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I provide a lot of information about Statistics for free. Start at my main website, 
but also take a look at my email newsletter, The Monthly Mean. 

Facebook: www.facebook.com/pmean
LinkedIn: www.linkedin.com/in/pmean
Main website: www.pmean.com
Newsletter: www.pmean.com/news
Twitter: http://twitter.com/profmean 

Please note that this webinar is heavily dependent on computer technology 
that frequently fails to deliver what it promises. I’ve had just about everything 
bad happen to me during these webinars, and it helps to just laugh it off and 
carry on as best as you can. If you’re having problems with the audio or video, 
please let me know. There may not be a fix, but there is usually a work-around.

http://www.facebook.com/pmean
http://www.linkedin.com/in/pmean
http://www.pmean.com
http://www.pmean.com/news
http://twitter.com/profmean
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P-values are the fundamental tools used in most inferential data analyses. 
They are possibly the most commonly reported statistics in the medical 
literature. Unfortunately, p-values are subject to frequent misinterpretations. In 
this presentation, you will learn the proper interpretation of p-values, and the 
common abuses and misconceptions about these statistics.
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The pop quiz will not be graded. I do need to lay out some definitions. You may 
already know these terms, but it is still helpful to review them to assure that we 
are communicating using a common set of assumptions. I’ll guide you through 
the first practice exercise, and then ask you to respond to the next two in the 
chat window. Then I’ll repeat the pop quiz at the end. Please feel free to ask 
questions at anytime. I plan to finish no later than  two hours after I have 
started, but will stick around if there are any questions.
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Don’t worry if you don’t know the answer to this right away. I’m just trying to 
get a sense of how much people know in advance of the seminar. I’ll repeat 
this pop quiz at the end as an informal evaluation of whether I have been 
effective at communicating my message to you.
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A population is a collection of items of interest in research. The population 
represents a group that you wish to generalize your research to. Populations 
are often defined in terms of demography, geography, occupation, time, 
care requirements, diagnosis, or some combination of the above.

An example of a population would be all infants born in the state of Missouri 
during the 1995 calendar year who have one or more visits to the Emergency 
room during their first year of life.
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A sample is a subset of a population. A random sample is a subset where 
every item in the population has the same probability of being in the sample. 
Usually, the size of the sample is much less than the size of the 
population. The primary goal of much research is to use information collected 
from a sample to try to characterize a certain population.
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In your research, you specify a null hypothesis (typically labeled H0) and an 
alternative hypothesis (typically labeled Ha, or sometimes H1). By tradition, the 
null hypothesis corresponds to no change. A Type I error is rejecting the null 
hypothesis when the null hypothesis is true.

Example: Consider a new drug that we will put on the market if we can show 
that it is better than a placebo. In this context, H0 would represent the 
hypothesis that the average improvement (or perhaps the probability of 
improvement) among all patients taking the new drug is equal to the average 
improvement (probability of improvement) among all patients taking the 
placebo. A Type I error would be allowing an ineffective drug onto the 
market.
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A Type II error is accepting the null hypothesis when the null hypothesis 
is false. Many studies have small sample sizes that make it difficult to 
reject the null hypothesis, even when there is a big change in the data. In 
these situations, a Type II error might be a possible explanation for the 
negative study results. 

Example: Consider a new drug that we will put on the market if we can show 
that it is better than a placebo. In this context, H0 would represent the 
hypothesis that the average improvement (or perhaps the probability of 
improvement) among all patients taking the new drug is equal to the average 
improvement (probability of improvement) among all patients taking the 
placebo. A Type II error would be keeping an effective drug off the market.
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The null hypothesis, traditionally represented by the symbol H0, represents the 
hypothesis of no change or no effect. The smaller the p-value, the more 
evidence we have against H0.

The p-value is also a measure of how likely we are to get a certain sample 
result or a result “more extreme,” assuming H0 is true. The type of hypothesis 
(right tailed, left tailed or two tailed) will determine what “more extreme” 
means.
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It is easiest to understand the p-value in a data set that is already at an 
extreme.

The data supports your belief because it is inconsistent with the 
assumption of a 50% adverse event rate. It would be like flipping a coin 12 
times and getting heads each time.

