
in march 2011, the Supreme Court 

ruled that even if a result from a con-

trolled clinical trial was not statistically 

significant, it still might be important. 

In the case, brought by investors in the 

biopharmaceutical firm Matrixx Initia-

tives, judges ruled that the company failed 

to disclose reports that its over-the-coun-

ter medicine, Zicam, sometimes caused a 

loss of the sense of smell. 

Matrixx Initiatives argued it had no 

reason to disclose these adverse events be-

cause the results did not reach statistical 

significance. The court rejected that argu-

ment and let the case proceed in a lower 

court. An article in the Wall Street Journal 

trumpeted this result and quoted statisti-

cians supporting the Supreme Court.1

What does this say about hypothesis 

testing and statistical evidence? Doesn’t 

this type of ruling fly in the face of the 

scientific method?

 Since R.A. Fisher’s investigation of 

agricultural plantings in the 1920s, statisti-

cians have used hypothesis testing and 

critical significance levels to make conclu-

sions about their data. Surprisingly, when 

Fisher proposed his null and alternative 

hypotheses, they were not welcomed by 

all statisticians.

 Jerzy Neyman and Egon Pearson 

attacked this notion of statistical signifi-

cance and suggested it made more sense 

to test competing hypotheses against one 

another. Rather than “rejecting” or “not 

rejecting” a null hypothesis, these compet-

ing hypotheses-statistical tests gauge the 

likelihood of a “false positive.” To Fisher, 

it’s necessary to note the exact p-value 

was important and not a critical cut-off 

value, such as 5% probability for overall 

decision making.2 

P-values
What is a p-value? What exactly are you 

testing? What does probability mean in 

real life?

The definition of a p-value is correctly 

explained by Tom Siegfried: “Experimen-

tal data yielding a p-value of 0.05 means 

that there is only a 5% chance of obtaining 

an observed (or more extreme) result if no 

real effect exists (that is, if the no-differ-

ence hypothesis is correct).”3

The definition shows the p-value gives in-

formation about the probability of obtaining 

evidence. It doesn’t quantify the strength of 

the evidence. So, if there is a significant dif-

ference and the null hypothesis is rejected, 

how do you know if the result is important? 

The short answer is you don’t.

A nonsignificant difference may or may 

not be an important difference, as shown 

in Table 1, which contains some results 

from a study by the Global Entrepre-

neurship Monitor (GEM). The study was 

written after the research consortium 

interviewed more than 200,000 individuals 

globally in more than 60 countries. Each 

country contributed a sample of 2,000 or 

more.4 

For example, some results from the 

study compare male and female entrepre-

neurship rates globally and within Mas-

sachusetts. The rates are comparable, but 

the statistical results are conflicting. Are 

these results important? Why are the tests 

giving different results? 

The Massachusetts sample is 1,000, of 

which only about 100 are entrepreneurs. 

The global sample is close to 200,000, of 

which about 20,000 are entrepreneurs. In 

both tests, the percentage of males start-

ing a business is almost 50% larger than 

females starting a business.

Given differing statistical conclusions 

for the same evidence, it is important 

not to come to different overall conclu-

sions. One way to ensure statistical 

significance is to increase your sample 

size. Alternatively, if your sample size is 

not large enough, nothing will be signifi-

cant because there is not enough power to 

discriminate between the two groups.

A difference may be significant in 

multiple tests but remain unimportant 

to the overall evaluation or project. With 

advances in manufacturing using comput-

ers to input the specifications, machines 

may have small but highly significant 

differences that are meaningless to the 

overall process because the tolerances are 

so small. 

