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 BPS guidelines on the teaching of quantitative methods in psychology  Which chapters? 

 Descriptive and summary statistics  3, 4 and 5 

 Probability theory  4 and 5 

 The normal distribution  3, 4 and 5 

 Statistical inference  4 and 5 

 Confidence intervals  4 

 Mean and error bar graphs  4 

 Non-parametric alternatives to t-tests  16 

 Tests of proportions  9 

 Cramer’s Phi as a measure of association in contingency tables  — 

 McNemar’s test of change  — 

 Bivariate correlation and linear regression  6 and 12 

 The analysis of variance  10, 11 and 15 

 Non-parametric alternatives to one factor analyses of variance  16 

 The choice of an appropriate statistical analysis  5 

 British Psychological Society Standards in Quantitative 
Methods in Psychology 

 The British Psychological Society (BPS) accredits psychology degree programmes 
across the UK. It has set guidelines as to which major topics should be covered within 
 quantitative methods in psychology. We have listed these topics below and indicated 
where in this textbook each is covered most fully. 
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Wow, it is now over 20 years since Statistics without Maths for Psychology was first published. 
We are extremely proud of our book, which has become affectionately known by students as ‘the 
fish book’, and the way in which it has helped many students get to grips with one of the most 
challenging topics in the undergraduate psychology degree curriculum. We have been amazed 
at how well the book has been received and are thankful for the kind words tutors and students 
alike have said about it. In this eighth edition of the book we have kept true to our vision for 
the book to provide conceptual explanations of statistical concepts without making you suffer 
through the formulae. We have built upon the strengths of the previous editions and updated 
our examples from the literature, updated some of the practical exercises, provided reflections 
from authors of published research and responded, with revised explanations, to a number of 
reviewers who kindly provided feedback on the seventh edition.

We wrote this book primarily for our students, most of whom disliked mathematics, and 
could not understand why they had to learn mathematical formulae when their computer soft-
ware performed the calculations for them. They were not convinced by the argument that work-
ing through calculations gave them an understanding of the test – neither were we. We wanted 
them to have a conceptual understanding of statistics and to enjoy data analysis. Over the past 
20 years we have had to adapt our teaching to large groups of students, many of whom have no 
formal training in mathematics. We found it was difficult to recommend some of the traditional 
statistics textbooks – either they were full of mathematical formulae, and perceived by the stu-
dents as dull or boring, or they were simple, statistical cookbook recipes, which showed them 
how to perform calculations, but gave them no real understanding of what the statistics meant. 
We therefore decided to write this book, which seeks to give students a conceptual understand-
ing of statistics while avoiding the distraction of formulae and calculations.

Another problem we found with recommending statistics textbooks was the over-reliance on 
the probability value in the interpretation of results. We found it difficult to convince them to 
take effect size, and confidence intervals, into consideration when the textbooks that were avail-
able made no mention of the debates around hypothesis testing, but simply instructed students 
to say what is significant and is not significant! We hope in writing this book that students will 
become more aware of such issues.

We also wanted to show students how to incorporate the results of their analysis into labo-
ratory reports, and how to interpret results sections of journal articles. We felt that too many 
statistics books ignored this aspect of data analysis. Of course, we realise that the way we have 
written our example ‘results sections’ will be different from the way that other psychologists 
would write them. Students can use these sections to gain confidence in writing their own 
results, and hopefully they will build on them, as they progress through their course.

We have tried to simplify complex, sometimes very complex, concepts. In simplifying, there 
is a trade-off in accuracy. We were aware of this when writing the book, and have tried to be 
as accurate as possible, while giving the simplest explanation. We are also aware that some 
students do not use SPSS® for their data analysis. SPSS®, however, is still one of the most 
commonly used statistical packages for the social sciences, and this is why the text is tied so 
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closely to SPSS. Students not using this package should find the book useful anyway. This edi-
tion of the book has been updated for use with SPSS version 24 and earlier.

We had some suggestions from reviewers to include some recent developments in psycho-
logical research methodology and so we have included a very brief introduction to the concepts 
underlying the use of Bayesian statistical techniques. We have also included brief discussion of 
the so-called ‘replication crisis’ in psychology. This latter discussion serves as a useful reminder 
that we must fully understand the concepts underlying the statistical techniques that we use. As 
with the previous two editions of the book we have included information about the authors of 
articles which we have drawn upon in the writing of this book – and have included photos of 
them where possible – strictly with their permission, of course. We also asked them why they 
had chosen their particular research topic, and whether they had encountered any problems in 
the running of the experiment/study. We thought this would enrich the text. Although we have 
updated many examples from the literature, we have left in some early studies because they 
illustrate exactly the points made in the text.

