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1 Summary Parameters are what we generally think of when
we talk about statistics. The parameters often have
This lecture will attempt to introduce (hopefullthe same name as the parameter, but often the
re-introduce) the basic concepts behind the intéfrathematical symbol used for the parameter is
pretation and use of statistics. It makes no assunrabic (such asn being the parameter, the arith-
tions about previous knowledge. In fact, givemetic mean of a population andbeing the statis-
the level of misunderstanding about statistics, tkie, the arithmetic mean of a sample). More about

cleaner the slate the better. populations and samples later.
The topics | will cover are as follows So, parameters are numbers that we can cal-
culate that tell us something about a population.
1. What are statistics? Thus values such as the maximum, minimum,
range, arithmetic mean, variance, standard devia-
2. What are they for? tion, skew, mode, median, inter-quartile range are
all parameters. There are an infinite number of pa-
3. Common problems rameters — you can make up your own ones as

long as they are mathematically based on mea-

What | won't do is give you a cookbook ofgyrements taken from members of the population

techniques to cover every eventuality. It's not r§q are interested in. The ones I've mentioned are

ally possible in any case, and it's easy enough §8nylar because they are generally useful, but for

look up what you need (or ask someone if you afeparticular application you may be interested in,

stuck). In addition, there are often several perfec@éy, the value of the 69th percentile divided by the
good alternatives. value of the 68th, and you could calculate it.

Useful measures generally fall into two cate-

2 What are statistics? gories.

1. Measures of central tendency (including vari-

Statistics are (by definition) estimates of param- ous means, median, and mode).

eters. Good statistics are good (by which | mean
reasonably accurate and unbiased) estimates of pa: Measures of distribution (including variance,
rameters, and really good statistics allow the calcu- standard deviation, skew, range, percentiles
lation of just how good an estimate of the parame-  and quartiles).
ter they are.

This is not a helpful definition until you know This begs a fundamental question. Why are we
what a parameter is, and why you might be inteinterested in these values? Let me illustrate this
ested in estimating it. with a few examples.



We know that not everyone gets paid the sarhave access to the database for Edinburgh only. So
amount of money. Like many people, | am intethis is where statistics come in. It turns out that if
ested in how my salary compares with other pebmeasure the arithmetic mean for the sample, then
ple’s salaries. | would like to know whether | anthis is a good estimate of the arithmetic mean of
better off than the 'average’ person. An averagettse population — assuming that it's a good sample,
a measure of central tendency. | want to know thseit more of that later. The standard deviation of the
value of a ‘middling’ salary, so | can either feebample is not the best estimate of the standard de-
smug knowing that | earn more than that, or | canation of the population. The standard deviation
complain to my union if | earn less. of samples, it turns out, are slightly smaller than

However, | am not just interested in the middlthe standard deviations of populations so a correc-
value. | am also interested in the spread. If the mitlen factor, which depends on the size of the sam-
dle value turns out to be, say, $15,000, and it turpke needs to be applied. This is generally the case
out that almost everyone earns between $12,080and this adjustment for the size of the sample is
and $25,000 then | shall be extremely cross ifoften referred to as the number of degrees of free-
earn $10,000 and very happy if | earn $30,000. Hdpom.
on the other hand, most people fall into the $8,000When dealing with samples — as we almost al-
to $35,000 range then | will be rather less worriedays do — we often want to know how good an
about my $10,000 and less smug about $30,000estimate of a population parameter we have. Ob-

Obviously, one good way of presenting this inviously if you calculate a mean salary from ask-

formation is visually with a graph. ing a couple of people you met at the pub last Fri-
(Draw graphs on blackboard showing a narroday night, you are not going to expect it to be a
distribution and a wide distribution) very good estimate. If you asked (and got an an-

These show the two parameters | am interesteder from) everyone at the pub, you would have
in — the value of the central tendency and the dia-better estimate. However, this throws up the first
tribution. For salaries | might also be interested problem with samples. Is the sample a good sam-
the range. Especially the upper range — just hgale? Generally, what we mean by a good sample,
much do the richest people earn? is a genuinely random selection of members of the

