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Reduce the number of animals used

The 3 R’s of Animal Research

Reduce Replace
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Reduce the number of Refine tests to cause Replace animal studies

animals used animals less stress with other methods

RockStep

“[...] to use methods for obtaining comparable levels of information from
the use of fewer animals in scientific procedures, or for obtaining more
information from the same number of animals”

swiss3rcc.org/3rs-for-the-public/
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PLOS BIOLOGY

ESSAY

Is N-Hacking Ever OK? The consequences of
collecting more data in pursuit of statistical
significance

Pamela Reinagel*

D of i . School of Bi ical Science, University of California San Diego, La Jolla,
California, United States of America

Reinagel (2023), PLOS Biology

« Uncontrolled analysis of results before the final number of experimental
units has been reached — Type-I error (T1E) rate inflation
« N-hacking also known as peeking, optional stopping
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Reinagel’s “constrained sample augmentation”

« Interim analyses aftern = 8,12, ..., ny,, = 32 animals per group
« Stop for success if two-sided p < 0.05, stop for futility if p > 0.1

— Moderate T1E rate inflation to 6.25%, improved positive predictive value

— How do group sequential designs (with proper T1E control) perform?

PERSPECTIVE Group sequential designs for in vivo studies: Minimizing animal numbers
Increasing efficiency of preclinical research by and handling uncertainty in power analysis
grOU p Sequential deSignS Susanne Blotwijk *, Sophie Hernot ", Kurt Barbé*

Konrad Neumann'*, Ulrike Grittner'2**, Sophie K. Piper'2, Andre Rex**, Oscar Florez-
Vargas®, George Karystianis®, Alice Schneider', lan Wellwood>’, Bob Siegerink®?, John
P. A. loannidis®, Jonathan Kimmelman®, Ulrich Dirnagl>4811:12

Blotwijk et al. (2022), Research in Veterinary Science

Neumann et al. (2017), PLOS Biology



Application

Data on 2738 experiments with mice and rats from Neuroscience and Metabolism
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Bonapersona et al. (2021), Nature Neuroscience 4



Group-sequential designs with one interim analysis

One interim analysis at information fraction 2/3:

Method a; a, TI1E rate (in %)
Pocock 0.032 0.032 5.00
O’Brien-Fleming 0.014 0.045 5.00
Haybittle-Peto 0.010 0.050 5.20
N-hacking 0.050 0.050 7.42

a1, a;: Nominal significance thresholds at analysis 1, 2



How many animals could have been saved?

Simulate interim z-value z; (at sample size n; = 2/3 - n;), given the final z-value z,:

Zy|Z;=20~N (zzx/nl/nz, il — nl/n2>

Method Mean n Ho rejections (%) Interim efficacy stops (%) Interim futility stops (%) Animals saved

No interim analysis 22.5 27.8 0 0 0

Haybittle-Peto 21.5(21.4,21.5) 28(27.9,28.3) 14.3(13.6,14.9) 0(0,0) 2°945 (2’772, 3’121)
0O’Brien-Fleming 21.4(21.3,21.4) 27.4(27.1,27.7) 15.7(15,16.4) 0(0,0) 3'232 (3°051, 3'417)
Pocock 21.1(21,21.1)  26.3(25.8,26.9) 20.1(19.3,21) 0(0,0) 4095 (3892, 4'304)
Haybittle-Peto + futility 18.4(18.3,18.6) 27.5(27.2,27.8) 14.3(13.6,14.9) 47 (45.7,48.3) 11238 (10’886, 11°590)
O’Brien-Fleming + futility 18.2(18.1,18.4) 26.9(26.5,27.3)  15.7(15,16.4) 48.5 (47.2,49.7) 11°792 (11’430, 12°139)
Pocock + futility 17.6(17.5,17.7) 25.9(25.3,26.5)  20.1(19.3,21) 53(51.8,54.3) 13’506 (13’157, 13’850)
Reinagel 16.2(16.1,16.3) 26.6(25.7,27.4)  23.5(22.6,24.4) 69.5 (68.5, 70.5) 17°403 (17’178, 17’610)

Additional futility stopping of group sequential designs if predictive power < 10%



Research question and talk structure

Which method should be used?

1. Adopt diagnostic likelihood ratios and diagnostic odds ratio to hypotheses
testing

2. Incorporate sample size to define the Experimental Unit Information Index
(EUIl), the average information from one animal

3. Extend formulation to adaptive designs

4. Compare different adaptive designs in simulation study



Likelihood ratios

+ Likelihood ratios (LRs) quantify the change in odds after having observed a
positive (significant, +) or negative (not significant, —) test result:

LR
Posterior odds(H;) = e - Prior odds(H,)

= # Statistics Notes
Diagnostic tests 4: likelihood ratios

Jonathan J Deeks, Douglas G Altman

Deeks and Altman (2004), BMJ




Likelihood ratios for hypotheses testing
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Likelihood ratios for hypotheses testing
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IR — 1 — Power (e 20% _ 4/19)
= 1_Titrate 9 9506

DOR = LR"/LR™ (e.g.16/(4/19) = 76)

Glas et al. (2003), J Clin Epi



Bayesian Updating with Likelihood Ratios

Prior Odds
1to9
(10% probability)

