10-17 

1.562×
10-7 

0.96
0 

efficacy 
stop 

5.943×
10-3 

0.466 efficacy stop 

0.7773 3.226×1
0-10 

8.071×
10-13 

1.643×
10-12 

2.175×
10-12 

1.029×
10-13 

7.248×
10-12 

0.97
5 

efficacy 
stop 

0.0110
1 

0.703 efficacy stop 

0.9013 2.973×1
0-9 

5.968×
10-10 

1.868×
10-9 

5.154×
10-9 

2.368×
10-11 

8.457×
10-9 

0.71
9 

efficacy 
stop 

0.0182
3 

0.799 efficacy stop 

0.9349 4.081×1
0-9 

2.097×
10-9 

3.426×
10-9 

3.991×
10-8 

9.335×
10-10 

1.099×
10-8 

0.35
4 

efficacy 
stop 

0.0204
4 

0.896 efficacy stop 

1.0000 2.101×1
0-11 

2.101×
10-11 

2.101×
10-11 

0.0000 2.101×
10-11 

2.101×
10-11 

0.48
4 

efficacy 
stop 

0.2500
0 

0.941 efficacy stop 

1.0000 1.708×1
0-10 

1.836×
10-11 

1.836×
10-11 

0.0000 1.836×
10-11 

1.836×
10-11 

0.42
3 

efficacy 
stop 

0.2500
0 

0.949 efficacy stop 

†;	P-value	of	the	Lan-DeMets	spending	function	to	approximate	an	O’Brien-Fleming	bound,	‡:	Judgement	by	the	
Lan-DeMets	spending	function,	§;	continuation	or	futility	stop	without	statistical	confidence.	
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Table	7.	Result	for	OS	of	trial	No.3	[22]	with	the	actual	final	p-value	of	log-rank	test	was	0.34293.	
From	the	information	fraction	of	0.8226,	the	95th	percentiles	of	the	final	predicted	values	are	
less	than	0.05.	The	judgement	was	efficacy	stop	at	the	information	fraction	of	0.8226.	This	trial	
would	have	been	suggested	to	continue	until	the	information	fraction	reached	0.8547	by	using	
the	Lan-DeMets	spending	function	to	approximate	an	O’Brien-Fleming	bound.	The	judgement	
of	our	method	and	of	the	conventional	method	were	similar.	The	values	of	power	were	larger	
than	 the	 values	 of	 the	 conditional	 power	 when	 information	 fraction	 was	 less	 than	 1.00	
(P=3.76×10-5	by	t-test).	
	