Now we can begin to look at the difference bgsopulation. Is, ‘people at the pub on a Friday night’
tween parameters and statistics. If | have accesstgood selection. | suspect not. It might be con-
the Inland Revenue’s computer database, | cowenient, but it is certainly a biased selection. This
find out the exact salary of everyone who works quite a common problem. We know that it is
in the UK. | could decide what values | am ina biased sample, but it might be the only sample
terested in. For example, | might choose the arittve can easily get and so we would have to make
metic mean as my measure of central tendency andalue judgement on how good an estimate we
the standard deviation as my measure of distribliave. The problem with this is that someone else
tion and | could then calculate these values. Theasgght not think very much of our judgement and
would be two parameters that describe this popdisagree.
lation. This sort of sample is probably good enough for

However, it is more likely that | wouldn’t havea pilot study. It doesn’t give us a conclusive answer
access to this database. Generally speaking, ibig it does give us a feel for the value. If the popula-
very rare to have access to all the data for a pogien we were interested in was ‘pub goers in Edin-
lation. It is much more common to have data forlaurgh’ rather than ‘the adult population of the UK’
sample. For example | could have sent out a qu¢because we are doing the study for a brewery, for
tionnaire asking for this information, or | mightexample), then it is probably a good sample. The
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only thing we would have to worry about then iS What are they for?

that people may well not have given us honest an-

swers, and quite a few people wouldn't have botB-1 Differences

ered to reply to our questions. This latter can be

a real problem if it later turned out that people ot €xperimental science, a very common question
low incomes were rather less likely to want to telf t0 ask whether a particular treatment has any ef-
us about it than people on high incomes. We woulgct. In this case treatment means any sort of exper-
then find that our estimate of the population me#fental manipulation to the subjects. The general
is higher than we would otherwise expect. Gettirgjotocol is that the subjects are randomly divided

an unbiased sample can be very much harder tHai® two (or more than two if several treatments

you might think, and it is important to get a goo@re being investigated) groups and one is given the
sample. treatment and the other isn't (the control). Some

sort of measure is then taken and the measurements

Once a population has been well characterisét,the two groups compared. We are interested in
then rather than random samples, one can use B4R bits of information. Is there a detectable effect?
anced samples. This is what opinion poll comp&low big is the effect? Statistics will only help you
nies do. Rather than ask a very large number &fswer the first question. This is very important be-
people, they ask a smaller number of people Hause the second question may be much more im-
they make sure that this sample contains peopi@rtant. A very sensitive test may show that there is
from a mix of racial groups, jobs, sexes, ageg,statistically significant effect on life expectancy
regions with the numbers of people representiifjdrinking beer. But when you actually look at the
each of these groups chosen so that the ovefigfa, you might find that the difference works out
balance matches that of the total population. OBS & reduction of half a day over 60 years, which is
viously, for this to work, you need to know infather less important than all those days we've lost
advance the makeup of the total population aMdth hangovers!
which factors are likely to affect the outcome. Ob- The problem we have with ‘detectable effect’
viously, this is very rarely the case. is that all biological entities vary slightly. Treat-

ing one animal/organ/cell never has quite the same

Once we have a good sample, and have cal@ffect as treating another one — even when ev-
lated the value of the statistic we can then oft&ty effort has been made to make them as identi-
precisely calculate how good as estimate of ti¢@l as possible. This means that we would expect
population parameter it is. For example, if we cagvery subject to have a slightly different response.
culate an arithmetic mean of a sample, we knoWwhat this means in practice is that we calculate
that this is our best estimate of the populatiospme statistics for the two different samples and
mean. If we use a statistics program to do this calse them to estimate parameters for the popula-
culation, it will also be able to tell us the 95% contions they have come from (the populations being,
fidence limits of this value. That is to say, that wir example, "all normal mice’, and ‘all mice re-
can be 95% certain that the population mean tiegiving growth factor A). If it turns out that the
we are trying to estimate is within these confideng@rameters estimated with their confidence limits
limits. Put another way, there is a 1 in 20 chan&erlap, then we have no evidence that the treat-
that the population mean is outside these limits. ment had any effect at all. If they don’t overlap,
biology, because it is a rather imprecise sciendBen we have reasonable evidence that we have a
95% is considered acceptably reliable most of thieal effect.
time. The statistic that we chose is up to us. We can



