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Abstract

Rationale, aims and objectives New therapies are increasingly approved by regulatory agencies such as the Food and Drug
Administration (FDA) and the European Medicines Agency (EMA) based on testing in non-randomized clinical trials. These
treatments have typically displayed “dramatic effects” (i.e., effects that are considered large enough to obviate the combined
effects of bias and random error). The agencies, however, have not identified how large these effects should be to avoid the
need for further testing in randomized controlled trials (RCTs). We investigated the effect size that would circumvent the
need for further RCTs testing by the regulatory agencies. We hypothesized that the approval of therapeutic interventions by
regulators is based on heuristic decision-making whose accuracy can be best characterized by the application of signal detection
theory (SDT). Methods We merged the EMA and FDA database of approvals based on non-RCT comparisons. We excluded
duplicate entries between the two databases. We included a total of 134 approvals of drugs and devices based on non-RCTs. We
integrated Weber-Fechner law of psychophysics and recognition heuristics within SDT to provide descriptive explanations of the
decisions made by the FDA and EMA to approve new treatments based on non-randomized studies without requiring further
testing in RCTs. Results Our findings suggest that when the difference between novel treatments and the historical control is
at least one logarithm (base 10) of magnitude, the veracity of testing in non-RCTs seems to be established. Conclusion Drug
developers and practitioners alike can use the change in one logarithm of effect size as a benchmark to decide if further testing
in RCTs should be pursued, or as a guide to interpreting the results reported in non-randomized studies. However, further

research would be useful to better characterize the threshold of effect size above which testing in RCT's is not needed.
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Abstract
Rationale, aims and objectives

New therapies are increasingly approved by regulatory agencies such as the Food and Drug Administration
(FDA) and the European Medicines Agency (EMA) based on testing in non-randomized clinical trials.
These treatments have typically displayed “dramatic effects” (i.e., effects that are considered large enough
to obviate the combined effects of bias and random error). The agencies, however, have not identified how
large these effects should be to avoid the need for further testing in randomized controlled trials (RCTs).
We investigated the effect size that would circumvent the need for further RCTs testing by the regulatory
agencies. We hypothesized that the approval of therapeutic interventions by regulators is based on heuristic
decision-making whose accuracy can be best characterized by the application of signal detection theory
(SDT).

Methods

We merged the EMA and FDA database of approvals based on non-RCT comparisons. We excluded duplicate
entries between the two databases. We included a total of 134 approvals of drugs and devices based on non-
RCTs. We integrated Weber-Fechner law of psychophysics and recognition heuristics within SDT to provide
descriptive explanations of the decisions made by the FDA and EMA to approve new treatments based on
non-randomized studies without requiring further testing in RCTs.

Results

Our findings suggest that when the difference between novel treatments and the historical control is at least
one logarithm (base 10) of magnitude, the veracity of testing in non-RCTs seems to be established.

Conclusion

Drug developers and practitioners alike can use the change in one logarithm of effect size as a benchmark
to decide if further testing in RCTs should be pursued, or as a guide to interpreting the results reported in
non-randomized studies. However, further research would be useful to better characterize the threshold of
effect size above which testing in RCTs is not needed.

INTRODUCTION

A central aspect of scientific inference is distinguishing coincidence from cause and effect. David Hume — one
of the greatest philosophers of all times — maintained that this is empirically impossible.! Methodological
development during last 50-70 years have identified randomization as a necessary condition to establish
the relationship between cause and effect®*, such as ascertaining treatment effects tested in randomized
controlled trials (RCTs).5 Since the early 1960’s 3 regulators such as Food and Drug Administration
(FDA) and later on, the European Medicines Agency (EMA) have typically required RCTs to approve new
treatments for use in medical practice. However, developments in basic science and signals can be identified



without testing in RCTs. “An unintended consequence of these developments is that a formal mechanism
for rigorous cause-effect inferences is removed and, by and large, cannot be reliably compensated by using
techniques based on non-randomized comparisons.® Nevertheless, under some circumstances, the therapeutic
signal observed in non-RCTs testing is accepted as “truthful”.? This, for example, occurs when effects of
treatments are so large (“dramatic”) that they are believed to override the combined effects of biases and
random errors that potentially affect the study’s results.” The mechanism for accepting such results as
“true” resides in the way our minds distinguish these signals as “true” from “false”. A theoretical framework
for such inferences can be postulated within the heuristic theory of decision-making!'®!! linked with signal
detection theory (SDT).1%13 Indeed, when formal methods such as RCTs are not available people resort
to heuristics.'® Here we argue that inference about dramatic effects is driven by two heuristics: first, the
large effects must be recognized (recognition heuristic) and second, the magnitude of that effect to cross the
decision threshold reflects the heuristic according to the Weber-Fechner law.