  Predicted p-value of log-rank test at end of the clinical 
trial 

  Conventional method 

Informati
on 
fraction 

P-value of 
log-rank 
test at the 
informati
on 
fraction 

Median Mean Standar
d 
deviatio
n 

5th 
percenti
le 

95th 
percenti
le 

Pow
er 

Judgemen
t by our 
method 

P-value† Conditio
nal 
power 

Judgement
‡ 

0.7735 0.0476 0.0428 0.0479 0.0240 0.0073 0.0832 0.46
6 

continuati
on 

0.0108 0.056 continuati
on§ 

0.8013 0.0888 0.0756 0.0785 0.0331 0.0158 0.1778 0.37
7 

continuati
on 

0.0123 0.047 continuati
on§ 

0.8226 0.0166 0.0164 0.0233 0.0133 0.0058 0.0449 0.56
0 

efficacy 
stop 

0.0135 0.075 continuati
on§ 

0.8547 0.0068 0.0053 0.0071 0.0045 7.609×1
0-4 

0.0182 0.68
0 

efficacy 
stop 

0.0153 0.088 efficacy 
stop 

0.8718 0.0034 0.0029 0.0034 0.0016 7.660×1
0-4 

0.0065 0.75
8 

efficacy 
stop 

0.0164 0.100 efficacy 
stop 

0.8932 0.0159 0.0105 0.0187 0.0048 0.0054 0.0239 0.56
9 

efficacy 
stop 

0.0177 0.085 efficacy 
stop 

0.9316 0.0094 0.0149 0.0149 0.0040 0.0046 0.0222 0.60
8 

efficacy 
stop 

0.0202 0.101 efficacy 
stop 

1.0000 0.0057 0.0045 0.0045 0.0000 0.0045 0.0045 0.46
6 

efficacy 
stop 

0.0250 0.018 efficacy 
stop 

1.0000 0.3429 0.3429 0.3429 0.0000 0.3429 0.3429 0.62
4 

futility 
stop 

0.0250 0.136 continuati
on§ 

†;	P-value	of	the	Lan-DeMets	spending	function	to	approximate	an	O’Brien-Fleming	bound,	‡:	Judgement	by	the	
Lan-DeMets	spending	function,	§;	continuation	or	futility	stop	without	statistical	confidence.	
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Table	 8.	 Result	 for	 PFS	 of	 trial	 No.4	 [23]	with	 the	 actual	 final	 p-value	 of	 log-rank	 test	was	
3.2349×10-12.	From	the	information	fraction	of	0.2528,	the	95th	percentiles	of	the	final	predicted	
values	 are	 less	 than	 0.05.	 The	 judgement	 was	 efficacy	 stop	 correctly	 after	 the	 information	
fraction	of	0.213.	This	trial	would	have	been	suggested	to	stop	until	the	information	fraction	
reached	0.4417	by	using	the	Lan-DeMets	spending	function	to	approximate	an	O'Brien-Fleming	
bound.	 Our	 method	 was	 able	 to	 make	 the	 right	 decision	 as	 efficacy	 stop	 earlier	 than	 the	
conventional	method.	The	values	of	power	were	larger	than	the	values	of	the	conditional	power	
(P=8.75×10-6	by	t-test).	
	

