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1 An introduction to statistics

If you’re reading this text, you’re probably a biologist and have been told you have to 
learn about statistics. However, if like most biologists, you’re not a great fan of math-
ematics, you may feel some resentment about this. Why should you have to learn 
about this dry subject rather than concentrate on what you’re really interested in: the 
human body, animals, plants, microbes or ecosystems? How relevant is it, and why is 
it so dull? Unfortunately, however, you need to know about statistics for two reasons.

First, you’ll have to be able to understand what lecturers are talking about when 
they describe the research other biologists have done. For instance, you may have 
already been shown the following sorts of graphs and tables (Figure 1.1). You’ll 
need to know the meanings of all the bars, asterisks, lines and brackets as well as 
the meanings of the numbers in the figure legends. It’s only then that you’ll know 
what the researchers have actually done and can decide whether they have come 
to sensible conclusions.

Becoming a biologist1.1 

Figure 1.1 Typical figures that you might be shown in lectures or see in scientific papers: (a) a bar chart 
(Figure 5.3a), (b) a box and whisker plot (Figure 5.6), (c) a scatter plot (Figure 6.6) and (d) a contingency table (see 
below). You’ll need to be able to interpret these and to know the meaning of the asterisks, bars, dots and brackets.

White Asian Afro Caribbean Total

Have the condition 35 (38.6) 9 (10.2) 13 (8.2)  57
Healthy 162 (158.4) 43 (41.8) 29 (33.8)  234
Total  197  52  42  291

0

1

2

3

4

5

6

Control
(14)

Antibiotic A
(14)

* * *

Antibiotic B
(10)

Antibiotic C
(16)

Treatment

C
o

lo
ny

 D
ia

m
et

er
 (m

m
)

10.00

8.00

6.00

4.00E
ar

te
n

2.00

0.00

Control Quinine

Treatment

Chilli

Heart rate (min–1)

B
lo

od
 p

re
ss

ur
e 

(m
m

 H
g)

(a) (b)

(d)

(c)



2

Chapter 1 An introduction to statistics

Why biologists have to repeat everything

At first sight, it seems strange that biologists have to repeat everything when they 
are conducting surveys or analysing experiments. After all, physicists don’t need 
to do it when they are comparing the masses of sub-atomic particles. Chemists 
don’t need to when they’re comparing the pHs of different acids. And engineers 
don’t need to when they are comparing the strengths of different-shaped girders. 

1.3 

Second, as a biologist you’ll have to analyse the results of laboratory practicals 
yourself. In your final year, you’ll even have to carry out your own research project, 
for which you’ll have to analyse your own results and design your own surveys and 
experiments. Statistics is therefore essential for biologists. But there are awkward 
questions that you are entitled to ask, and which this text has to answer, to give you 
valid reasons why the whole subject is so essential and why it seems so complicated.

Awkward questions

The first thing you are invariably told to do when carrying out a research project 
is to make repeated measurements: to include tens or even hundreds of people in 
surveys; or to have large numbers of replicates in experiments. This seems to be 
a great deal of wasted effort, so the first question that this text needs to answer is 
why do biologists have to repeat everything?

You are then told to subject your results to statistical analysis. You might rea-
sonably feel that as you are studying biology, you should be able to leave the hor-
rors of maths behind you. So, the second question that any biological statistics 
text needs to answer is why do biologists have to bother with statistics?

Many students also have a problem with the ideas behind statistics. You might 
well have already found that statisticians seem to think in a weird, inverted way 
that is at odds with normal scientific logic. So, this text also has to answer the 
question why is statistical logic so strange?

Finally, students often complain, not unreasonably, about the size of statistics 
books and the amount of information they contain. The reason for this is that 
there are large numbers of statistical tests, so this text also needs to answer the 
question why are there so many different statistical tests?

This opening chapter provides answers to these questions to help put the sub-
ject into perspective and encourage you to stick with it. This chapter introduces 
the information and the order in which it is set out throughout the text; it should 
help you work through the text, either in conjunction with a taught course or on 
your own. For those more experienced and confident about statistics, in particu-
lar those with an experiment to perform or results to analyse, you can go directly 
to the decision chart for simple statistical tests (Figure 1.2) introduced later in 
this chapter and also inside the front cover. This will help you choose the statisti-
cal test you require and direct you to the instructions on how to perform each 
test, which are given later in the text. Hence the material can also be used as a 
handbook to keep around the laboratory and consult when required.