easily estimate the mean or the median if we attee data for the whole population (unlikely!) then
interested in central tendency, and we can estimate can calculate various parameters, such as the
the variance or standard deviation if we are intecorrelation coefficient, which give us an indication
ested in distribution. There are lots of other pararof such an association. More likely, we will once
eters we could estimate if we wanted, but those again have a sample and we will calculate the cor-
the common ones. The choice depends on what tetation coefficient of the sample and use that as an
experimenter is interested in. If you are designirgstimate for the population and once again we will
a drug to cure flatulence, then you are more likebe able to put confidence limits on our estimation.
to be interested in detecting effects on the meanin the case of correlation coefficients, these vary
amount of gas produced, than on any changesfriom -1 for a completely inverse relationship to +1
the distribution. for a perfect relationship. What we are interested
Again, for a pilot experiment, or when the efin (what we mean by statistically significant in this
fects are very large and reliable, this sort of statisase) is that the range of our estimate for the pop-
tical analysis may not be necessary. If you adduéation value does not include 0 (no relationship).
chemical to a chick embryo and it grows an extra Similarly, we can use the extra information from
limb, then you can conclude that this effect is dufie extra variable we have measured to increase
to the drug as long as you can repeat it a few timese power of our tests to identify an effect of the
Growing extra limbs is extremely rare (considetreatment. Often, to do this, the measurements are
ably less than 5%) in normal circumstances, s@ated separately and a univariate test is simply
even a single occurrence is interesting. Howevespeated twice. However, if the two measured vari-
for quantitative effects (size changes, pH changsisles (height and weight are good examples here)
or whatever), some sort of statistical analysis is &lre strongly related to each other (tall people are
most always necessary. generally heavier than short people), then a multi-
Also in this category are ‘goodness of fit’ tests.ariate test is more appropriate.
This is where you have some theoretical ideas
about the population, and you want to see whether
your sample matches the theory. Your theory cgh Groups
predict values for various parameters and there are
a number of tests that can be used to see whetBeience needs to create groupings. Sometimes
your sample data matches. these groupings are real — such as whether an an-
imal is male or female — and sometimes perhaps
more for convenience such as grouping animals by
sub-species. Once groupings exist, it is often nec-
The examples so far have been so-called univagssary to decide whether something belongs in that
ate statistics. They have involved measuring ogeouping or not. Usually, groups are identified by
thing on each subject. Obviously we can measuassociations of features, but often a specific fea-
more than one thing — height and weight for exure is not diagnostic and a group of features need
ample. When we measure two things, we enter tteebe considered together to place an individual in
realm of bivariate statistics. Often, we are then i group. An example of this is deciding the sex of
terested in the relationship between these two measkeleton. We know the skeleton had a sex when
surements. it was alive, and nowadays we can identify the sex
In this case, we want to know whether there israliably from DNA probes. However, we can also
numerical link between a quantity of one thing arattempt to identify the sex from differences in the
a quantity of another. Again, if we have access shapes and sizes of the bones which we know vary

3.2 Relationships
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between males and females. Unfortunately, noocentrols, you are probably looking at differences
of the specific features can be guaranteed to ocdafthough if you are trying to work out some sort
and the most reliable way to assess sex morplud-dose-response you might be looking at relation-
logically is to measure all the features that hawhips). If you are doing survey or observational
some bearing on the sex, such as the angle of therk, you could be interested in either or both de-
femoral head and the size of the sciatic notch apdnding on what research question you are trying
incorporate all this information in an equation thab answer.

calculates a single value for the individual, and de- Then you need to decide how you are modelling
pending on this value, the skeleton can be assigngduyr data. This may sound strange, but all statisti-
with some known reliability as either male or feeal tests depend on making assumptions about how
male. Producing the equation in the first place isyaur sample should relate to the population you
matter of taking these measurements on a numbee interested in. Almost all tests assume that you
of skeletons of known sex and performing a disre using a random, independent, unbiased sam-

criminant analysis. ple. Random means that (ideally) you rolled dice
or tossed a coin to decide who should be in the
4.1 Structure sample. Independent means that the other samples