  Predicted p-value of log-rank test at end of the clinical 
trial 

  Conventional method 

Informati
on 
fraction 

P-value of 
log-rank 
test at 
the 
informati
on 
fraction 

Median Mean Standar
d 
deviatio
n 

5th 
percenti
le 

95th 
percenti
le 

Pow
er 

Judgemen
t by our 
method 

P-value† Conditio
nal 
power 

Judgement
‡ 

0.2130 0.07933 0.09299 0.1591 0.2125 2.135×1
0-6 

0.6595 0.52
6 

continuati
on 

1.257×1
0-6 

0.046 continuati
on§ 

0.2528 0.01342 5.956×1
0-6 

4.960×1
0-3 

0.01505 4.585×1
0-8 

0.02623 0.84
0 

efficacy 
stop 

8.269×1
0-5 

0.068 continuati
on§ 

0.3111 5.353×10-

3 
3.812×1
0-6 

1.708×1
0-5 

3.382×1
0-5 

1.184×1
0-7 

9.627×1
0-5 

0.94
0 

efficacy 
stop 

5.857×1
0-5 

0.095 continuati
on§ 

0.3750 1.489×10-

3 
2.483×1
0-7 

3.258×1
0-6 

1.081×1
0-5 

2.148×1
0-9 

1.563×1
0-5 

0.97
3 

efficacy 
stop 

2.520×1
0-4 

0.127 continuati
on§ 

0.4417 2.924×10-

5 
5.818×1
0-7 

4.348×1
0-6 

8.266×1
0-6 

1.206×1
0-8 

2.196×1
0-4 

0.97
8 

efficacy 
stop 

7.445×1
0-4 

0.185 efficacy 
stop 

0.4861 1.961×10-

5 
3.479×1
0-7 

1.095×1
0-6 

2.130×1
0-6 

4.547×1
0-14 

5.144×1
0-6 

0.97
8 

efficacy 
stop 

1.305×1
0-3 

0.251 efficacy 
stop 

0.5306 0.01803 1.392×1
0-10 

1.169×1
0-6 

4.443×1
0-6 

5.009×1
0-15 

9.464×1
0-6 

0.96
6 

efficacy 
stop 

2.090×1
0-3 

0.318 futility 
stop 

0.5806 4.515×10-

6 
2.141×1
0-10 

1.526×1
0-8 

4.900×1
0-8 

3.632×1
0-15 

9.921×1
0-8 

0.96
2 

efficacy 
stop 

3.264×1
0-3 

0.385 efficacy 
stop 

0.6778 4.462×10-

7 
1.445×1
0-9 

6.333×1
0-8 

1.658×1
0-7 

6.247×1
0-12 

4.075×1
0-7 

0.89
9 

efficacy 
stop 

6.478×1
0-3 

0.506 efficacy 
stop 

0.750 7.694×10-

7 
4.613×1
0-8 

4.613×1
0-7 

7.371×1
0-7 

4.067×1
0-10 

2.284×1
0-6 

0.86
8 

efficacy 
stop 

9.649×1
0-3 

0.551 efficacy 
stop 

0.8333 5.226×10-

7 
2.173×1
0-6 

1.617×1
0-5 

3.767×1
0-5 

5.443×1
0-9 

7.856×1
0-5 

0.62
9 

efficacy 
stop 

0.01408 0.592 efficacy 
stop 

0.900 3.102×10-

8 
1.086×1
0-8 

2.457×1
0-7 

4.038×1
0-7 

1.826×1
0-9 

1.186×1
0-6 

0.63
5 

efficacy 
stop 

0.01815 0.695 efficacy 
stop 

0.969 3.221×10-

10 
1.787×1
0-10 

2.113×1
0-10 

1.215×1
0-10 

9.172×1
0-11 

4.400×1
0-10 

0.61
0 

efficacy 
stop 

0.0282 0.808 efficacy 
stop 

†;	P-value	of	the	Lan-DeMets	spending	function	to	approximate	an	O’Brien-Fleming	bound,	‡:	Judgement	by	the	
Lan-DeMets	spending	function,	§;	continuation	or	futility	stop	without	statistical	confidence.	
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Table	9.	Result	for	OS	of	trial	No.4	[24]	with	the	actual	final	p-value	of	log-rank	test	was	0.22017.	
The	5th	and	95th	percentiles	of	the	final	predicted	values	by	our	method	straddled	the	top	and	
bottom	 across	 0.05.	 The	 judgement	 was	 futility	 stop	 at	 0.4278	 and	 0.9250	 of	 information	
fractions.	This	trial	would	have	been	suggested	to	continue	or	stop	by	futility	without	statistical	
confidence	 at	 the	 any	 stage	 by	 using	 the	 Lan-DeMets	 spending	 function	 to	 approximate	 an	
O'Brien-Fleming	bound.	Our	method	was	not	able	to	make	the	right	decision	that	was	futility	
stop	earlier	than	the	conventional	method.	The	values	of	power	were	larger	than	the	values	of	
the	conditional	power	(P=0.0002	by	t-test).	
	

  Predicted p-value of log-rank test at end of the 
clinical trial 

  Conventional method 

Informat
ion 
fraction 

P-value 
of log-
rank test 
at the 
informati
on 
fraction 

Median Mean Standar
d 
deviati
on 

5th 
percent
ile 

95th 
percent
ile 

Pow
er 

Judgemen
t by our 
method 

P-value† Conditio
nal 
power 

Judgement
‡ 

0.2500 0.2389 1.046×
10-4 

1.939×
10-4 

2.467×
10-4 

1.285×
10-5 

8.371×
10-4 

0.93
1 

efficacy 
stop 

7.367×10-6 0.034 continuati
on§ 

0.4278 0.1477 0.1484 0.1553 0.0461
1 

0.0865
1 

0.2453 0.36
8 

futility 
stop 

6.103×10-4 0.037 continuati
on§ 

0.5306 0.0180 7.165×
10-3 

7.761×
10-3 

2.836×
10-3 

3.987×
10-3 

0.0129
6 

0.68
2 

efficacy 
stop 

2.090×10-4 0.073 continuati
on§ 

0.5778 0.0107 2.471×
10-3 

2.650×
10-3 

8.253×
10-4 

1.517×
10-3 

4.253×
10-3 

0.80
3 

efficacy 
stop 

3.191×10-3 0.080 continuati
on§ 

0.6111 0.0383 1.616×
10-3 

1.669×
10-3 

4.102×
10-4 

1.044×
10-3 

2.376. 
×10-3 

0.81
7 

efficacy 
stop 

4.141×10-3 0.065 continuati
on§ 

0.6694 0.0144 0.0.970 0.0203
6 

3.870×
10-3 

0.0145
8 

0.0265
0 

0.61
6 

efficacy 
stop 

6.154×10-3 0.086 continuati
on§ 

0.7167 0.0168 2.842×
10-3 

2.962×
10-3 

5.360×
10-4 

2.308×
10-3 

3.951×
10-3 

0.74
9 

efficacy 
stop 

8.105×10-3 0.087 continuati
on§ 

0.8278 0.0905 0.0545
8 

0.0543
7 

9.701×
10-3 

0.0379
8 

0.0690
0 

0.37
5 

continuati
on 

0.01376 0.051 continuati
on§ 

0.9250 0.0830 0.0597
5 

0.0604
8 

6.886×
10-3 

0.0501
6 

0.0752
1 

0.29
7 

futility 
stop 

0.01978 0.054 continuati
on§ 

0.9917 0.1901 0.2059 0.2051 0.0134
1 

0.1806 0.2259 0.10
3 

continuati
on§ 

0.02440 0.032 continuati
on§ 

†;	P-value	of	the	Lan-DeMets	spending	function	to	approximate	an	O’Brien-Fleming	bound,	‡:	
Judgement	 by	 the	 Lan-DeMets	 spending	 function,	 §;	 continuation	 or	 futility	 stop	 without	
statistical	confidence	
	