We hope that students who read the book will not only learn from it, but also enjoy our 
explanations and examples. We also hope that as a result of reading this book students will feel 
confident in their ability to perform their own statistical analyses.

How to use this book
To help you get the most from this book we thought that it would be useful to provide a brief 
overview of the book and of the structure of the chapters. The best way to use the book if you 
are new to statistics in psychology or if you have been away from statistics for a long while is 
to work your way through the chapters from Chapter 1 onwards. The most important chapters 
to read and ensure that you understand fully are the first five chapters as these provide you 
with the core concepts for comprehending the main statistical techniques covered later in the 
book. If you spend the time and effort on these opening chapters then you will be rewarded by 
having a better understanding of what the statistical tests are able to tell us about our data. We 
cannot stress enough the importance of such an understanding for appropriate use of statistical 
techniques and for your ability to understand and critique others’ use of such techniques.

The chapters that follow these opening chapters generally explain the concepts underlying 
specific types of tests as well as how to conduct and interpret the findings from these. We start 
off with the more basic tests which look at the fewest possible variables (‘variables’ will be 
explained in Chapter 1) and then using these as a basis we move on to the more complex tests 
later in the book. In some ways it might be better to read about a basic type of test, say simple 
correlations (see Chapter 6), and then move on to the more complex versions of these tests, 
say regression and multiple regression (see Chapter 12). As another example, start with simple 
tests of differences between two groups (in Chapter 7) and then move on to tests of differences 
between more than two groups (Chapters 10 and 11). However, often statistics modules don’t 
follow this sort of pattern but rather cover all of the basic tests first and only then move on to 
the complex tests. In such a learning pattern there is the danger that to some extent some of the 
links between the simple and complex tests may get lost.

Rather disappointingly we have read some reviews of the book which focus entirely on the 
step-by-step guides we give to conducting the statistical analyses with SPSS. We would like to 
stress that this book is not simply a ‘cookbook’ for how to run statistical tests. If used appropri-
ately you should come out with a good understanding of the statistical concepts covered in the 
book as well as the skills necessary to conduct the analyses using SPSS. If you already have a 
conceptual understanding of the statistical techniques covered in the book then by all means 
simply follow the step-by-step guide to carrying out the analyses, but if you are relatively new 
to statistics you should ensure that you read the text so that you understand what the statistical 
analyses are telling you.
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There are a number of features in this book to help you learn the concepts being covered (in 
technical terms these are called ‘pedagogic’ features). These are explained below, but before we 
explain these we will give you a general overview of what to expect in each chapter.

In each chapter we will highlight what is to come and then we will explain the statistical 
concepts underlying the particular topics for that chapter. Once we have covered the statistical 
concepts you will be given step-by-step guides to conducting analyses using SPSS Statistics. 
Towards the end of each chapter you will be provided with a means of testing your knowledge, 
followed by some pointers to further reading. We will now describe some of the features found 
in the chapters in more detail.

At the beginning of every chapter there is a Chapter overview. These overviews provide you 
with information about what is contained in each chapter and what you should have achieved 
from working through it. Sometimes we will also highlight what you need to know beforehand 
to be able to get the most from the chapter. You should make sure that you read these (it is very 
easy to get into the habit of not doing this) as they will set the scene for you and prepare your 
mind for the concepts coming up in the book.

At the end of each chapter there are Summaries which outline the main concepts that were 
covered. These are important for consolidating what you have learnt and help put the concepts 
learnt later in the chapter back in the context of the earlier concepts. You will also find SPSS 
exercises, activities and multiple choice questions. We cannot stress enough the importance of 
working through these when you finish each chapter. They are designed to test your knowledge 
and to help you actively work with the information that you have learnt. The best way to learn 
about things is to do them. The answers to the multiple choice questions are also provided at 
the very end of each chapter so that you can check your progress. If you have answered ques-
tions incorrectly go back and read the relevant part of the chapter to ensure that you have a 
good understanding of the material. The answers to the SPSS Statistics exercises are provided 
at the end of the book. Check these and if you have different answers go back and try to work 
out where you might have gone wrong. Often it might be that you have input the data incor-
rectly into SPSS Statistics. There are additional multiple choice questions and SPSS Statistics 
exercises on the companion website and so please do make use of these also.