In this paper, we propose how SDT-related heuristics can be used to interpret the results of non-RCT
comparisons of drug approvals by the FDA and EMA. We believe that wider familiarity with these principles
has important educational values for trainees, practicing physicians, researchers, and policy-makers.

METHODS
The regulators have accepted non-randomized studies as the basis for licensing of new treatments

A notion that that large treatment effects can sometimes obviate the need for data from RCTs has also been
accepted by the FDA and the EMA. The agencies established special pathways-the EMA’s PRIME (Priority
Medicines) and Adaptive Pathways programs and the FDA’s “Breakthrough Therapy Designation” programs
- designed to support approval of drugs that demonstrate substantial improvement over the existing therapies,
which may not require further testing in RCTs. '* We recently analyzed drug approvals by the EMA and
FDA based on non-randomized drug comparisons and confirmed that larger effect sizes in non-randomized
studies are associated with higher rates of licensing approval.!>16 Overall, we found that between 7 to 10% of
drug approvals are based on non-RCT comparisons and that between 2% and 4% of these approvals displayed
“dramatic” effects'®16, defined as relative risks (RR)>28, RR [?]5 !7, or RR[?]10.°

Although the probability of approval increased with larger effect sizes, we could not identify a specific
threshold of effect size above which the regulatory agencies would always grant licensing approval.l®:16
Similarly, to date, the agencies have not formally quantified the effect size necessary to preclude the need for
additional testing in RCT's before granting licensing approval. Thus, the treatment effect size that is dramatic
enough to convince the FDA and EMA that the treatment differences observed are real and free of bias and
random error and hence can be approved without RCTs remain unclear. The proposed definitions of dramatic
effects- (RR)>2%, RR [?]5 17, or RR[?]10°- have not been theoretically or empirically justified; instead, they
represent a decision rule based onheuristics - powerful, rule-of-thumb, decision-making strategies that are
often more accurate than complex statistical models.!0:11:18

The heuristic theory of decision-making has been linked to SDT'%!3 and the threshold model of decision-
making'? to show how seemingly unrelated theories in different disciplines can lead to discovery of new
relationships and explanations. Here, we argue that when the direct, empirical evaluation of a treatment
effect is not possible, an alternative approach is to employ SDT to define the circumstances under which the
“signal” (e.g., treatment effect) is credible and reproducibly detected to allow approval of new drugs without
further testing in RCTs.19:20 21

We rely on the generalizability of SDT to account for two heuristics that we believe influence the FDA and
the EMA’s approval of new treatments: 1) the likelihood of approval without testing in RCTs will increase
if the difference in treatment effect between the experimental and control arm is at least one logarithm of
magnitude (i.e., reflecting heuristic based on the Weber-Fechner law ) 20?' 22; 2) the specific threshold of
effect size above which the agencies will not require further RCTs will reflect heuristic known as recognition
heuristic .23 We focus on the effect size heuristics, but also discuss the heuristic related to the use of p-values.
Recently, there has been an increasing attempt to modify a century-old inferential rule-of-thumb to reject



the null hypothesis at p[?]0.05%4; some authors vehemently oppose a hard cut-off for p-values, 2 while others
propose a new heuristic rule of p[?]0.005 ?* as an acceptable evidentiary standard against a null hypothesis.

EMA and FDA databases of drug approvals based on non-RCT comparisons

To provide empirical support for our theoretical framework, for this analysis we merged the EMA and
FDA database of approvals based on non-RCT comparisons!®6, as described above. We merged both
databases because of the high concordance rate (91-98%) in approval 26 between the two agencies. We
excluded duplicate entries between the two databases, and reviewed all regulatory approval documents that
addressed whether testing in subsequent RCTs is required. We included a total of 134 approvals of drugs
and devices that were based on non-RCTs. For 35 of these treatments, the regulators required further
evidence from RCTs, whereas for 99 treatments they did not. Although this is the best, contemporary
dataset available!®,'6 it is important to note that the agencies often failed to provide explicit comparisons
of these drugs and devices against comparators, arguing that in many cases “efficacy has been assessed
on the basis of [outcomes] in comparison to what would be expected by expert clinical evaluation and by
comparison with previous experience in this type of patient”.?® Indeed, the evaluation of treatment effects
always depends on the comparison of experimental (direct or counterfactual) with a control intervention if
one is to estimate the effect size. Therefore, when the agencies did not specifically provide comparison data,
we imputed the control events either based on our interpretation of the agencies’ judgments documented in
the approval reports or the best available data available in the literature.!®'® However, in our attempts to
translate the FDA and EMA judgments into the effect sizes, we frequently imputed very low (often equal
to zero) event rates such as response rate or survival in the control arm. As a result, we observed some
empirically improbable high effect sizes. Nevertheless, our estimates seem to reflect what the agencies often
believed — “without new treatments, most patients would surely die 7 ° — implying that these effects are
indeed considered self-evidently large, dramatic effects and hence confirming the role of heuristics in the
decision-making process of treatment approvals.