1.2 
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1.4 Why biologists have to bother with statistics

1.4 Why biologists have to bother with statistics

At first glance, it is hard to know exactly what you should do with all the observations 
that you make, given that all creatures are different. This is where statistics comes in; 
it helps you to deal with the variability. First, it helps you to examine exactly how 
your observations vary; in other words, to investigate the distribution of your sam-
ples. Second, it helps you to calculate reasonable estimates of the situation in the 
whole population; for instance, working out how tall the women are on average. 
These estimates, known as descriptive statistics, are introduced in Chapter 2.

Descriptive statistics summarise what you know about your samples. How-
ever, few people are satisfied with simply finding out these sorts of facts; they usu-
ally want to answer questions. You might want to know whether one group of the 
women was on average taller than the other, or whether the rats that had been 
given the growth hormone were heavier than those which hadn’t. You can 
answer questions such as these by carrying out hypothesis testing. If you com-
pared two groups of organisms, you would undoubtedly find that they were at 
least slightly different (for instance, the fair-haired women might be taller than 
the dark-haired women), but there could be two reasons for this. It could be 
because there really is a difference in height between fair- and dark-haired 

They can just generalise from single observations; if a single neutron is heavier 
than a single proton, then that will be the case for all of them.

However, if you decided to compare the heights of fair- and dark-haired women, 
it is obvious that measuring just one fair-haired and one dark-haired woman would 
be insufficient. If the fair-haired woman was taller, you couldn’t generalise from 
this single observation to tell whether fair–haired women are on average taller than 
dark-haired ones. The same would be true if you compared a single man and a sin-
gle woman, or one rat that had been given growth hormone and another that had 
not. Why is this? The answer is, of course, that in contrast to sub-atomic particles, 
which are all the same, people (in common with other organisms, organs and cells) 
are all different from each other. In other words, they show variability, so no one 
person or cell or experimentally treated organism is typical. It is to get over this 
problem that biologists have to do so much work and have to use statistics.

To overcome variability, the first thing you have to do is to make replicated 
observations of a sample of all the observations you could possibly make. You 
can do this in two ways.

1. You can carry out a survey, sampling at random from the existing popula-
tion of people or creatures or cells. You might measure 20 fair-haired and 20 
dark-haired women, for instance.

2. You can create your own samples by performing an experiment. Your experi-
mental subjects are then essentially samples of the infinite population of 
subjects that you could have created if you had infinite time and resources. 
You might, for instance, perform an experiment in which 20 experimentally 
treated rats were injected with growth hormone and 20 other controls were 
kept in exactly the same way, except that they received no growth hormone.
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women. However, it is also possible that you obtained this difference by chance by 
virtue of the particular people you chose. To discount this possibility, you have to 
carry out a statistical test (in this case, a two-sample t test) to work out the prob-
ability that the apparent effects could have occurred by chance. If this probability 
was small enough, you could make the judgement that you could discount it and 
decide that the effect was significant. In this case, you would then have decided 
that fair-haired women are significantly taller than dark-haired women.

type 1 error
The detection of an apparently 
significant difference or asso-
ciation, when in reality there 
is no difference or association 
between the populations. 

null hypothesis
A preliminary assumption 
in a statistical test that the 
data shows no differences or 
associations. A statistical test 
then works out the probabil-
ity of obtaining data similar to 
your own by chance.

significance probability
The chances that a certain 
set of results could be 
obtained if the null hypoth-
esis were true.

1.5 Why statistical logic is so strange

All of this has the consequence that the logic of hypothesis testing is rather 
counterintuitive. When you are investigating a subject in science, you typically 
make a hypothesis that something interesting is happening—for instance, in our 
case that fair-haired women are taller than dark-haired women—and then set out 
to test it. In statistical hypothesis testing, you do the opposite. You construct a 
null hypothesis that nothing interesting is happening, in this case that fair- and 
dark-haired women have the same mean height, and then test whether this null 
hypothesis is likely to be true. Statistical tests have four main stages.