Within each chapter there are a number of features designed to get you thinking about what 
you have been reading. There are Discussion points which help you to explore different ideas 
or theories in more detail. There are also a number of Activity boxes which provide additional 
opportunities for you to test your understanding of the theories and ideas being discussed. It 
is important to complete the activities as we have placed these to ensure that you are actively 
engaging with the material. Our experience has shown that actively working with material helps 
learning (and makes reading more enjoyable). You will also find a number of Example boxes 
where we provide a concrete example of what we are discussing. Providing such concrete exam-
ples helps students understand the concepts more easily. There are also lots of examples from 
the psychological literature which show how active psychology researchers use the statistical 
techniques which have been covered in the chapters.

Where appropriate we have included as many diagrams and pictures as we can as these will 
help you to understand (and remember) the text more easily. The thought of giving you end-
less pages of text without breaking it up is not worth thinking about. On a serious note though, 
remember that the pictures are not there to be pretty nor just to break up the text. Please consult 
these along with reading the text and this will help you learn and understand the concept under 
discussion. Occasionally in the book you will come across Caution boxes. These are there to 
warn you of possible problems or issues related to certain techniques or statistical concepts. 
These are useful in many ways as they are designed to help you to understand some of the limits 
of statistical tests and they serve as a reminder that we have to think carefully about how we 
analyse our data.

Where in a chapter we want to show you how to use SPSS Statistics we provide annotated 
screenshots. These will show you which buttons to click in SPSS Statistics as well as how 
and where to move information around to get the analyses that you want. Finally, at the end 
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of each chapter there is a References section. In this we will provide details of all the other 
authors’ works that we have mentioned within the chapter. This is pretty much what you should 
do when writing up your own research. Some of the references will provide the details of the 
examples from the literature that we have presented and some will be examples of potentially 
useful further reading. You can follow up these as and when you choose to. Sometimes it is 
good to follow up the examples from the research literature as you can then see the context to 
the example analyses that we present. Also, by looking at how the experts present their research 
you can better learn how to present your research.
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1
Variables and  
research design

CHAPTER OVERVIEW

In trying to explain how to use and understand statistics it is perhaps best to start by outlining the 
principal factors in designing research. We will therefore describe the most important aspects of 
research design with a view to explaining how they influence the use of statistics. In this chapter, 
therefore, we aim to teach you about the following:

■	 variables: continuous, discrete and categorical
■	 independent and dependent variables
■	 correlational, experimental and quasi-experimental designs
■	 between-participant and within-participant designs.

 1.1 Why teach statistics without mathematical 
formulae?

Statistics as a topic tends to strike fear into the hearts and minds of most social science stu-
dents and a good many lecturers too. Understanding statistical concepts should, however, be no 
more difficult than understanding any other theoretical concept (for example, the concept of 
intelligence). In fact, one would think that understanding a very concrete concept such as the 
arithmetical mean would be a good deal easier than understanding a rather vague psychologi-
cal concept such as ‘an attitude’. Yet, every year, it seems that the majority of students, who 
apparently grasp many non-statistical concepts with consummate ease, struggle to understand 
statistics. Our view is that most people are fearful of statistics because the concepts are lost in 
the mathematical formulae. We therefore seek to explain statistics in a conceptual way without 
confusing students with unnecessary mathematical formulae – unnecessary, that is, in these 
days of statistical computer packages. If students wish to learn these formulae to enhance their 
knowledge, what better platform to have than a conceptual understanding of statistics?