FIGURE	LEGENDS	
Figure	1.	Analyzed	graphs	 for	PFS	of	 trial	No.1	 [20].	The	data	was	processed	at	 the	date	of	
analysis	so	that	the	longest	observation	period	does	not	exceed	the	observation	period;	1826.25	
days.	Upper	left;	the	ratio	of	uncensored	cases	of	arm	A	as	a	function	of	information	fraction.	
The	interval	between	the	points	is	equivalent	to	one	month.	The	horizontal	bar	indicates	the	
final	 ratio	when	 the	 study	was	 finished.	The	 ratio	gradually	 increased	until	 the	 information	
fraction	reached	0.4,	and	then	it	remained	at	almost	the	final	ratio	0.4.	Upper	right;	the	ratio	of	
uncensored	cases	of	arm	B	as	a	function	of	information	fraction.	The	interval	between	the	points	
is	equivalent	 to	one	month.	The	horizontal	bar	 indicates	 the	 final	 ratio	when	 the	study	was	
finished.	The	ratio	gradually	increased	until	the	information	fraction	reached	0.4,	and	then	it	
remained	at	almost	the	final	ratio	0.6.	Lower	left;	Kaplan-Meier	survival	curve	at	the	end	of	the	
clinical	 trial	 (Arm	A;	 red,	arm	B;	blue).	The	p-value	of	 log-rank	 test	was	9.351×10-12.	Lower	
right;	The	logarithm	of	p-values	of	predicted	log-rank	tests	at	the	end	of	the	clinical	trial	as	a	
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function	of	 information	 fraction	(median;	black,	mean;	 red,	5th	percentile;	dashed	red,	95th	
percentile;	dashed	blue,	0.05	that	is	the	boundary	for	significance;	dashed	green,	final	p-value	
of	log-rank	test;	red	circle).	From	the	early	stage	of	the	information	fraction	of	0.3256,	the	final	
predicted	value	by	our	method	was	expected	to	be	below	0.05	and	correct.	

	

	
Fig-1	
	

Figure	 2.	 Analyzed	 graphs	 for	 OS	 of	 trial	 No.1	 [20].	 The	 data	was	 processed	 at	 the	 date	 of	
analysis	so	that	the	longest	observation	period	does	not	exceed	the	observation	period;	1826.25	
days.	Upper	left;	the	ratio	of	uncensored	cases	of	arm	A	as	a	function	of	information	fraction.	
The	interval	between	the	points	is	equivalent	to	one	month.	The	horizontal	bar	indicates	the	
final	 ratio	 when	 the	 study	 was	 finished.	 The	 ratio	 was	 constantly	 increasing	 until	 the	
information	fraction	reached	1.0.	The	final	value	was	about	0.2,	which	is	a	low	value,	comparing	
with	other	clinical	trials.	Upper	right;	the	ratio	of	uncensored	cases	of	arm	B	as	a	function	of	
information	 fraction.	 The	 interval	 between	 the	 points	 is	 equivalent	 to	 one	 month.	 The	
horizontal	bar	indicates	the	final	ratio	when	the	study	was	finished.	The	ratio	was	constantly	
increasing	until	the	information	fraction	reached	1.0.	The	final	value	was	about	0.2,	which	is	a	
low	value,	comparing	with	other	clinical	trials.	Lower	left;	Kaplan-Meier	survival	curve	at	the	
end	of	 the	clinical	 trial	(Arm	A;	red,	arm	B;	blue).	The	p-value	of	 log-rank	test	was	0.41185.	
Lower	right;	The	logarithm	of	p-values	of	predicted	log-rank	tests	at	the	end	of	the	clinical	trial	
as	a	function	of	information	fraction	(median;	black,	mean;	red,	5th	percentile;	dashed	red,	95th	
percentile;	dashed	blue,	0.05	that	is	the	boundary	for	significance;	dashed	green,	final	p-value	
of	 log-rank	 test;	 red	 circle).	 The	 log-rank	 test	 could	 not	 be	 performed	 because	 few	 events	
occurred	when	 the	 information	 fraction	was	 less	 than	 0.4245.	 From	 the	 early	 stage	 of	 the	
information,	 the	 final	predicted	value	by	our	method	was	expected	to	be	over	0.05	and	was	
correct.	
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Fig-2	

