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Overview

A Traditional trial designs and some of the problems with them
A Why we may want to think about doing things differently
A Things that we could do differently, and better

A Some specific topics

A Issues in statistical methods and interpretation of trial
evidence

A Bayesian statistical methods
A Multiple outcomes

A Adaptive trials



INTRODUCTION

What are we doing in trials?
Are we doing it well?



Why do things differently?

A Efficiency
A limited funding
A difficulty of recruitment * % %
A time taken to get trials completed . !
A evaluate interventions one at a time .

A Restricted patient numbers
A New sorts of question - require new trial designs

AManyt ri al s dondt answer i mport a



Traditional trial design

A 2 arms

A Single primary outcome

ASample size (fipowero) calcul at
A Fixed sample size

A No interim decisions

A Analysis using frequentist statistical methods; significance
testing and confidence intervals

A Interpretation based on significance of primary outcome



Conceptual issues

A What are we actually trying to find out?

A Unrealistic expectations

A Trials not always able to be conclusive

A Trials designed specifically to find statistically significant
differences

A Not always a sensible goal



Design Issues

A Primary outcome

A Sample size calculations

Conduct issues

A Fixed recruitment



Analysis and Interpretation issues

A Inefficient use of data

A Statistical methods

A Analysing outcomes separately

A Interpretation based on primary outcome

A Dichotomisation of evidence:
A significant/non significant outcomes

Afipositiveo/ onegativeo trials



STATISTICAL METHODS
AND INTERPRETATION
OF TRIAL RESULTS
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Evidence and statistics

A Statistical methods are the link from data to
conclusions and actions

A If you want to learn from data when there is
uncertainty, you need statistics




Frequentist statistics

A P-values, null-hypothesis significance testing, confidence intervals

A Trial analyses usually produce an estimate of the treatment effect, a
p-value and a confidence interval

group and 2320 to the placebo group. A primary outcome event occurred in 386

patients (16.7%) in the tranexamic acid group and in 420 patients (18.1%) in the
placebo group (relative risk, 0.92; 95% confidence interval, 0.81 to 1.05; P=0.22).




p-values / significance tests

A Probability that the null hypothesis is true
A Probability that the result is due to chance alone

A P < 0.05 means
A the difference is real
A the difference is unlikely to be due to chance
A the null hypothesis is false (or probably false)
A treatment benefit has been proved
A <5% chance that the null hypothesis is true

A P > 0.05 means
A there is no difference

A the treatment is not effective



Confidence intervals

A Range in which we expect the true effect to lie

A Plausible range of treatment effects

A Range with 95% probability of including real value

A In 95% of replicates, estimate will fall within this range

A Values near the centre are more likely than values near the ends
(probability distribution)






Correct interpretation: p-value

The probability, under the assumption of no effect or
no difference (null hypothesis) of getting a result equal
to or more extreme than what was actually observed.

A So p < 0.05 (a statistically significant result) means that if the null
hypothesis I s true and you repeat
to get a result as extreme

A Null hypothesis being wrong is one possible reason for that

A Only about the one specific null hypothesis of zero difference



Spence & Stanley
Frontiers in Psychology 13 Nov 2018

Concise, Simple, and Not Wrong:
In Search of a Short-Hand
Interpretation of Statistical
Significance

Jeffrey R. Spence* and David J. Stanley

Departmant of Psychology, Universify of Gualph, Guelph, ON, Canada

the technical nature of a correct definition. Correct interpretations of statistical
significance can be unintuitive, nuanced, and use unfamiliar technical language. As

“All of the results were statistically significant (indicating
that the true effects may not be zero).”




Correct interpretation: confidence interval

A 95% ClI is an Iinterval created by a method that

ensures that it will include the true value in 95% of
replicates of the experiment

ABest interpretat i omange bfvaluesshatisg!| e i 1

compatible (i.e. not statistically significantly different from) the point
estimate. ©



Criticisms

The American Statistician

ISSN: 0003-1305 (Print) 1537-2731 (Online) Journal homepage: http://amstat.tandfonline.co

The ASA's statement on p-values: context, process,

and purpose

Ronald L. Wasserstein & Nicole A. Lazar

To cite this article: Ronald L. Wasserstein & Nicole A. Lazar (2016): The ASA's
statement on p-values: context, process, and purpose, The American Statistician, DOI:
10.1080/00031305.2016.1154108

To link to this article: http://dx.doi.org/10.1080/00031305.2016.1154108

Principle 3. Scientific conclusions and business or policy decisions should
not be based only on whether a p-value passes a specific threshold.