Weber-Fechner law

In the early 19*" century, psychologist Ernst Weber noted that in order for people to notice a given stimulus,

the amount of the stimulus must increase (or decrease) by a fraction of its physical intensity to yield “just
noticeable differences” (jnd) .1%:2* For example, Weber found that people could not discriminate between 20.5
and 20.0 g weights but could usually discriminate between 21 and 20 g.2° When baseline weight was 40, 60,
80, and 100 g, the required increased in stimulus to represent jnd was 42, 63, 84, and 105 g, respectively.2’
That is, to appreciate the differences between weights (jnd), the weight (i.e., stimulus) should increase by
at least 5% of the original weight.2’Gustav Fechner, another 19" century psychologist, proposed that “nd”
can be conceptualized as units of psychological intensity instead of physical intensity.!?-2! Subsequently, the
relationship between the intensity of a signal and how much more intense the signal needs to increase before
a person can reliably tell that the signal has truthfully changed has become known as the Weber-Fechner Law
of psychophysics. As expected for physiological systems, the law is valid within certain domains of stimulus-
response ratios. In other words, it is approximately correct for a wide variety of sensory dimensions, although
it may deviate at the extremes of the spectrum of stimuli.?%2! Other authors have tried to improve upon the
Weber-Fechner Law. Notably, Stevens?” proposed a power law according to which a relationship between
stimulus intensity and the magnitude of sensation can be plotted on a log-log axis as a straight line with a
slope of the exponent.

Regardless of the exact mathematical description of the relationship between “nd” and stimulus, the repro-
ducible relationships between signal and perception was subsequently documented in other fields as well 28:
from influencing human behaviors by specific marketing stimuli?® to the way people experience the value of
money'? to making risky choices 3° to the mental line for numbers.?? In addition, psychological research?!
has demonstrated that people often use a simple heuristic in decision-making, based on the prominent num-
bers as powers of 10- defined as the powers of ten, their doubles, and their halves [e.g., 1,2, 5, 10, 20, 50,
100, 200...] that approximate the Weber-Fechner function. 3! 32For example, when presented with mone-
tary choices, people often make judgments according to the “1/10 aspiration level” (rounded to the closest



number) in such a way that if the gains, losses, or probabilities change by one order of magnitude (or more),
they will stop further examination of the observed results and accept the findings.3! Thus, the most common
heuristics defined in the literature to categorize “dramatic” effects as RR>2 &, RR [?]5'7, or RR[?]10° appear
to be consistent with the Weber-Fechner law. However, a fundamental property of the Weber-Fechner law
is that “jnd” occurs only when the increase or change in stimuli are aconstant percentage of the stimulus
itself'®:21; this is also directly applicable to evaluation of treatment effects. Indeed, treatments effects are
commonly assumed to remain constant over a range of predicted risks,>*providing further justification for
the application of Weber-Fechner law to assess the likelihood of approval of new therapeutics without test-
ing them in RCTs. Appendix 1 demonstrates how a stimulus (effect size) and response [probability of not
requiring further RCTs whenjnd = log (OR)] is derived from the Weber-Fechner law as:

logit (p (nongcr)) = A *log (OR) + B

where OR is odds ratio, A and B are fitted constants, respectively.

It is important to note that the response — i.e., not requiring further testing in RCTs — is not linearly related
to the size of treatment effect (i.e., OR), but rather to the logarithm of the effect size [log(OR)].