	
Figure	3.	Analyzed	graphs	 for	PFS	of	 trial	No.2	 [21].	The	data	was	processed	at	 the	date	of	
analysis	so	that	the	longest	observation	period	does	not	exceed	the	observation	period;	1826.25	
days.	Upper	left;	the	ratio	of	uncensored	cases	of	arm	A	as	a	function	of	information	fraction.	
The	interval	between	the	points	is	equivalent	to	one	month.	The	horizontal	bar	indicates	the	
final	 ratio	 when	 the	 study	 was	 finished.	 The	 ratio	 was	 constantly	 increasing	 until	 the	
information	fraction	reached	1.0.	The	final	value	was	about	1.0,	which	is	a	high	value.	Upper	
right;	the	ratio	of	uncensored	cases	of	arm	B	as	a	function	of	information	fraction.	The	interval	
between	the	points	is	equivalent	to	one	month.	The	horizontal	bar	indicates	the	final	ratio	when	
the	 study	 was	 finished.	 The	 ratio	 was	 constantly	 increasing	 until	 the	 information	 fraction	
reached	1.0.	 The	 final	 value	was	 about	 1.0,	which	 is	 a	 high	 value.	 Lower	 left;	 Kaplan-Meier	
survival	curve	at	the	end	of	the	clinical	trial	(Arm	A;	red,	arm	B;	blue).	The	p-value	of	log-rank	
test	was	0.00194.	Lower	right;	The	logarithm	of	p-values	of	predicted	log-rank	tests	at	the	end	
of	 the	 clinical	 trial	 as	 a	 function	 of	 information	 fraction	 (median;	 black,	 mean;	 red,	 5th	
percentile;	dashed	red,	95th	percentile;	dashed	blue,	0.05	that	is	the	boundary	for	significance;	
dashed	green,	final	p-value	of	log-rank	test;	red	circle).	From	the	early	stage	of	the	information	
fraction	of	0.1733,	the	final	predicted	value	by	our	method	was	expected	to	be	below	0.05	and	
was	correct.	
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Fig-3	

	
Figure	 4.	 Analyzed	 graphs	 for	 OS	 of	 trial	 No.2	 [21].	 The	 data	was	 processed	 at	 the	 date	 of	
analysis	so	that	the	longest	observation	period	does	not	exceed	the	observation	period;	1826.25	
days.	Upper	left;	the	ratio	of	uncensored	cases	of	arm	A	as	a	function	of	information	fraction.	
The	interval	between	the	points	is	equivalent	to	one	month.	The	horizontal	bar	indicates	the	
final	ratio	when	the	study	was	finished.	The	ratio	was	constantly	increasing	to	about	0.4	until	
the	information	fraction	reached	1.0,	then	increased	to	1.0.	Upper	right;	the	ratio	of	uncensored	
cases	 of	 arm	 B	 as	 a	 function	 of	 information	 fraction.	 The	 interval	 between	 the	 points	 is	
equivalent	 to	 one	 month.	 The	 horizontal	 bar	 indicates	 the	 final	 ratio	 when	 the	 study	 was	
finished.	The	ratio	was	constantly	increasing	to	about	0.4	until	the	information	fraction	reached	
1.0,	then	increased	to	1.0.	Lower	left;	Kaplan-Meier	survival	curve	at	the	end	of	the	clinical	trial	
(Arm	A;	red,	arm	B;	blue).	The	p-value	of	log-rank	test	was	0.41185.	Lower	right;	The	logarithm	
of	p-values	of	predicted	log-rank	tests	at	the	end	of	the	clinical	trial	as	a	function	of	information	
fraction	(median;	black,	mean;	red,	5th	percentile;	dashed	red,	95th	percentile;	dashed	blue,	
0.05	 that	 is	 the	 boundary	 for	 significance;	 dashed	 green,	 final	 p-value	 of	 log-rank	 test;	 red	
circle).	The	95th	percentiles,	median	and	mean	of	the	final	predicted	values	were	greater	than	
or	less	than	0.5	and	the	5th	percentiles	of	the	values	were	less	than	0.05.	The	95th	percentile	of	
the	final	predicted	value	by	our	method	was	less	than	0.05	only	at	information	fraction	at	0.432.	
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Fig-4	