you have taken had no effect on this one. Unbiased
The last thing | shall talk about are so-called exneans that you are not systematically selecting
ploratory statistics. This is where the calculatiogpecific individuals (your random selection proce-
of the statistic is an end in itself. The values cadure is uniformly likely to pick any individual —
culated will hopefully give us an insight into thehis can be quite insidious). Often tests will also
structure of the data we have measured. A comyake assumptions about the approximate distribu-
mon use of this branch of statistics is in taxonontjobn of the data. The commonest distribution as-
where people are investigating the differences b&mmed is the so called 'normal’ distribution. This is
tween groups of closely related animals. A teckhe classic ‘bell curve’. Fortunately, much biolog-
nique known as principal component analysis (f@fal data fits this distribution fairly well. Although
example, there are others) allows the identificati@he can use ‘goodness of fit’ tests to check that data
of which of the measurements that have been tak@atches this sort of distribution, generally speak-
are important for segregation, and plotting thesgy it's good enough to just look at a plot and see if
principal components allows the groupings to hes bell curved. Most tests are actually reasonably
visualised, and allows verification that supposegbust and give good answers even if the data isn't
differences are real. perfectly normally distributed.

For cases where data is clearly not nicely dis-
tributed. There are distribution-free tests. These
are the ‘non-parametric’ tests. They rely on rank-
ing the measurements rather than using their mea-
sured values so they throw away quite a lot of
The first thing to think about is which of the fourstatistical power — which means that you might
categories you fit into. Are you trying to show aeed to use twice as many animals or collect
relationship between variables or a difference bield data for twice as long. Also, there are sit-
tween two or more groups. Group membership andtions where you want to use a specific mea-
structure are usually obvious (and difficult — thegure of central tendency. Comparing means re-
don't get covered in most standard text books). fuires parametric tests and comparing medians re-
experimental work where you have treatments agdires non-parametric. However, with some sets

5 Common Problems

5.1 Howdo | chose a test?
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of data that are clearly not bell-shaped, they c&n2 Outliers
be a good choice. Generally you can find a nog—

: utliers are values that just don't fit. Going back
parametric partner to most common parametric

statistics. So the median is the non-parametlFf():OurflrSt example where you are asking everyone

equivalent of the mean, Kruskal-Wallace is non- the pub what they eam. And just by an unlucky

parametric ANOVA, Mann-Whitney is the non_chance, Paul McCartney happens to b.e there: Sud-
parametric t-test. denly, out of a group of 40 people all W|th'earn|ngs

between the $12,000 and $30,000 (which would
give you quite a reasonable estimate of the pop-
ulation average), you have someone with a yearly

earning of $5,000,000. Quite clearly, you will get a

In the following examples, identify which group Olbe?tter estimate of the parameter if you just ign_ore
groups (Relationships, Differences, Groups, Strd&iS valu1e — and that is exactly the correct thing
ture) the research question belongs to: to do. It's not cheating. You clearly have a bad

Evaluating the effect of an anti-baldness drug ?szample if you include this value, and you clearly

giving half a group of volunteers a placebo and theouId have a better sample without it. Of course,

other half the drug. you would have to report that you excluded an out-

, . lier, and if in a repeat experiment you happened to
Looking at the effect of alcohol on driving perbump into Sean Connery, then you might have to

formance by asking volunteers to drink VaryiNdecide that actually these high earners are repre-

amounts and then measuring their success in a Vntative and shouldn't have been excluded
tual reality driving simulator. '

Identifying whether changes in shape of ha
bones can be used to assess manual dexterity in
extinct primates by measuring the hand bones irvau have to be really careful about biased data.
variety of living primates whose manual dexteritAn undetected bias in your sample will make your
is already known. conclusions potentially meaningless. With experi-

Investigating the differences between the phyl#ental data, this depends on good experimental de-
genetic tree generated by looking at mitochodrigign. With observational or survey data it is a good

DNA sequences with that generated by cladistiéea to validate your protocol. Generally speaking
analysis of anatomical traits. a protocol in this case is a compromise between

Looking at the effect of a neural growth factofccuracy and the amount of data that can be col-

by measuring the dendrite lengths of nerves grodgfted in unit time (for example, you can record

with and without the factor. the behaviour of two monkeys at once to double
the amount of data collected), so they can often be

Looking at the effect of a neural growth fac-

tor by measuring the dendrite lengths of nervé@“dated by doing a comparison between the data

grown in a progressively increasing concentratio oIIe_cted by 2 SIOW. but thorqugh method with that
of growth factor. obtained by the quick and dirty methodology.