The p-value, the probability of getting a sample result of 12 adverse events in 
12 patients assuming that the adverse event rate is 50%, is a measure of this 
inconsistency. The p-value, 0.000244, is small enough that we would reject 
the hypothesis that the adverse event rate was only 50%.
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The p-value is frequently misinterpreted as the probability that the null 
hypothesis is false. The framework in which p-values are derived assume a 
fixed (non-random) pair of hypotheses. Randomness appears in the use of a 
random sample to characterize information about a fixed population. This 
approach to hypothesis testing considers any statement of the probability of 
the null hypothesis to be absurd. An alternative approach, Bayesian statistics, 
places prior probabilities on hypotheses and parameters.
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Perhaps the failure to reject the null hypothesis was caused by an inadequate 
sample size. When you see a large p-value in a research study, you should 
also look for one of two things:

a power calculation that confirms that the sample size in that study was 
adequate for detecting a clinically relevant difference; and/or 

a confidence interval that lies entirely within the range of clinical indifference. 

You should also be cautious about a small p-value, but for different reasons. In 
some situations, the sample size is so large that even differences that 
are trivial from a medical perspective can still achieve statistical 
significance.
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It helps to orient yourself by finding the research hypothesis being tested. Not 
every research hypothesis will follow this PICO format, but it is a good starting 
point.
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P = patients with Alzheimer’s disease
I = 10 cm^2 or 20 cm^2 rivastigmine patch
C = patients taking 12 mg/day rivastigmine capsule and patients taking 
placebo
O = ADAS-Cog, ADCS-CGIC at 24 weeks. Nausea, vomitting.

If you are having trouble reading this, please go to
--> http://www.pmean.com/11/abstracts.html

http://www.pmean.com/11/abstracts.html
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--> http://www.pmean.com/11/abstracts.html

http://www.pmean.com/11/abstracts.html
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If you are having trouble reading this, please go to
--> http://www.pmean.com/11/abstracts.html

http://www.pmean.com/11/abstracts.html
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We statisticians have a habit of hedging our bets. We always insert qualifiers 
into our reports, warn about all sorts of assumptions, and never admit to 
anything more extreme than probable. There's a famous saying: "Statistics 
means never having to say you're certain."

We qualify our statements, of course, because we are always dealing with 
imperfect information. In particular, we are often asked to make statements 
about a population (a large group of subjects) using information from a sample 
(a small, but carefully selected subset of this population). No matter how 
carefully this sample is selected to be a fair and unbiased representation of the 
population, relying on information from a sample will always lead to some 
level of uncertainty.
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A wide confidence interval implies poor precision; we can only specify 
plausible values to a broad and uninformative range.

A narrow confidence interval implies good precision; we can place sharp limits 
on the range of plausible values.
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This interval implies that neither a large improvement due to homoeopathy 
nor a large decrement could be ruled out.

Reference is P. Lokken, P. A. Straumsheim, D. Tveiten, P. Skjelbred, C. F. 
Borchgrevink. Effect of homoeopathy on pain and other events after acute 
trauma: placebo controlled trial with bilateral oral surgery BMJ. 
1995;310(6992):1439-1442. http://www.bmj.com/content/310/6992/1439.full

http://www.bmj.com/content/310/6992/1439.full
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When you see a confidence interval in a published medical report, you should 
look for two things. First, does the interval contain a value that implies no 
change or no effect? For example, with a confidence interval for a difference 
look to see whether that interval includes zero. With a confidence interval for a 
ratio, look to see whether that interval contains one.
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Here's an example of a confidence interval that contains the null value. The 
interval shown below implies no statistically significant change. 
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Here's an example of a confidence interval that excludes the null value. If we 
assume that larger implies better, then the interval shown below would 
imply a statistically significant improvement.
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Here's a different example of a confidence interval that excludes the null value. 
The interval shown below implies a statistically significant decline.



26

You should also see whether the confidence interval lies partly or entirely 
within a range of clinical indifference. Clinical indifference represents 
values of such a trivial size that you would not want to change your current 
practice.
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If a confidence interval is contained entirely within your range of clinical 
indifference, then you have clear and convincing evidence to keep doing 
things the same way.
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One the other hand, if part of the confidence interval lies outside the 
range of clinical indifference, then you should consider the possibility that 
the sample size is too small.
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Finally, if your confidence interval excludes the null value and lies outside 
the range of clinical indifference, then you have both statistical and 
practical significance.
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If your confidence interval excludes the null value but still lies entirely 
within the range of clinical indifference, then you have a result with 
statistical significance, but no practical significance.
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Recall that it helps to orient yourself by finding the research hypothesis being 
tested. Use the PICO format.
P = Patient population
I = Intervention
C = Control/Comparison group
O = Outcome 
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P = Anti-psychotic-naïve (first episode) schizophrenia patients
I = Multiple interventions: various antipsychotics, various demographics.
C = (unclear)
O = time to diabetes onset