A signal detection analysis of “dramatic effects” based on recognition heuristics

Recognition is a natural mechanism for making inferences and solving problems — if the object or phenomenon
is not recognized, further ascertainment and reasoning processes cannot proceed.?* One strategy that relies
on using recognition to make inferences is called the recognition heuristic.> Recognition heuristic has been
demonstrated to provide accurate answers in a wide range of circumstances, particularly when information
is limited and uncertain. It is considered to have a special status in our cognitive capabilities because, as
explained, if the object is not recognized then it becomes impossible to draw any inferences.?® Therefore, if the
regulators do not recognize effect size as a criterion for making decisions on whether to request further RCTs,
then effect size would not play a role in their decision-making. However, as discussed, we have demonstrated
ecological validity between effect size and decisions whether to require further testing in RCTs: larger effect
sizes were associated with a greater likelihood of approval based on nonrandomized data. 516 Thus, the
magnitude of effect size serves as a recognition heuristic related to the decision to approve drugs based on
non-randomized studies. Nonetheless, the specific decision will depend on beliefs (stemming from familiarity)
that the effect size exceeding a certain threshold (7 ) (e.g., RR>2, 5, 10) is sufficient to obviate testing in
further RCTs.

Use of recognition heuristics, like any other decision rule, may result in correct and incorrect inferences.
35 In turn, analyzing the proportion of correct inferences based on recognition heuristics lends itself to
inquiry within a framework of SDT.123 SDT resides on the notion that the two possible events (signal , e.g.
treatment effect is “true”), and noise , e.g. treatment effect is not “true”) have overlapping distributions on
a given observation scale. Each of these distributions is further divided into two possible outcomes, which
are determined by setting a decision criterion. The criterion divides the signal distribution into true positives
(hits, or sensitivity) and false negatives (misses). The noise distribution is composed of true negatives (correct
rejections, or specificity) and false positives, respectively.?” To assess the accuracy of recognition heuristic of
a continuous variable such as effect size, we assume that judges have a criterion set at one point along the
possible values of their prior beliefs, which in our case corresponds to treatment effect size, TE = (OR).
If the TE exceeds the given threshold (T ) consistent with the judges prior beliefs, the rule to activate
recognition heuristic can formally be stated as:36

If TE= OR>T , then ” Approve without further testing in RCTSs”

If TE= OR<T, then” Approve with request for further testing in RCTSs”



Using the previously defined frameworks for integrating heuristic decision-making with SDT'2:36_ for each
possible cutoff value of TE = (OR), we can calculate standard SDT statistics®®37 including sensitivity,
specificity, overall accuracy, positive predictive value (PPV) (i.e.recognition validity ) and d’ (discriminabil-
ity). In turn, we define the optimal recognition heuristic as the maximum TE threshold for the largest d’
value. [Note that d’(discriminability) represents the standardized distance between the signal i.e., no further
RCTs needed and noise (further RCTs required) distributions and is defined as:

d = zHit zFA,

where z Hit and z FA are the z -scores of the true positive and the false alarm rate, respectively].
Results
Weber-Fechner law

When the Weber-Fechner equation is applied to the EMA-FDA data, there is a highly significant association
between the logarithm of treatment effects and the likelihood that the regulators will not require further
testing in RCTs (Table 1). To illustrate the significance of this finding, it is instructive to calculate differences
in the change of treatment effects (stimuli):

logit (p) = 0.831 - T'Ey + 0.32

which means that an increase of TE1p = ORDby 1 leads to an increase in the probability by% ~ 0.69

Consistent with Weber-Fechner law, we found that if OR increases by one, the probability of not requiring
further RCTs increases by 69%, which, we contend, is very large probability rarely observed in decision-
making literature. Thus, our analysis suggests that the difference between new treatments and historical
controls should be at least one logarithm of magnitude larger to omit subsequent requests for RCTs. (Figure
1). Strictly speaking, some would argue, evidentiary support in favor of this hypothesis is moderately strong
at p=0.007, but reaches the recently recommended heuristic cut-off at p=0.005 24 when 5 observations of
treatment effects with empirically implausible large values (OR>250) are removed from the analysis (not
shown).

Recognition heuristics

How accurate is the recognition heuristic? Figure 2a shows the relationship between recognition validity (i.e.,
PPV) and discriminability (i.e., d” ). As expected, the greater d’ , the greater the separation between signal
and noise. However, the degree of separation is relatively modest, with maximumd’ ~1.0. Fig 2b displays the
relationship betweend’ and TE value. The optimal cut-off is approximatelylog(OR) of 1, which is equivalent
to jnd as per the Weber-Fechner law. Similarly, the largest evidentiary support is found for TE of about
1( =1.17) at moderate p=0.033. P-values for larger TE, which theoretically should have higher recognition
validity, has not reached traditional statistical evidence at p<0.05 (Fig 2c), which probably explains why
larger treatment effects are not invariably associated with drug approval without testing in RCTs. In fact,
only 11 observations were associated with effect size exceeding OR > 2.