Criticisms

Eur J Epidemiol (2016) 31:337-350 @ CrossMark
DOT 10.1007/s 10654-01 6-0149-3

ESSAY
Statistical tests, P values, confidence intervals, and power: a guide
to misinterpretations

. - 1 o g 2 3 e d
Sander Greenland - Stephen J. Senn™ - Kenneth J. Rothman™ - John B. Carlin™ -
- 5 o B 6 - 7

Charles Poole” - Steven N. Goodman® - Douglas G. Altman

L] -‘ L] L] L] | L] L]
Retire statistical significance
Valentin Amrhein, Sander Greenland, Blake McShane and more than 800 signatories
call for an end to hyped claims and the dismissal of possibly crucial effects.




The NEW ENGLAND JOURNAL of MEDICINE

ORIGINAL ARTICLE

Intensive Blood-Pressure Lowering
in Patients with Acute Cerebral Hemorrhage

Adnan |. Qureshi, M.D., Yuko Y. Palesch, Ph.D., William G. Barsan, M.D.,

stopped because of futility after a prespecified interim analysis. The primary outcome
Of death or dlsablllty was Dbser?ed i 38. ?% of the partlmpants (186 of 481) in the
he standard-treatment group

relative risk, 1.04; 95% conﬁdence mterval 0.85 to 1.27; pnalysis was adjusted for age,

CONCLUSIONS

The treatment of participants with intrace

tolic blood pressure of 110 to 139 mm Hg| did not result in a lower rate of death o
disability than standard reduction to a target of 140 to 179 mm Hg. (Funded by the




JAMA | Original Investigation

Effect of Vitamin D and Calcium Supplementation
on Cancer Incidence in Older Women
A Randomized Clinical Trial

Joan Lappe, PhD, RN; Patrice Watson, PhD; Dianne Travers-Gustafson, PhD, RN; Robert Recker, MD;
Cedric Garland, PhD; Edward Gorham, PhD: Keith Baggerly, PhD; Sharon L. McDonnell. MPH

Figure 2. Invasive and In Situ Cancer Incidence Among Healthy Older Women Receiving Vitamin D and Calcium
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CONCLUSIONS AND RELEVANCE Among healthy pnstmennpausal ﬂlder women with amean
baseline serum 25-hydroxyvitamin Rlexvelo _ : ith vitamin Dy
and calcium compared with placebq did not result in a significantly lower risk ¢f all-type
cancer at 4 years. Further research is necessary to assess the possib vitamin D

in cancer prevention.




Example: OPTIMISE

_

Original Investigation | CARING FOR THE CRITICALLY ILL PATIENT

Effect of a Perioperative, Cardiac Output-Guided
Hemodynamic Therapy Algorithm on Outcomes
Following Major Gastrointestinal Surgery

A Randomized Clinical Trial and Systematic Review

Rupert M. Pearse. MD; David A Harrson, PhD; Nell MacDonald, FRCA: Michael A. Gillies, FRCA: Mark Blunt, FRCA: Gareth Ackland, PhD: Michael P. W. Grocott, MD;
Aotfe Ahern, BSc; Kathryn Griggs, MSc: Rachael Scott, PhD; Charles Hinds, FRCA; Kathryn Rowan, PhD; for the OPTIMISE Study Group

Main outcome: major complications or @{ay mortality
Intervention: 36.6%; Control: 43.4% RR 0.84, 95% CI: 0.71, 1.(

gastrointestinal surgery, use of a cardiac output-guided hemodynamic therapy algorithm
compared with usual car{a did not reduce a composite outcome @f complications and 30-day
mortality. However, inclusion of these data in an updated meta-analysis indicates that the




Traditional frequentist results

AOften misinterpreted; dondét mean \
A Hard to understand

A Not very clinically relevant

Not answering the right questions

A Give us probability of data if hypothesis is true

A We want to know the opposite: what is the probability of any value of
the treatment effect, given the data that the trial has found?

