
90

Introduction

Experts are continuously reporting in-
vestigator’s mistakes. Healthcare investi-
gators are constantly using statistical infer-
ence: is the result seen in the sample true
for all the population? Which results are re-
ally valid and which ones are just anec-
dotes? Until the end of the 19th century
there was no support from the probability
field to help solve this problem. The 20th
century brought a special present to inves-
tigators in all the medical sciences. Pear-
son1, Student2 and Fisher3 developed the
bases of statistical inference with two fun-
damental tools: significance tests and con-
fidence intervals (CI), and, thanks to them,
a real assistance in the interpretation of da-
ta became available. However, the benefit
these resources provided was sensibly re-
duced by the infrequent use of the CI and
the overuse, frequently in an inappropriate
way, of significance tests.

In spite of the frequent publication of
books, articles and editorials that familiar-
ize investigators lacking a statistical back-
ground with the meaning of the p value, its
interpretation and limitations, many re-
searchers still make serious mistakes when
reaching conclusions based on a p value.

Moreover, many investigators have sim-
plistic ideas in this area that are passed on
to the next generation with the risk of as-
suming wrong conclusions not supported
by the data. Many healthcare professionals
do not understand the logic of statistical in-
ference and are trapped between the lack of
knowledge of this method and the imperi-
ous need to use it inside the scientific com-
munity. This disparity produces sentences
such as “the results are not statistically sig-
nificant as p > 0.05”, that are often misin-
terpreted both by the author and the reader.
The problem is even more serious as many
researchers are not conscious of their gaps
in this area.

The frequent misuse of the p value has
been lamented by experts since its intro-
duction. As early as 1956 Fisher explained
that although a p value of 0.05 (or any oth-
er) was useful for decision-making, in com-
merce and technology, it was inadequate to
increase scientific knowledge4. In 1971 Ar-
mitage5 extended this thought: “The 5%
level has became widely accepted as a con-
venient yardstick for assessing the signifi-
cance of the departure from a null hypothe-
sis. This is unfortunate, because there
should be no rigid distinction between a de-
parture, that is a p value, which is just be-
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Although there is a plethora of books, reviews and articles defining the meaning of the p value,
many investigators make errors when reaching conclusions from their work based on this p value.
Most report their data using rigid sentences such as “the results are not statistically significant, p
> 0.05”, frequently misunderstood by the authors and the readers. Many professionals are not aware
of their limitations in this field rendering the problem even more complicated.

In this article we include advice from experts against mistakes frequently made by investigators,
such as the plea made by Rothman that a correct interpretation of the data should not be replaced by
sentences such as “statistically significant” or “statistically non-significant”. Detailed comments on
the more frequent mistakes as well as the reasons for their appearance and persistence during the
decades are presented. Finally, a comprehensive explanation of the p value is included, to emphasize
that to avoid these mistakes there is no need to learn the mathematical basis of tests but that logic
alone would suffice.

(Ital Heart J 2005; 6 (2): 90-95)



yond the 5% significance level and one which just fails
to reach it”. In 1985 Feinstein6 added “Farewell statis-
tical significance” (“p < 0.05”), you misleading and
treacherous companion. Your adverse side reactions
and intracerebral toxicity have become too overwhelm-
ing to compensate whatever efficacy you provided ...”.
In 1998 Rothman7 was even more explicit: “Proper rea-
soning requires more than just a classification of each
study into significant or not significant”. Thus, degra-
dation of information about an effect into a simple di-
chotomy is counterproductive and may be misleading.
Why has such an unsound dichotomous practice be-
come so ingrained in scientific research? Undoubtedly,
much of the popularity of these methods stems from the
apparent objectivity and definiteness of the pronounce-
ment of significance. Declarations of significance or its
absence may supplant the need for a more refined in-
terpretation of data; the declarations may serve as a me-
chanical substitute for thought. The neatness of an ap-
parent clear-cut result may appear more gratifying to
investigators, editors and readers than a finding that
cannot be immediately pigeonholed.

Many others among the greatest theoretical and
practical biostatisticians have denunciated this erro-
neous way of proceeding in biomedical research. This
flawed interpretation of the significance tests does not
reflect incapacity of biomedical investigators but only
the poor teaching that most of them received in this
field. As statistical analysis is a mathematical disci-
pline, it is usually explained to healthcare professionals
using a mathematical language that is unintelligible to
most of them. However, and contrary to the widespread
opinion, to avoid these mistakes it is not necessary to
learn the mathematical basis of the significance tests, as
the logic process behind these tests is the same we use
in everyday life.