	
Figure	5.	Analyzed	graphs	 for	PFS	of	 trial	No.3	 [22].	The	data	was	processed	at	 the	date	of	
analysis	so	that	the	longest	observation	period	does	not	exceed	the	observation	period;	1826.25	
days.	Upper	left;	the	ratio	of	uncensored	cases	of	arm	A	as	a	function	of	information	fraction.	
The	interval	between	the	points	is	equivalent	to	one	month.	The	horizontal	bar	indicates	the	
final	 ratio	 when	 the	 study	 was	 finished.	 The	 ratio	 was	 constantly	 increasing	 until	 the	
information	 fraction	 reached	 1.0.	 The	 final	 value	 was	 about	 0.75,	 which	 is	 a	 high	 value,	
comparing	with	other	clinical	trials.	Upper	right;	the	ratio	of	uncensored	cases	of	arm	B	as	a	
function	of	information	fraction.	The	interval	between	the	points	is	equivalent	to	one	month.	
The	 horizontal	 bar	 indicates	 the	 final	 ratio	 when	 the	 study	 was	 finished.	 The	 ratio	 was	
constantly	increasing	until	the	information	fraction	reached	1.0.	The	final	value	was	about	0.9,	
which	is	a	high	value,	comparing	with	other	clinical	trials.	Lower	left;	Kaplan-Meier	survival	
curve	at	the	end	of	the	clinical	trial	(Arm	A;	red,	arm	B;	blue).	The	p-value	of	log-rank	test	was	
1.8357×10-11.	Lower	right;	The	logarithm	of	p-values	of	predicted	log-rank	tests	at	the	end	of	
the	clinical	trial	as	a	function	of	information	fraction	(median;	black,	mean;	red,	5th	percentile;	
dashed	red,	95th	percentile;	dashed	blue,	0.05	 that	 is	 the	boundary	 for	significance;	dashed	
green,	final	p-value	of	log-rank	test;	red	circle).	From	the	information	fraction	of	0.4811,	the	
final	predicted	value	by	our	method	was	expected	to	be	below	0.05	and	correct.	
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Fig-5	

	
Figure	 6.	 Analyzed	 graphs	 for	 OS	 of	 trial	 No.3	 [22].	 The	 data	was	 processed	 at	 the	 date	 of	
analysis	so	that	the	longest	observation	period	does	not	exceed	the	observation	period;	1826.25	
days.	Upper	left;	the	ratio	of	uncensored	cases	of	arm	A	as	a	function	of	information	fraction.	
The	interval	between	the	points	is	equivalent	to	one	month.	The	horizontal	bar	indicates	the	
final	ratio	when	the	study	was	finished.	The	ratio	was	constantly	increasing	to	about	0.1,	which	
is	a	low	value,	until	the	information	fraction	reached	1.0.	The	final	value	increased	to	about	0.7.	
Upper	right;	the	ratio	of	uncensored	cases	of	arm	B	as	a	function	of	information	fraction.	The	
interval	between	the	points	is	equivalent	to	one	month.	The	horizontal	bar	indicates	the	final	
ratio	when	the	study	was	finished.	The	ratio	was	constantly	increasing	to	about	0.2,	which	is	a	
low	value,	until	 the	 information	 fraction	reached	1.0.	The	 final	value	 increased	to	about	0.7.	
Lower	left;	Kaplan-Meier	survival	curve	at	the	end	of	the	clinical	trial	(Arm	A;	red,	arm	B;	blue).	
The	p-value	of	log-rank	test	was	0.34293.	Lower	right;	The	logarithm	of	p-values	of	predicted	
log-rank	tests	at	the	end	of	the	clinical	trial	as	a	function	of	information	fraction	(median;	black,	
mean;	red,	5th	percentile;	dashed	red,	95th	percentile;	dashed	blue,	0.05	that	is	the	boundary	
for	significance;	dashed	green,	final	p-value	of	log-rank	test;	red	circle).	The	log-rank	test	could	
not	 be	 performed	 until	 the	 information	 fraction	 was	 less	 than	 0.7735	 because	 few	 events	
occurred.	From	the	information	fraction	of	0.8226	to	close	to	1.0,	the	final	predicted	value	by	
our	method	was	expected	to	be	below	0.05	and	was	incorrect.	
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Fig-6	