If you are having trouble reading this, please go to
--> http://www.pmean.com/11/abstracts.html

http://www.pmean.com/11/abstracts.html
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http://www.pmean.com/11/abstracts.html
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http://www.pmean.com/11/abstracts.html
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If you are having trouble reading this, please go to
--> http://www.pmean.com/11/abstracts.html

http://www.pmean.com/11/abstracts.html
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There's a wonderful example of Bayesian data analysis at work that is simple 
and fun. It's taken directly from an article by Jim Albert in the Journal of 
Statistics Education (1995, vol. 3 no. 3) which is available on the web at

www.amstat.org/publications/jse/v3n3/albert.html

This data is from the second example in this paper.

http://www.amstat.org/publications/jse/v3n3/albert.html
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This is the classic formulation used for Bayesian data analysis. You can find a 
good description on Wikipedia.
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The first step in any Bayesian data analysis is specifying P(H) which is the 
prior probability. Specifying the prior probability is probably the one aspect of 
Bayesian data analysis that causes the most controversy. 
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The prior distribution can incorporate knowledge stemming from previous 
studies. No study is ever done in isolation, and savvy readers will always place 
a research articles findings in the context of what has already been shown. 
This is done in an informal and subjective fashion. Bayesian data analysis 
allows you to formalize this approach if you like.

The prior distribution can also incorporate subjective opinions of the 
researcher. What!?! you're saying right now. Aren't statistics supposed to 
remove the need for subjective opinions?

Actually, a bit of subjectivity is a good thing.
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You can't do research without adopting some informal rules. These rules may 
be reasonable, they may be supported to some extent by empirical data, but 
they are still applied in a largely subjective fashion. 
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For example, an important research question is whether a research finding 
should "close the book" to further research. If data indicates a negative result, 
and this result is negative even using an optimistic prior probability, then all 
researchers, even those with the most optimistic hopes for the therapy, should 
move on. 
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Many Bayesian data analyses use what it called a diffuse or non-informative 
prior distribution. This is a prior distribution that is neither optimistic nor 
pessimistic, but spreads the probability more or less evenly across all 
hypotheses. 
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This is not an optimal assumption, but it isn't terrible either, and it allows us to 
see some of the calculations in action. 

With 11 probabilities for ECMO and 11 probabilities for conventional therapy, 
we have 121 possible combinations. How should we arrange those 
probabilities? One possibility is to assign half of the total probability to 
combinations where the probabilities are the same for ECMO and conventional 
therapy and the remaining half to combinations where the probabilities are 
different. Split each of these probabilities evenly over all the combinations.  
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There are 11 cells along the diagonal. 0.5 / 11 = 0.0045.

There are 110 cells off the diagonal. 0.5 / 110 = 0.0005.
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P(E | H) is the probability of the observed data under each hypothesis. There 
are formulas for this, using the binomial distribution. I used Excel to calculate 
these probabilities for me. Here’s an example of the formula I used.

=binomdist(28,29,0.9,FALSE)*binomdist(
6,10,0.6,FALSE)
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By multiplying the probabilities together, you combine information from your 
prior belief and information from the data. The largest values will be from 
combinations of ECMO and conventional survival probabilities that have a 
reasonably large prior probability.
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How likely are we to believe the hypothesis that ECMO and conventional 
therapy have the same survival rates? Just add the cells along the diagonal 
(0+0+...+5+57+97+0) to get 159 out of a thousand. Prior to collecting the data, 
we placed the probability that the two rates were equal at 500 out of a 
thousand, so the data has greatly (but not completely) dissuaded us from this 
belief. 
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You can get assign probability statements to the ratio of the survival rates as 
well. There are 840 chances out of a thousand (1000 – 160) that the ratio is 
greater than 1.0, but only 136 chances out of a thousand (1000 – 864) that the 
ratio is greater than 2.0.
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Dr. Albert goes on to show an informative prior distribution. There is a fair 
amount of data to indicate that the survival rate for the conventional therapy is 
somewhere between 10% and 30%, but little or no data about the survival 
rates under ECMO.
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