Step 1: Formulating a null hypothesis

The null hypothesis you must set up is the opposite of your scientific hypothesis: 
that there are no differences or relationships. (In the case of the fair- and dark-
haired women, the null hypothesis is that they are the same height.)

Step 2: Calculating a test statistic

The next step is to calculate a test statistic which measures the size of any effect 
(usually a difference between groups or a relationship between measurements) 
relative to the amount of variability there is in your samples. Usually (but not 
always), the larger the effect, the larger the test statistic.

Step 3: Calculating the significance probability

Knowing the test statistic and the size of your samples, you can then calculate 
the probability of getting the effect you have measured, just by chance, if the null 
hypothesis were true. This is known as the significance probability. Generally, the 
larger the test statistic and sample size, the smaller the significance probability.

Step 4: Deciding whether to reject the null hypothesis

The final stage is to decide whether to reject the null hypothesis or not. By con-
vention it has been decided that you can reject a null hypothesis if the signifi-
cance probability is less than or equal to 1 in 20 (a probability of 5%, or 0.05). If 
the significance probability is greater than 5%, however, you have no evidence to 
reject the null hypothesis (but this does not mean you have evidence to support it!).

The 5% cut-off is actually a compromise to reduce the chances of biologists 
making mistakes about what is really going on. For instance, there is a 1-in-20 
chance of finding an apparently significant effect, even if there wasn’t a real 
effect. If the cut-off point had been lowered to, say, 1 in 100, or 1%, the chances 
of making this sort of mistake (known to statisticians as a type 1 error) would be 
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reduced. On the other hand, the chances of failing to detect a real effect (known 
as a type 2 error) would be increased by lowering the cut-off point.

As a consequence of this probabilistic nature, performing a statistical test does 
not actually allow you to prove anything conclusively. If your test tells you there is 
a significant effect, there is still a small chance that there might not really have 
been one. Similarly, if your test is not significant, there is still a chance that there 
might really have been an effect.

type 2 error
The failure to detect a signifi-
cant difference or associa-
tion, when in reality there is 
a difference or association 
between the populations. 

1.6  

Even if we accept that statistical tests are necessary in biology and can cope with 
the unusual logic, it is perhaps not unreasonable to expect that we should be able 
to analyse all our results using just a single statistical test. However, statistics texts 
such as this one contain large numbers of different tests. Why are there so many? 
There are three main reasons for this. First, there are several very different ways 
of quantifying things and hence different types of data that you can collect. Sec-
ond, data can vary in different ways. Third, there are very different questions you 
might want to ask about the data you have collected.

Why there are so many statistical tests

1.6.1 Types of data

(a) Measurements The most common way of quantifying things about 
organisms is to take measurements (of things such as height, mass or pH), to 
give what is also known as interval data. This sort of data can vary continu-
ously, like weight (e.g. 21.23 or 34.651 kg), or discretely, like the numbers of 
hairs on a fruit fly (e.g. 12 or 18). As we shall see in Chapter 2, many of these 
measurements vary according to the normal distribution. There is a set of tests, 
the so-called parametric tests, that assume that this is the case. On the other 
hand, many measurements do not vary in this way. This sort of data either has to 
be transformed until it does vary according to the normal distribution (Chapter 3) 
or, if that is not possible, must be analysed using a separate set of tests, the 
 non-parametric tests, which make no assumption of normality.

(b) Ranks On many occasions, you may only be able to put your measure-
ments into an order, without the actual values having any real meaning. This 
ranked or ordinal data includes things like the pecking order of hens (e.g. 1st, 
12th), the seriousness of an infection (e.g. none, light, medium, heavy) or the 
results of questionnaire data (e.g. 1 = poor to 5 = excellent). This sort of data must 
be analysed using non-parametric tests.