The most frequent and serious mistakes 

Research conclusions do not always adequately re-
flect the results obtained and frequently there are im-
portant disparities between the data and their interpre-
tation. Below is a detailed description of the most im-
portant mistakes related to a misinterpretation of the p
value (Table I).

Not publishing, underestimating or reporting a re-
sult, classifying it as “non-significant” due to a p val-
ue slightly over 0.05. A p value that is just beyond the
5% significance level and one which just fails to reach
it should have a similar interpretation5, as the truth is
that the difference in the mental attitude to be associat-
ed with a probability of 0.04 and one of 0.06 should be
negligible8. Results should never be reported as “non-
significant”, as this is very poorly informative on the
level of reliability of a conclusion. The exact p value
must be presented to minimize the risk of misinterpre-

tations. Sentences such “... there was an increase ... the
difference failed to reach statistical significance ...
there was a gradual decline ..., although the difference
also failed to reach statistical significance ... values re-
mained elevated ... p = non-significant”9 should be
avoided.

To report the result of a test as “p < 0.05” when the
p value obtained is, for example 0.04, but also when
it is 0.00004. A p value of 0.04, lends modest support
to the hypothesis that the effect found in the sample re-
ally exists in the general population, whereas a p value
of 0.00004 gives almost definitive evidence. It is
preferable to avoid the dichotomy – “significant” and
non-significant” – by attempting to measure how sig-
nificant the departure is, that is, by reporting the p val-
ue10, without limiting the information provided to the
readers. However, the medical literature is full of sen-
tences such as “the costs increased from 34 ± 3 in a
group to 56 ± 3 in the other (p < 0.05)”11 or “function-
al class improved significantly from 2.8 ± 0.4 to 1.3 ±
0.4 (p < 0.05)”12.

To conclude, when high p values are obtained, “the
null hypothesis is true” instead of “the null hypoth-
esis may be true”. In a classic revision of clinical tri-
als that concluded that there were no “significant” dif-
ferences between the therapies used, Freiman et al.13

found that 50 of the 71 trials were consistent with ben-
efits of the new treatment of ≥ 50%. In all of these tri-
als, the original investigators interpreted their data as
indicative of no effect because the p value was not “sta-
tistically significant”. More recent studies show that
this problem continues in biomedical literature, with an
erroneous interpretation of the results in 50% of stud-
ies14. Actually, a high p value only means that many hy-
potheses may be true, including the null hypothesis.
Asserting that, precisely the null hypothesis is the one
that is true usually is unjustified, as absence of evidence
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Table I. The most frequent and serious mistakes in medical re-
search.

Underestimating a result due to a p value slightly over 0.05, re-
porting it as “non-significant” and not presenting the exact p val-
ue.

Reporting the result of a test as “p < 0.05” with no further men-
tion of the p value.

To conclude, when high p values are obtained, “the null hypoth-
esis is true” instead of “the null hypothesis may be true”.

Not providing the pertinent confidence interval.

To mistake decision-making, rarely needed in medical research,
with the mental process of readjusting the degree of confidence
we have in a hypothesis.

To ignore the intrinsic limitations of the tests of significance,
forcing clear conclusions (asseverating that an effect exists or
does not exist).



does not mean evidence of absence15. However, this is
a very frequent mistake: a recent paper entitled “He-
mochromatosis mutations are not linked to dilated car-
diomyopathy in Israeli patients” included the sentence
“There was a non-significant trend to a difference in the
prevalence of the homozygous H63D mutation be-
tween the cardiomyopathy patients and the healthy
blood donors (3.18 vs 0%, p = 0.076)”16.

To exaggerate the meaning of the p value, without
providing the magnitude of the effect found in the
sample with the pertinent confidence interval. This
contributes to the confusion between “a very sig-
nificant” and “a very big” effect. The truth is that
whenever possible the magnitude of the effect found
in the sample, as well as the CI to that effect in the
population, should be reported. An effect may be very
significant but clinically irrelevant, as statistical sig-
nificance frequently does not translate into clinical
significance17.

To confuse decision-making (to take one or another
action on the basis of the sample results) with the
mental process of readjusting the degree of confi-
dence we have in a hypothesis. The choice between two
alternative courses of action, when, as in industrial qual-
ity-control activities, a single study forms the sole basis
for it may be justifiable. However, medical research pur-
sues not factual decisions: it just incrementally con-
tributes to an existing body of knowledge18. Therefore,
the purpose of a biomedical experiment is not to precip-
itate decision-making but to reset the degree of confi-
dence in the validity of a given hypothesis. This confi-
dence should not be a matter of all or none; rather, the
scientific work should be focused on establishing rea-
sonable convictions and not on prescribing actions19. 