Discussion

We sought to address one of the most important clinical question in contemporary clinical research: how
large of an effect size is large enough to allow approval of treatments without further testing in RCTs? To
address this question, we illustrate the application of the signal detection and heuristic theory of decision-
making to interpret the effect size that regulatory agencies may use to approve treatment without further
testing in RCTs. We propose that two heuristics can explain the agencies’ decision-making: first, signal
isrecognized as large, and second, the magnitude of that signal is assessed via the Weber-Fechner law. Our
findings suggest that when the difference between novel treatments and historical controls is at least one



logarithm of magnitude, the veracity of testing in non-RCTs seems to be established.?® These findings based
on the convergence of the Weber-Fechner and recognition heuristics agree with the heuristic rule suggested
by Glasziou et al: further RCTs may not be necessary when RR of experimental treatment is [?] 10 in
comparison with control.

Theories of decision making are divided into those that deal with ‘large-’ or ‘small’- world phenomena.?’

In a small world, time constraint is not an issue, decision-makers have access to the best available evidence
— ideally from well-designed and powered RCTs — regarding all competing management alternatives, con-
sequences and probabilities. Signal detection theory is a prototype of the small world theories and is a
normative theory that provides a framework for how people “should” or “ought to” make their decisions and
draw inferences. (This is also known as the theory of “ought”). 40-42

In contrast, in a ‘large’ or real-world context, decision-makers are typically under time constraints, with
limited knowledge about the complete set of alternatives, consequences, and probabilities. This means that
making rational inferences requires adaptation to environment/context (adaptive or ecological rationality )
and respecting epistemological, environmental and computationalconstraints of human brains.'*% Because
finding the optimum solution to a given problem can be resource and computationally intensive, adaptive be-
haviors typically rely onsatisficing (finding a good enough solution), rather than striving to find a “perfect”
solution (via optimising/maximizing procedures). 4943 The principle behind satisficing is that there must
exist a point (threshold) at which obtaining more information or engaging in more computation becomes
overly costly and thereby detrimental. Identifying this threshold, at which a decision-maker should stop
searching for more information, is often accomplished by using “heuristics”'! for implementation of bounded
rationality.** The heuristic theory of decision-making is a descriptive theory, which helps explain how peo-
ple actually make their decisions (also known as theory of “is”). 4042 Surprisingly, simple heuristic-based
inferential and decision-making strategies are often more accurate than more complex statistical models (the
phenomenon known as “less-is-more”).1!

Recently, we'? and others'®3%integrated small-world SDT with heuristics decision-making to show how
connecting apparently unrelated theories in different disciplines likely leads to discovery of new relationships.
In this paper, we extend the theory integration program?® to the application of the Weber-Fechner law and
recognition heuristics in order to provide descriptive explanations of the decisions made by the FDA and
EMA to approve new treatments based on non-RCT studies without further testing in RCTs. By integrating
heuristic reasoning with SDT, it is sometimes possible to derive “ought” rule from “is”observations.*0-42:46
That is, if had observed high discriminability of Weber-Fechner, or recognition heuristic, we may then
argue that these empirically derived observations may, in turn, be normatively used by drug developers and
practitioners alike: one log effect size magnitude could serve as a benchmark to decide if further testing in
RCTs should be pursued, or as a guide in interpretation of the results reported in non-RCT studies.

Throughout this study, we found some support for “one logarithm of treatment magnitude” rule, but we
should acknowledge the study limitations. First, the strength of evidence supporting high accuracy related
to the decision to pursue further RCTs based on the one log effect size is moderate. Second, as discussed
in the papers leading to this one'®16, in addition to effect size, other factors play a role in the decision to
grant licensing approval; these seem to include issues such as approval for rare diseases where few effective
treatment exists, risk tolerance in the attempt to strike a balance between failing to approve effective drugs
and approving ineffective or dangerous drugs 7, political pressures like conflict of interest, feasibility of
undertaking of RCTs, small sample sizes and bias in the assessment of control event rates, as outlined above.