(c) Categorical data Some features of organisms are impossible to quantify 
in any way. You might only be able to classify them into different categories. For 
instance, birds belong to different species and have different colours; people could 
be diseased or well; and cells could be mutant or non-mutant. The only way of 
quantifying this sort of data is to count the frequency with which each category 
occurs. This sort of data is usually analysed using x2 (chi-squared) tests or logistic 
regression (Chapter 7 ).

measurement
A character state which 
can meaningfully be repre-
sented by a number. 

normal distribution
The usual symmetrical and 
bell-shaped distribution 
pattern for measurements 
that are influenced by large 
numbers of factors. 

parametric test
A statistical test which 
assumes that data is nor-
mally distributed. 

non-parametric test
A statistical test which does 
not assume that data is 
normally distributed, but 
instead uses the ranks of 
the observations. 

frequency
The number of times a 
particular character state 
turns up. 
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1.6.2 Types of questions

Statistical tests are designed to answer two main types of questions: Are there dif-
ferences between sets of measurements? Or, are there relationships between them?

(a) Testing for differences between sets of measurements There 
are many occasions when you might want to test to see whether there are differ-
ences between two or more sets of measurements. For instance, we have already 
looked at the case of comparing the height of fair- and dark-haired women. An 
even more common situation is when you carry out experiments; you commonly 
want to know if experimentally treated organisms or cells are different from con-
trols. Or you might want to compare two sets of measurements taken on a single 
group of organisms; for instance, you might want to know if the medical condi-
tion of patients was different before and after treatment. Tests to answer these 
questions are described in Chapter 4. Alternatively, you might want to see if sev-
eral different types of organisms (for instance, five different bacterial strains), or 
ones that had been subjected to several types of treatments (for instance, wheat 
subjected to different levels of nitrate and phosphate), were different from each 
other. Tests to answer these questions are described in Chapter 5.

(b) Testing for relationships between measurements Another thing 
you might want to do is to take two or more measurements on a single group of 
organisms or cells and investigate how the measurements are related. For 
instance, you could investigate how people’s heart rates vary with their blood 
pressure; how weight varies with age; or how the concentrations of different cati-
ons in neurons vary with each other. This sort of knowledge can help you work 
out how organisms operate or enable you to predict things about them. Chapter 6 
describes how statistical tests can be used to quantify relationships between meas-
urements and work out if the apparent relationships are real.

(c) Testing for differences and relationships between categorical 
data There are three different things you might want to find out about categorical 
data. You might want to determine whether there are different frequencies of organ-
isms in different categories from what you would expect; whether rats turn more 
frequently to the right in a maze than to the left, for instance. Alternatively, you 
might want to find out whether categorical traits, for instance people’s eye and hair 
colour, are associated: are people with dark hair also more likely to have brown eyes? 
Finally, you might be interested in working out how quantitative measurements 
might affect categorical traits—for instance, are tall people more likely to have 
brown eyes? Tests to answer all these sorts of questions are described in Chapter 7.

1.7 Using the decision chart

The logic of the previous section has been developed and expanded to produce 
a decision chart (Figure 1.2 and on the inside front cover). Although not fully 
comprehensive, the chart includes virtually all the tests that you will likely 
encounter as an undergraduate. If you are already a research biologist, it may also 
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START

Are you taking measurements (e.g. length, pH or ranks),
or are you counting frequencies of different categories
(e.g. gender, species)?

Are you looking for differences
between sets of measurements
(e.g. in height), or are you looking for
relationships between sets of measurements
(e.g. between age and height)?

Are you investigating an association with another set
of categories or with measurements or ranks?

Is one variable (e.g. time, age)
clearly unaffected by the other
(e.g. height, weight)?

Do you have an expected outcome
(e.g. 50 male : 50 female), or are you
testing for an association
between factors?

x
2 test for differences (p. 165)

x
2 test for associations (p. 170)

Will you have one,
two or more than two
sets of measurements?

Will your measurements
be in matched pairs
(e.g. before/after)?

Are you investigating the effect of
one factor (e.g. species) or two
together (e.g. species and gender)?