To ignore the intrinsic limitations of the significance
tests, forcing the presence of clear conclusions (de-
claring that an effect exists or does not exist). The
truth is that most studies do not provide a definite an-
swer in favor or against a given hypothesis, and simply
classifying the results as “significant” or “non-signifi-
cant” does not reduce the level of uncertainty. In many
cases, publishing medical research does not imply a
firm and final decision; it is just a matter of contribut-
ing to an existing body of knowledge. Sentences like
“dopexamine increases internal mammary artery blood
flow”, based on a p value of 0.02820 give the false im-
pression that a previously unresolved question is defin-
itively solved.

In clinical terms we must make the diagnosis that 
p = 0.05 has become the accepted standard, but it is
time for us to say that this is bad practice21, with ad-
verse side effects and intellectual toxicity too over-
whelming to compensate for whatever efficacy it may
have provided6.

Why the value 0.05 is irrelevant

The value 0.05 is not a frontier that points out im-
portant differences, and this should be obvious when
performing statistical inference as it is in everyday sit-
uations including daily clinical practice. The decision
to perform or not a surgical intervention would be sim-
ilar if the mortality related with it were 5.3% (0.053) or
4.8% (0.048). For the same reason, when performing
biomedical research, a p value of 0.053 cannot imply a
different conclusion than a p value of 0.048.

The p value, as all probabilities, may take any value
between 0 and 1, and varies gradually, with no magic
number constituting an abyss perfectly delineating two
different zones. We have many examples of continuous
variables with no separation point in two qualitatively
different groups. When registering a patient’s age it
would be absurd to consider only if he is over or under
40 years. The same applies for weight, blood pressure
and other parameters. In all these examples we can
imagine situations where it is interesting to classify the
patients in two groups; however, this does not mean
that the value chosen in that moment has intrinsic prop-
erties that make it usable as a definite frontier in the fu-
ture. We can, and we do, take an arbitrary diastolic
blood pressure value (e.g. for example 90 mmHg), as a
diagnostic tool with therapeutic consequences. Howev-
er, it is obvious that a value of 89.9 mmHg is equivalent
to one of 90.1 mmHg, but 90.1 mmHg is very different
from 120 mmHg.

Reasons for these mistakes 

We already know that 0.05 is no frontier and that
while very low p values are strong evidence against the
null hypothesis, high p values are not evidence in sup-
port of the null hypothesis. What are the reasons that
have made do that these mistakes persisted for several
decades? Some researchers do understand that the val-
ue of 0.05 is only a convention with no intrinsic quali-
ty. However, they usually add that they have to use
some value to decide whether a result is statistically
significant or not. This kind of thinking, deeply estab-
lished in many investigators, implies a conceptual mis-
take that constitutes the main cause of all the misper-
ceptions in this field. The truth is that, contrary to the
general opinion, in most scientific and health settings,
there is no need to take an immediate and final decision.
Moreover, as Rothman7 stresses “it is presumptuous if
not absurd for an investigator to act as if the result of his
or her study will form the sole basis for a decision”.
Fisher designed the significance tests, at the beginning
of the 20th century, precisely to permit the constant re-
setting of the degree of confidence in the validity of a
given hypothesis. This constitutes the basis of scientif-
ic investigation.
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In some specific circumstances, the p value is ex-
plicitly used to make a choice between two possible op-
tions. In these cases it is mandatory to select a separa-
tion value, so that with a p value below the one select-
ed an action is taken, while with a higher p value an-
other option is taken. For such circumstances, Neyman
and Pearson developed the test of hypothesis. A frontier
p value, 0.05 or any other, is needed in order to make
concrete decisions immediately, according to the result
obtained in the sample taken. This is frequently the case
in some fields of industry, commerce and technology,
but is extremely unusual in biomedical research, as this
immediate decision-making has a logical basis which is
very different from those of a scientist engaged in a bet-
ter understanding of reality4. It is important to clearly
differentiate these two situations and urgent to stop the
mistakes that have accumulated over more than seven-
ty years.