Prevalence

Hypothesis Test Result
(Likelihood Ratio)

significant  not significant
16to 1 4to0 19

Posterior Odds
16t0 9 410171
(64% probability) (2.3% probability)

Predictive Value

10



Diagnostic odds ratios for hypotheses testing

Important reformulations:

1. Frequentist:

Power Odds

DOR =
0 T1E Odds

11



Diagnostic odds ratios for hypotheses testing

Important reformulations:

1. Frequentist:

2. Bayesian:

Power Odds

DOR =
0 T1E Odds

DOR

Odds(H, | significant)

0dds(H; | not significant)

11



Experimental unit-information index (EUII)

« Motivation: Likelihood ratios act multiplicatively on the odds of Hy, so the
average contribution from one experimental unit is LR/

LR = LRY" x LRY" x ... x LRY"

n times

— DORY" represents the evidentiary value of one experimental unit:

(LRH)Y"

_ 1/
TS DORY/”

EUIl =

12



One-sample one-sided z- and t-test

z-test t-test
Power (in %) Type-lerrorrate (in%) DOR n EUIl n EUIl
80 50 76.0
80 2.5 156.0
90 5.0 171.0

90 2.5 351.0

13



One-sample one-sided z- and t-test

z-test t-test
Power (in %) Type-lerrorrate (in%) DOR n EUIl n EUIl
80 50 76.0 126 141 14.1 1.36
80 25 156.0 16.0 1.37 18.0 1.32
90 5.0 171.0 175 1.34 189 131
90 25 351.0 214 131 234 1.28
T T

Required sample size to detect a
standardised effect § = 0.7

13



EUII for increasing n and fixed o« = 5% (one-sample, one-sided)

2.0
- - z-Test §=09
— t-Test §=0.7
1.8 — 0=05
— 3=03
— 05=0.1
16 4 »
5 14
o o ¢
\
° 8. 8 e— 0 ——o
] R AN~ —e— e ——
’ [ ]
soo00000008 T e g .
. e e e —— 0 ——
] T~
T Mg .\ (———~qrgannang (Seanaage rypasaan (yannnsg (s oo
2.0 T et ——t——oo .0 *—aeo
T T T T T T T
10 50 100 500 1000 5000 10000

Limiting value lim EUIl = exp (6°/2)
n—oo 14



EUII for increasing n and fixed o« = 5% (one-sample, two-sided)
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EUII for adaptive designs

« Sample size N is now a random variable

« Distinguish sample size for significant (V) and not significant (N~) findings:

(LR+)E(1/N+)

EUIl = W

Computation of E(1/NT) and E(1/N™) requires specification of prior probability
Pr(H1), where we use Pr(H;) € {0.01,0.1,0.5}.

16



Second-order Taylor approximation

Second-order Taylor approximation

1+ CV(N")?

E(1/N°*) ~ E(N)

uses mean sample size E(N*) and coefficient of variation

Var(N®
CV(N®) = % (where e € {+,—1})
(LR (S )/ Ev)
—  EUll =

(LR_)(1+CV(N‘)2)/ E(N)
— Mean and variance of sample size are taken into account

17



Simulation study

+ Compare Reinagel’s method with four group sequential designs:
+ Haybittle-Peto
+ N-hacking
+ O’Brien-Fleming
+ Pocock

for different values of

 Nuax € {12,16,...,32}
+ ¢ (standardised mean difference, SMD) € {0.3,0.5,0.8,1.0}
« Pr(H;) € {0.01,0.1,0.5}

18



Futility Thresholds for P-Values

Futility stopping if predictive power < 10% at the next interim analysis:

Haybittle-Peto N-hacking
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(The futility threshold of Reinagel’s method is always 0.1)
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Comparison of EUII

EUNl
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Comparison of EUIl (Second-Order Approximation)
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A new measure of statistical information that takes into
account Type-I error rate, power, and sample size

+ Future applications:
+ Group-sequential designs based on nonparametric tests
+ Bayesian adaptive designs
+ Dual-criterion
+ More complex experimental (block) designs
+ Average the power over plausible values of the effect size
+ Monte Carlo standard error of (log) EUII

22



More Details

Balancing Evidentiary Value and Sample Size of E E

Adaptive Designs with Application to Animal

Experiments “-

Leonhard Held'* @, Fadoua Balabdaoui2®, Saverio Fontana!®, Samuel E

Pawel'
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Backup: Characteristics of group-sequential designs

One-sample, 4 equally spaced analyses with nominal significance thresholds a;:

Method a; a, as as, T1Erate (in%) Nyax
Pocock 0.00911 0.0091 0.0091 0.0091 2.50 59.2
O’Brien-Fleming 0.00003 0.0021 0.0097 0.0215 2.50 51.1
Haybittle-Peto 0.00050 0.0005 0.0005 0.0250 2.54 50.0

Comparison with fixed design (n = 50)
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Comparison of group-sequential designs

Method — Fixed — Haybittle-Peto O'Brien—-Fleming — Pocock
Power of fixed design

10.5% 29.3% 56.4% 80.7% 94.2% 98.9% 99.9% 100%
s . ; ; . ; . . .
Pr(H1)
141 .- 001
-- 01 e’
1.3
— 05
D 1.2-
1.1
1.0

0.1 0.2 03 0.4 05 0.6 0.7
Standardised effect size d under Hy

0.8
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