Investigating whether woman are better th
men at anatomical science by analysing the resﬁsd' Hypotheses
obtained on this course over the last 5 years.  Commonly used statistical techniques owe their
Investigating whether a growth factor enhancesigin to Fischer. They rely on the concept of test-
collective duct branching by measuring the inteing whether a null hypothesis can be rejected. In
branch interval on treated and control kidneys. this context, they can only identify when things are

5.1.1 Some examples

Bias



different, and not when they are the same. Thuba/ Computers
t-test can be used to say, with a known degree of

certainty, that two sample come from population-léhere is very little point (most of the time) do-

with a different mean. It cannot be used to say t Y ;statlstl_catl calctulatlons by.?r? nd nowailays. TEe
they come from populations with the same me St way IS 10 get to grips with a computer pack-

— only that no difference was detected. This is Eﬁ’fe' : \_/vouldtrr]ecommend SPSE’ buSt:Sthgt p;ialpple
important limitation. Ike various other programs such as , StatView,

. L .. MINITAB and others. Excel is not a statistics pro-
Bayesian statistics (after another mathematician, , : . )
. ram. It's quite good for plotting graphs, but is

Bayes), works out the probabilities of chains . . ” o
) ot suitable for anything but the simplest statistics.
events occurring, and can be used to calculate Sying that, the simplest statistics are often all that
probability that two samples are from the same ying ’ P

: , - IS, required. Means, t-tests and linear regression are
population. However, Bayesian statistics cann

o]
I
(currently) be applied in a cook-book fashion. Rﬁ that most people ever need

full probablistic analysis needs to be performed for )
the chain of events which can be very difficult t§-8  Interpretation

do'_Th'S can _obvu_)us_ly be very useful n certain S_'fhterpretation is probably the most important part

uations and is enjoying a resurgence in popularity gatigticy| analysis. Statistics become very easy
when you have a clear research questions. You

5.5 Multiple tests pose your questions, devise your protocol, collect
your results, perform any necessary statistical anal-

The validity of significance levels assume that onlsis, and interpret the results in light of the research

one test was performed on the data to test a spedifitestions that you initially posed. Remember, that

null hypothesis. The practice of correlating everyust because something is statistically significant,

thing with everything, or performing every knowrit doesn’t mean that it is at all important.

statistical test on the data until something signifi-

cant turns up is invalid. If 95% significance tumng 9  projects

up randomly 1 time in 20, if you perform 20 tests,

it's very likely to turn up. This sort of data min-Here are some mistakes that occur in projects:

ing is a valid exploratory technique — suitable for

a pilot study and for formulating hypotheses. Youl. Proving hypotheses (rather than rejecting null

can't then use the same data to test those hypothe- hypotheses)

ses. 2. Comparing everything with everything until

you find a significant result

5.6 Graphs 3. Not graphing the data

9 times out of 10, statistics won't miraculously re- .
. , 4. Not drawing error bars
veal anything in your data that you couldn't have

seen on agraph. And if you can't see iton agraphg  Not saying what the error bars are (standard

it's not likely to be terribly important in any case.  grror, 959 confidence limits or whatever)
This means that you should always try and visu-

alise your data — preferably in several different6. Putting in lots of tedious working which
ways. It's very easy with most computer programs  clearly shows that you don't really know what
and almost always worth doing. you are talking about



7. Using Excel for statistics (OK, I'm being a
little unfair here)

8. Not linking the statistics to the research ques-
tions

6 Help

There are hundreds of books on statistics. Which
you choose depends on personal taste. | would
recommend one that is tied to the computer pro-
gramme that you use since it will tell you which
test to use and how to do it. There is no need to
do any of this by hand any more! There are plenty
in the library, and rather more available in various
bookshops.

There are also some computer based tutorials.
“Statistics for the terrified” is available on the Uni-
versity computers and there are other resources
that you can find on the web. The full text of this
lecture is on the web, for example.

If all else fails, you can always ask someone to
help. This is better phrased as, “can you check that
I've done the right thing” and usually gets you the
help you need.

7 Conclusion

Hopefully you now have a better understanding of
the basic concepts of statistics. Most of you will
have to use statistics in your projects — assum-
ing they go well and you actually have some data.
About 90% of those will use t-tests to compare
means, and maybe 10% will need to use regres-
sion and analysis of variance. All of you will have
to draw various graphs, and all of you will have
to read papers and be able to critically assess the
statistics that other people have done and be suit-
ably sceptical about what you read.