There are other causes of the erroneous importance
that the p value of 0.05 has been given (Table II):
a) the misinterpretation of some comments by Fisher,
such as that in which he stated that is reasonable to
think the null hypothesis is not correct when the p val-
ue is 0.05. However, Fisher did not give any intrinsic
property to this value; his comment could have been
just as well applied to, for example 0.06 or 0.03;
b) statistic tables for the different distributions (normal,
t-test, �2, etc.) usually show 0.05 and 0.01 p values.
This is only a convention; values such as 0.04 or 0.005,
for example, could also have been used;
c) some biomedical journals include, in their author in-
structions, sentences such as: “the effect will only be
considered significant with a p value < 0.05”. This con-
vention could even be reasonable as long as it is clear-
ly understood that it is only a convention, and provided
that authors and readers do not conclude that p values
< 0.05 mean that the effect found is real in the popula-
tion and that p values > 0.05 mean that the effect does
not exist at all;
d) when someone does not understand what the p value
means, it is easy for him to use rigid sentences such as
“the result is statistically significant” or “the result is

not statistically significant”. In so doing an author
would be using the mechanical repetition of expres-
sions that he does not understand as substitutes for rig-
orous thinking7. 

There is no need to learn the mathematical
fundamentals of the significance tests to avoid
these mistakes

The widespread opinion that complex mathematical
knowledge is needed to adequately interpret the p val-
ue is not true. To correctly apply the significance tests
we only have to use everyday logic. That is why clari-
fying the significance tests is not only necessary and ur-
gent, but also perfectly possible, as there is nothing
“mathematical” or complex in the mental process im-
plied. Mathematicians are responsible for the calcula-
tion of the p value, but understanding the meaning of
this number is a logical issue, available to all health
professionals; for the same reason, we can drive a car
with no need to study mechanics and electronics. This
logical process can be explained with no mathematical
tool, using only common situations.

What the p value means

To explain it we will resort to two simple examples,
one with a qualitative response and another with a
quantitative one.

Example 1: Is a new treatment effective? Let us as-
sume that we have a disease with a 20% spontaneous
recovery and that a new treatment “A” became avail-
able. We suspect that with this new treatment the per-
centage of recovery will be higher than 20%. We use
this new treatment in 5 patients.

If the new treatment had no effect, we would ex-
pect, theoretically, only one recovery (1/5 = 0.2 =
20%). If we find two recoveries, common sense tells
us that this slight increase in the number of recoveries
is no clear evidence favoring the new treatment. How-
ever, if all the 5 patients recover, what would we con-
clude? Some could think that, although this datum is
suggestive of a favorable effect of the new treatment
(the recovery rate is higher than 20%), due to the low
number of patients, this result could have been
reached by chance, even if the new treatment had no
effect. Others would argue that, although it is a small
sample, the fact that all the patients recover should be
considered as clear evidence in favor of the hypothe-
sis that the new treatment does really increase the per-
centage of recoveries, because if the treatment was not
effective it would be very difficult, only by chance, for
all patients to recover.

The p value tells us precisely how probable this ex-
treme result is only due to chance: i.e. if the new treat-
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Table II. Reasons for a wrong interpretation of p values.

To mistake the test of hypothesis, designed to make a choice be-
tween two possible options, with the significance tests that per-
mit the constant resetting of the degree of confidence in the va-
lidity of a given hypothesis.

The misinterpretation of some comments by Fisher.

Statistic tables for the different distributions usually show p val-
ues ranging between 0.05 and 0.01.

Some author instructions such as: “the effect will only be con-
sidered significant with a p value < 0.05”. 

When someone does not understand what the p value means, it
is easy for him to use sentences such as “the result is statistical-
ly significant” or “the result is not statistically significant”.



ment is not effective. In this example, the p value is
0.0003, which means that if the new treatment has no
effect, the probability of all patients recovering is 3 per
10 000. In this context, the probability is only the pro-
portion in which this would happen, and implies that if
we perform this experiment 10 000 times, only in 3
would we find that all patients recover without any
treatment. As this is very improbable, the obtained re-
sult strongly suggests that the new treatment increases
the number of recoveries.

Statistical inference is always performed in this
manner: we start with a possible situation (the null hy-
pothesis) and we determine the probability of obtaining
data similar to the ones we have in our sample, or even
more distant to the null hypothesis than our data. The
smaller the p value, the greater the evidence against the
null hypothesis. 