A Not surprising that people are confused!



BAYESIAN STATISTICAL METHODS
or
PROBABILITBASED STATISTICS



Bayesians versuisegquentists




You don't know
the power of
the dark side.




Bayesian methods

Use probability to represent uncertainty
Uses. | & $haofkin
Result (posterior distribution) & probabilitydistribution

Probability of all possible values of treatment effect,
given the data
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Bayesian methods

Give us relevant answers
I What are the likely treatment effects, given the data?

Understandableand useful results
I Probability thattreatment superior
I Probabilitythat difference is clinicaliynportant

Resultis a probabillity distribution (unlike CI)

Gets away from artificial dichotomy (significant/non
significant)

Allowsincorporation of existingnformation

Really good for adaptive trials



Conditional probabillity

The probability of X given that Y happens.
Probability of rain tomorrow given that today Is sunny.

Probability that a patient has a disease, given that he
has tested positive for it.

Probability that a drug Is beneficial, given the da&
have collected Iin a trial.



I & §haofein

Posterior

probability of
treatment effect (A)
given the data (X)

N

Pr(A|X) =

The data

Pr(X|A) Pr(A)

Pr(X)

Prior probability of
treatment effect (A)



Answer a different (more relevant)
guestion than traditional methods

What is the probability of every possible
value of the parameter, given the
observed data, and what we knew already
(and the statistical model)?



Bayesian methods

Prior combined with data (likelihood) to give posterior
distribution.

Shows probability of all possible values of the paramete
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Bayesian methods: output

A Result is posterior distribution for
parameter(s) of interest e.g. e e
treatment effect

A This can be used to derive other
things
I Probability of benefit or effect > ( | -,
I interval with 95% probability .
(credible interval, highest density
interval)

95% HDI
-3.11 -0.396
[ |

] ' T 1
) 3 2 A 0 |
M1 — 1



Bayesian methods and trials

Posterior distribution allows calculation of useful probabilities
that are not available from traditional analyses
I Probability of benefit or harm

I Probability that effect is greater than a threshold for clinical
usefulness

I Probability of equivalence or nenferiority

I Probability that each treatment is the best (or is better than control
by a specified amount)

I Predictive probabilities: given the current data, what is the
probability distribution of treatment effects that we would find if
we recruited another 100 patients, repeated the stuelig



OPTIMISE: Bayesian analysis

Credits:EwenHarrison (Edinburgh) and Liz Ryan (Birmingham)

OPTIMSE Composite Primary Outcome
Posterior distribution of relative risk

mean = 0.844
97.3% <1¢2.7%
22% in: ROPE
95% HDI ; :
0.699 : 0.998 ;
I | T | | | |
0.6 0.7 0.8 0.9 1.0 1.1 1.2

Relative risk (8;/6,)

Probability of RR < 1 (any benef)973

Probability of RR between 0.9 and 1.1 (clinical equivaleQc&:
Probability of RR < 0.9 (important benefll)78

Range with 95% probability of true effeft699 to 0.998



A bit about priors

A The prior is an important part of Bayesian analysis
A Allows incorporation of existing knowledge, if that is desired

A Sometimes thought to be a bit subjective i influence results by
picking a favourable prior

ABUT with a reasonable quantity of

A AND using an explicit prior is just formalising something we all do
anyway



Results of an RCT

An intervention for mild traumatic brain injury
Placebo controlled, fully blinded trial
Outcome: 15 symptom scale, lower = better

Difference (interventiorg control):
-0.50, 95% GD.90,-0.15, p=0.01

Could this be a useful intervention?



Homeopathy

Chapman EH)eintraubRJ, Milburn MARirozziTO, Woo E (1999).
Homeopathic treatment of mild traumatic brain injury: a randomized,

doubleblind, placebecontrolled clinical trial. Journal of Head Trauma
Rehabilitation; 14: 523542.



Conclusion

Prior probabilities are REALLY IMPORTANT
SOSY AT @é2dz F NBYy Qi R

Bayesian analysis forces you to do think about prior probabilities and
provides a formal method for doing this

How often is this discussed in the NEJM?



ADAPTIVE TRIALS