In Table 2, for example, statistical 

significance is driven by the small (or lack 

of) variability within a machine, unlike the 

earlier GEM example, which was driven by 

sample size. A p-value indicates the likeli-

hood there is a relationship that is not due 

to chance. A p-value does not indicate the 

strength of the relationship or whether the 

differences it is examining are relevant.5 

Table 2 shows how two cutters created 

the same widget part of length 5 in a fac-

tory. Three samples from each cutter were 
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 Massachusetts 
start-up

Global start-up

Male Female Male Female

2009 8.8% 5.0% 8.4% 5.0%

p = Not significant 
p < 0.001

Important vs. 
significant difference 
example   /   Table 1
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accurately measured and showed signifi-

cant differences. Is this result important? 

The machines consistently cut widget 

parts that were different lengths from one 

another. But both cutters created parts 

that were much less than 0.1% different 

from the true length, a difference that was 

likely to have little overall effect. In this 

case, the machines were so accurate that 

a significant difference was achieved, but 

it was a trivial significance.

Conditional probability
It is also critical to understand that the 

statistical hypothesis test is always a con-

ditional test—conditional on the null hy-

pothesis (usually of “no difference”) being 

true. It is not, as usually stated, that there 

is a real statistically significant difference 

between two sets of data, but rather the 

conditional probability of observing data 

is as extreme (or more extreme) than 

what was seen in the sample.

In other words, the significance test 

calculates the resulting p-value, assuming 

the null hypothesis is true. The p-value re-

sult describes the sample gathered for the 

test and tells the investigator how unusual 

the sample is.

A statistically significant test result is 

meaningless without the proper design 

and interpretation. Before any analysis, the 

investigator must be careful the hypothesis 

in question is actually being tested. 

Additionally, some thought should be 

given ahead of time to possible confound-

ers, quality control and statistical cor-

rections. If a hypothesis is not rejected, 

appropriate questions for the investigator 

are, “Was the sample size large enough? 

Was the outcome measured with sufficient 

precision as to detect a difference (or dis-

criminate) between the null and alternative 

hypotheses if a true difference existed?” 

When a hypothesis is rejected, the 

appropriate question is, “Was my sample 

size so large—or my measurement error 

so small—that I would have rejected any 

null hypothesis?” Table 3 converts these 

questions into a short list of how to report 

hypothesis-based test results. 

Frequentist vs. Bayesian
Even following the rubric in Table 3, many 

statisticians still believe classic statistical 

tests are inferior because they rely on strict 

comparison to the null hypothesis. Is there 

a better way? What might be in the future 

for null hypotheses and statistical tests? 

To avoid the pitfalls of p-values and 

formal hypothesis tests, many researchers 

are pointing to Bayesian methods instead 

of the classical frequentist methods ex-

amined here and based on Fisher’s work. 

Bayesian techniques rely on the data for 

pointing in the direction of any conclu-

sions based on the data. 

Stated another way, the Bayesian ap-

proach calculates the probability of the 

hypothesis given the data, while the fre-

quentist approach computes the probabil-

ity of the data given the (null) hypothesis. 

More flexible in terms of including data 

and information but complicated in its cal-

culation of prior and posterior probabili-

ties, Bayesian methods of analysis will be 

the topic of a future discussion.  QP
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 Machine 1 Machine 2

Test lengths

5.00123 4.99821

5.00099 4.99799

5.00111 4.99803

Average 5.00111 4.99808

Standard 
deviation

0.00012 0.00012

p < 0.001

Non-important  
significance  
example   /   Table 2

State the magnitude of a meaningful 
(but not necessarily statistically 
significant) difference.

1.	Report the magnitude of the 
statistical difference between control 
(null) and test (alternative) results 
based on the data. 

2.	Always give information about the 
hypothesis a priori and calculate the 
actual power of the test a posteriori.

3.	Always report the actual p-value 
instead of stating significance based 
on *p < 0.05, **p < 0.01, and***p 
< 0.001, and include some p-values 
larger 0.05, especially for important 
comparisons.

4.	Report conclusions based 
on meaningful and statistical 
differences, and if they do not agree, 
report reasons for the difference 
(such as sample size, effect size and 
variability).

Reporting statistical 
results and  
p-values   /   Table 3
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