Example 2: Is the heart of transgenic rats bigger?
The mean weight of the mature heart of a certain
strain of rats (T0), is 60 g with a standard deviation of
12 g. A transgenic rat strain (T1) is generated and we
want to determine whether it has the same mean heart
weight. The null hypothesis, H0, is that the mean heart
weight is the same (60 g). Four rats are sacrificed and
this sample has a mean heart weight of 84 g. A simple
calculation yields a p value of 0.00003, that is to say,
if the mean of T1 is really 60 g, out of 100 000 stud-
ies like this, only 3 would report a mean heart weight
of ≥ 84 g. So, this type of sample is considered strong
evidence against the H0. We sacrifice another 4 rats of
a different transgenic type (T2) and we find a mean
heart weight of 64 g with a p value of 0.25, which
means that if the mean heart weight of T2 is really 60
g, out of 100 studies like this, 25 would report a mean
heart weight of ≥ 64 g. This type of sample is consid-
ered compatible with the H0 and provides no evidence
against it but neither any evidence in its favor. Finally
we sacrifice another 4 rats of a third transgenic type
(T3), and we find a mean weight of 72 g and a p val-
ue of 0.022, that is to say, if the mean heart weight of
T3 is really 60 g, out of 1000 studies like this 22
would report a mean heart weight of ≥ 72 g. Here the
evidence against the H0 is moderate, which inclines us
to reject it, but with serious doubts. Let us remember
that having found a p value < 0.05 is not definitive
proof of anything.

Confidence intervals, a complementary approach

CI are usually more informative and easier to inter-
pret. They indicate the interval inside which we think
the population value we want to know lies: in this case,
the mean heart weight in each one of the transgenic
types. Table III depicts the results obtained in each
sample together with the 95% CI and 99% CI.

We have 95% confidence that the population mean
heart weight for T2 lies between 54 and 74 g and
therefore that it may be similar to that of T0, or that it
may range from 6 units below it up to 14 units above
it. For T3 we have 95% confidence that the population
mean lies between 62 and 82 g, that is to say, between
2 and 22 units above that of T0. However, the 99% CI
tells us that the mean heart weight of T3 may even be
below 60 g, although this is not very probable. The
reasonable thing is to conclude that with these data
we cannot take a definite position, except to exclude
that the mean heart weight of T3 is notably smaller
than that of T0. It may be similar to that of T0 or it
may surpass it by several units, but not many more
than 25.

Number needed to treat, the cost-effectiveness
approach

When presenting the data of the clinical research of
a new treatment it is always useful to calculate the
imaginary number of patients per arm that would result
in exactly one less event in the new treatment arm
(NTA) than in the placebo/standard treatment arm
(PTA). The use of the number needed to treat (NNT)
provides the readers with a clear image of the potential
clinical and economic effect of the new therapy and is
a useful basis to compare the cost-effectiveness of dif-
ferent treatments. In order to calculate it for acute dis-
eases, the reciprocal of the risk difference is used, as
NNT = 1/(riskPTA – riskNTA). For example, if the 10-day
mortality after a myocardial infarction were 7% with a
new thrombolytic agent and 10% with the standard
treatment (control), NNT = 1/(0.1 – 0.07) = 33: this
means that 33 patients have to be treated with the new
therapy to save one life. With regard to chronic condi-
tions the reciprocal of the hazard difference should be
used: NNT = 1/(hazardPTA – hazardNTA). For example, if
the hazard of mortality with heart failure were 20/100
patient-years with a new therapy and 30/100 patient-
years with the standard treatment (control), NNT =
1/(0.3 – 0.2) = 10; this is the number of patient-years of
treatment with the new therapy required to save one
life.
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Table III. Samples obtained from transgenic rats. Non-trans-
genic rats have a mean heart weight of 60 g and a standard de-
viation of 12 g.

Type Sample mean (g) p 95% CI 99% CI

T1 84 0.00003 74-94 71-97
T2 64 0.25 54-74 51-77
T3 72 0.022 62-82 59-85

CI = confidence interval.



Conclusions 

Medical researchers often need to use the p value in
statistical tests, but few of them do so correctly. Al-
though in most studies, the interpretation of the p value
is required to arrive at sensible conclusions, most re-
searchers do not have clear ideas in this respect and
cover themselves by using expressions such as “the re-
sult is statistically significant as p < 0.05”, which, of-
ten, neither writer or reader understands. The wide-
spread use of what is known as the “5% rule” is partic-
ularly unfortunate, as it mistakenly considers this quan-
tity to be the cut-off point between what is valid and
what is not. The conclusion obtained after a research is
not different for p values of 5.1% and 4.9% and inves-
tigators should stop thinking of the 5% significance as
having any particular importance. Most researchers
refuse to understand the issue fearing that it requires a
mathematical understanding which may be beyond
them. We have attempted to demonstrate that although
the calculation of the p value is a mathematical matter,
its interpretation is a matter of common sense compre-
hensible to all those who wish to understand. It is pos-
sible and necessary to create the conditions in which
thousands of researchers could stop feeling insecure
and feel that even they are able to unambiguously un-
derstand and apply this necessary tool correctly.
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