Nevertheless, it is clear that the larger the effect size, the higher the probability that treatments will be
approved without further testing in RCTs. !5!® When integration of multiple factors are difficult people
resort to heuristics, which are often defining characteristics of psychology of decision-making. '°However, one
of the reasons that we could not provide more definitive evidence related to the specific effect size above which
drugs should be approved based solely on non-RCT data is that our database, even most comprehensive to
date, is relatively small (n=134). Mere exposure to “dramatic effects” does not account for the mechanism of
recognition heuristic.3® Rather, repeated experience and internalization of the rule is required for the ease of



retrieval to rely on recognition for making inferences from memory about the phenomenon of interest.?®> We
suspect that as databases- and experience- with approval of drugs based on non-RCTs increase, regulators
and practicing physicians will encounter many more instances that will help improve the quality of recognition
memory and the use of the methods described here will be more applicable.

Conclusions

We sought to address one of the most crucial clinical question in contemporary clinical research: how large
of an effect size is large enough to circumvent the need for further RCTs testing by the regulatory agencies?
Our results suggest that drug developers can use the change in one logarithm of effect size as a benchmark
to decide if further testing in RCTs should be pursued, or as a guide to interpreting the results reported in
non-randomized studies. Further research would be helpful to better characterize the threshold of effect size
above which testing in RCTs is not needed.
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Figure 1 : The likelihood that testing in further RCTs will not be required by the regulatory agencies
reflects the Weber-Fechner law: the higher the signal [effect size, here expressed as logarithm base 10 of odds
ratio, [log(OR)], the greater the probability of the treatment approval without requirement for conducting
confirmatory RCT.

Figure 2: 2a) a relation between recognition validity(expressed as positive predictive value, PPV) and d’
[i.e., the standardized distance between distributions of the signal (i.e., no further RCTs needed and noise
(further RCTs required)]; 2b) a relationship between d’ and “recognition heuristic”effect size threshold value
. Optimal cut-off is about log(OR) of 1; 2¢) the largest evidentiary support is found for effect size of 1.11 at
moderate evidentiary support p=0.033. p values for larger thresholds have not reached traditional statistical
evidence at p<0.05. (Fig 2c).

Appendix

Derivation of a relation between stimulus (effect) size and response [probability of not requiring
further RCTs whenjnd =log (OR)] based on analogy to Weber-Fechner law

Let s be the magnitude of a measurable stimulus and As the increase in stimulus just required to discriminate
between stimuli as:2!

S
r = — = constant
S

This means that the noticeable difference in sensation occur only when the increase, or change in stimuli (such
as change in the magnitude of effect due to the experimental treatment compared with control treatment)
are a constant percentage of the stimulus (s ) itself. This is Weber’s law.

Fechner proposed a method of scaling that takes Weber’s law into account; let s, be a fixed value of s to



allow us to calculate the nearest noticeably higher stimulus as?':

S1 — So
r= Or -8, = 81 — So
So

S1=580+7"8 =8, (1+71)=58,-qwhere g=1+7r
So the “next” stimulus is q times the previous level of “noticeable” stimulus. Similarly

52281'61:50'(1'(1:50'(]2 and 83282-(1281'612:80'(]3

which leads to general equation

_ n
Sn = S04

Which, after taking a natural logarithm (or logarithm base 10) is analogous to

n=A-lns+ B

where A = - and B = — s,
Ing Ing

In our case, we actually only want to distinguish whether the difference in stimulus is noticeable, i.e., we are
not interested in the absolute size of the stimulus, but rather whether the ratio ris large enough.

We express the ratio as effect size measured in terms of odds ratio (OR), or proportional reduction of OR
(1-OR, in terms of reducing bad events); or, increase in terms of improving good outcomes (OR-1). These
effects are commonly assumed to remain constant over the range of predicted risks33, providing further
justification for application of Weber-Fechner law:

. E _ ODDSexp—ODDSctrl  ODDSexp

s ODDctrl ~ ODDSctrl

—-1=0R-1
and

g=(1+r)=(1+0OR—-1)=0R
where ODDSexp and ODDSctrl, are odds of events related to the experimental and control treatment,
respectively.

Rather than using the size of the stimulus (n), we are using the size of the ratio (r or ¢) as the independent
variable. Since this is a ratio, the use of logarithmic scale is more appropriate, and rather than modeling the
scale or intensity of the stimulus (n) as in the Weber’s law, we are modeling whether the size of this ratio
will indicate a distinguishable difference :

diff (yesorno)=A-In(qg)+B=A-In(OR)+ B

Since in this case, this difference can only take two values (O=no=further RCTs are required or 1=yes=further
RCTs are not required), we employ logistic regression®® to obtain probability of not requiring further RCT:

logit (P (nonrcr)) = A-1In (OR) + B



Similar expression can be derived using relative risks instead of OR.
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