One-sample t test (p. 47)
One-sample sign test (p. 65)

Paired t test (p. 52)
Wilcoxon matched pairs test (p. 70)

Will your measurements be in
matched sets (e.g. before/during/after)

Repeated measures
ANOVA (p. 95)
Friedman test (p. 107)

One-way
ANOVA (p. 84)
Kruskal–Wallis test (p. 102)

Two-way ANOVA (p. 112)
Scheirer–Ray–Hare
test (p. 118)

Nested ANOVA (p. 123)

Is one factor merely a set of replicates
(e.g. plants) within another (e.g. fields)

Two-sample t test (p. 58)
Mann–Whitney U test (p. 75)

Correlation coefficient (p. 135)
Rank correlation (p. 155)

Regression analysis (p. 144)
Rank correlation (p. 155)

Logistic regression (p. 178)

Measurements or ranks

Expected outcome

Categories

RelationshipsDifferences

No

No

Two

No Yes

Two

One

One

More than two

Yes

YesNoYes

Measurements or ranks

Association

Frequencies

Figure 1.2 Decision chart for statistical tests. Start at the top and follow the questions 
down until you reach the appropriate box. The tests in normal type are non-parametric 
equivalents for irregularly distributed or ranked data.
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START

Are your results in the form of measurements or ranks?

Analyse your results using non-parametric testsAnalyse your results using parametric tests

Is the distribution significantly different from normal?

Can it be made more normal by transforming it?

Carry out a Shapiro Wilk test Carry out the transformation

Measurements Ranks

Yes

Yes

No

No

Figure 1.3 Flow chart showing how to deal with measurements and rank data.
Start at the top, answer the questions and transform data where appropriate before decid-
ing whether you can use parametric tests or have to make do with non-parametric ones.

Using this text1.8 

1.8.1 Carrying out tests

Once you have made your decision, the chart will direct you to a page in the main 
section of this text (Chapters 4–7), which describes the main statistical tests. You 

include all the tests you are ever likely to use over your working life! If you follow 
down from the start at the top and answer each of the questions in turn, this 
should lead you to the statistical test you need to perform.

There is only one complication. The final box may have two alternative tests: a 
parametric test, shown in bold type, and an equivalent non-parametric test, 
shown in normal type. You are always advised to use the parametric test if it is 
valid, because parametric tests are more powerful in detecting significant effects. 
Use the non-parametric test if you are dealing with ranked data, irregularly dis-
tributed data that cannot be transformed to the normal distribution, or have 
measurements which can only have a few, discrete, values. Before deciding which 
tests to carry out, therefore, you need to investigate the distribution of your data 
(Figure 1.3 and on the inside back cover) to see whether it is valid to carry out 
parametric tests, or if it is possible to transform your data so that you can.
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1.8.2 Designing experiments

As a research biologist, you will not only have to choose statistical tests and per-
form the analysis yourself; you will also have to design your own experiments. 
Chapter 8 will show how you can use the information about statistics set out in 
the main part of the text to design better experiments.

1.8.3 Complex statistical analysis

This text describes most of the statistical tests you will need to analyse straight-
forward experiments and surveys: ones that look at one or, at most, two factors. 
I would strongly recommend that you stay as far as possible within these limits 
when you design your experiments. There may be some occasions, however, par-
ticularly within some branches of biology, where you simply have to carry out 
and analyse rather more complex experiments or investigate huge sets of data. 
Chapter 9 describes some of the complex statistical techniques that can help you 
investigate several factors at once.

1.8.4 Presenting and discussing statistics

Many students are unsure about how much information they need to give about 
statistics in the write-ups of their practical classes, dissertations and, in due 
course, theses and scientific papers. The final chapter describes how to present 
information about what statistical tests you did and why, how to present the 
results of your tests and the level at which you should discuss these results. This 
will enable you to produce professional write-ups.

should go to the page indicated, where details of the test will be described. Each 
test description will do five things.

1. It will tell you the sorts of questions the test will enable you to answer and 
give examples to show the range of situations for which it is suitable. This will 
help you make sure you have chosen the right test.

2. It will tell you when it is valid to use the test.
3. It will describe the rationale and mathematical basis for the test; basically, it 

will tell you how it works.
4. It will show you how to perform the test using a calculator and/or the  

computer-based statistical packages SPSS and RStudio.
5. It will tell you how to present the results of the statistical tests.