	
Figure	7.	Analyzed	graphs	 for	PFS	of	 trial	No.4	 [23].	The	data	was	processed	at	 the	date	of	
analysis	so	that	the	longest	observation	period	does	not	exceed	the	observation	period;	1826.25	
days.	Upper	left;	the	ratio	of	uncensored	cases	of	arm	A	as	a	function	of	information	fraction.	
The	interval	between	the	points	is	equivalent	to	one	month.	The	horizontal	bar	indicates	the	
final	 ratio	when	 the	 study	was	 finished.	The	 ratio	gradually	 increased	until	 the	 information	
fraction	reached	0.4,	and	then	it	constantly	increasing	to	about	0.7	until	the	information	fraction	
reached	1.0.	The	final	value	increased	to	1.0.	Upper	right;	the	ratio	of	uncensored	cases	of	arm	
B	as	a	 function	of	 information	fraction.	The	interval	between	the	points	 is	equivalent	to	one	
month.	The	horizontal	bar	indicates	the	final	ratio	when	the	study	was	finished.	The	ratio	was	
constantly	increasing	to	about	0.6	until	the	information	fraction	reached	1.0.	The	final	value	
increased	to	1.0.	Lower	left;	Kaplan-Meier	survival	curve	at	the	end	of	the	clinical	trial	(Arm	A;	
red,	arm	B;	blue).	The	p-value	of	log-rank	test	was	3.2349×10-12.	Lower	right;	The	logarithm	of	
p-values	of	predicted	log-rank	tests	at	the	end	of	the	clinical	trial	as	a	function	of	information	
fraction	(median;	black,	mean;	red,	5th	percentile;	dashed	red,	95th	percentile;	dashed	blue,	
0.05	 that	 is	 the	 boundary	 for	 significance;	 dashed	 green,	 final	 p-value	 of	 log-rank	 test;	 red	
circle).	From	the	information	fraction	of	0.2528,	the	final	predicted	value	by	our	method	was	
expected	to	be	below	0.05	and	correct.	
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Fig-7	

	
Figure	 8.	 Analyzed	 graphs	 for	 OS	 of	 trial	 No.4	 [24].	 The	 data	was	 processed	 at	 the	 date	 of	
analysis	so	that	the	longest	observation	period	does	not	exceed	the	observation	period;	1826.25	
days.	Upper	left;	the	ratio	of	uncensored	cases	of	arm	A	as	a	function	of	information	fraction.	
The	interval	between	the	points	is	equivalent	to	one	month.	The	horizontal	bar	indicates	the	
final	ratio	when	the	study	was	 finished.	The	ratio	gradually	 increased	to	about	0.2	until	 the	
information	fraction	reached	1.0.	The	final	value	increased	to	about	0.7.	Upper	right;	the	ratio	
of	uncensored	cases	of	arm	B	as	a	function	of	information	fraction.	The	interval	between	the	
points	is	equivalent	to	one	month.	The	horizontal	bar	indicates	the	final	ratio	when	the	study	
was	finished.	The	ratio	gradually	increased	to	about	0.2	until	the	information	fraction	reached	
1.0.	The	final	value	increased	to	about	0.8.	Lower	left;	Kaplan-Meier	survival	curve	at	the	end	
of	the	clinical	trial	(Arm	A;	red,	arm	B;	blue).	The	p-value	of	log-rank	test	was	0.22017.	Lower	
right;	The	logarithm	of	p-values	of	predicted	log-rank	tests	at	the	end	of	the	clinical	trial	as	a	
function	of	 information	 fraction	(median;	black,	mean;	 red,	5th	percentile;	dashed	red,	95th	
percentile;	dashed	blue,	0.05	that	is	the	boundary	for	significance;	dashed	green,	final	p-value	
of	log-rank	test;	red	circle).	The	95th	percentiles,	median	and	mean	of	the	final	predicted	values	
value	 by	 our	 method	 was	 greater	 than	 or	 less	 than	 0.05.	 The	 95th	 percentiles	 of	 the	 final	
predicted	values	were	less	than	0.05	between	0.5306	and	0.7167	of	information	fraction.	
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Fig-8	

	
This	study	was	supported	by	no	funds.	This	study	was	not	performed	a	part	of	the	employment	
of	the	authors.	There	was	no	funder	in	this	study.	
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