Statistics tend to have a bad reputation, as this quote often attributed to former British Prime 
Minister Benjamin Disraeli illustrates: ‘There are three sorts of lies: lies, damned lies and sta-
tistics.’ It is not the statistics that are at fault, however, but rather the way they are used. After 
all, we do not usually blame the gun for killing someone but the person who pulled the trigger. 
All too often, particularly in politics, statistics are quoted out of context or even used selec-
tively. This problem is clearly illustrated in a letter from Ed Humpherson, the Director General 
for Regulation at the UK Statistics Authority, to Neil McIvor who was then the Chief Data 
Officer and Chief Statistician for the UK Department for Education, sent on 8 October 2018  
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(you can find this letter on the site by typing ‘McIvor’ in the search box on the homepage). In 
this letter Ed Humpherson is seen to reprimand the Department for Education for the poten-
tially misleading statistics and graphs used in a tweet and blog relating to schools funding. In 
the letter Ed Humpherson concludes that: ‘It is important that the Department present statistics 
and data professionally and I encourage you to continue to work with communication teams to 
minimise the risk of misleading the public.’ This clearly indicates an expectation that statistics 
be used within an appropriate context and be clearly defined and explained. The letter from Ed 
Humpherson, along with other letters relating to the official use of statistics in the UK, can be 
found at the UK Statistics Authority website (www.statisticsauthority.gov.uk). This is a really 
good website as it provides insights into how politicians use and often misuse statistics. Another 
interesting place to look for misleading statistics in news stories is the UK’s Indpendent Press 
Standards Organisation pages (https://www.ipso.co.uk/). The ‘Rulings’ section is interesting 
as you can find here where newspapers and other publications have been found to have been 
misleading in their articles. An example of a newspaper using misleading statistics was a ruling 
against The Sun newspaper for an article claiming that the UK spent £4 billion of foreign aid 
on fixing potholes in India. However, it was found that the UK’s foreign aid money in India 
was spent on a range of infrastructure programmes including those for roads and railways. The 
newspaper was forced to change its headline so that it was consistent with what the money was 
actually spent on (The Sun, 2019).

These examples show some of the problems with understanding and reporting of research 
based upon statistics. Yet politicians and the national media are happy to rely on poorly reported 
statistics to help colour our judgements about a whole range of issues for their own purposes. 
We should point out that this is not just a problem for politicians actually in government, it is 
widespread among politicians. This is even acknowledged in a report by the UK’s Statistics 
Commission which was the forerunner to the UK Statistics Authority. In this report (2008) the 
Commission states:

Statistics have been, and always will be, used selectively by politicians and commentators 
in the course of public debate. The selection and emphasis of particular statistical infor-
mation to favour, or contest, a policy argument has to be tolerated as part of the political 
process. It is essential however that, to balance the politically selective use of statistics, 
the figures themselves, with full explanation, should be equally accessible and under-
standable to every-one. There should also be public corrections of manifestly misleading 
interpretations.

These examples clearly illustrate the importance of viewing statistics in the correct context. 
If we say to you, for example, that the average (mean) height of an adult in the UK is 5 ft 9 in 
(175.3 cm), this may be meaningful for men in the UK but not for women whose average height 
is 5 ft 3 in (161.6 cm). We believe that being able to interpret statistics and whether or not they 
have been used appropriately is a very important life skill, particularly in the age of the internet 
and the widespread availability of information (good and bad in quality) about every aspect of 
life. And even more so in these days of the spread of ‘fake news’.

 1.2 Variables

We have explained a very important aspect of statistics: that they are only meaningful within 
a context. But what is it that statistics actually do? Essentially, statistics give us information 
about factors that we can measure. In research the things that we measure are called variables.

Variables are the main focus of research in science. A variable is simply something that can 
vary: that is, it can take on many different values or categories. Examples of variables are gen-
der, typing speed, top speed of a car, number of reported symptoms of an illness, temperature, 
attendances at rock festivals (e.g. the Download festival), level of anxiety, number of goals 

http://www.statisticsauthority.gov.uk
https://www.ipso.co.uk/
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scored in football matches, intelligence, number of social encounters while walking your dog, 
amount of violence on television, occupation, number of cars owned, number of children per 
family and favourite colours. These are all things that we can measure and record and that vary 
from one situation or person to another.

But why are we interested in variables? We are generally interested in variables because we 
want to understand why they vary as they do. In order to achieve such understanding we need 
to be able to measure and record the changes in these variables in any given situation.

 1.2.1 Characteristics of variables

You will notice from the examples of variables above that they have different characteristics. 
Whereas you can measure temperature in terms of Fahrenheit or Celsius and put a number to 
it, you cannot meaningfully do this for type of occupation. This represents one important char-
acteristic of variables: that is, how they actually change. At one end of the spectrum we have 
variables that are said to be continuous: that is, they can take any value within a given range. 
Or, more accurately, the variable itself doesn’t change in discrete jumps. A good example of 
a continuous variable is temperature. This is because you could measure the temperature as, 
say, 40 °C or you could measure it more accurately as, say, 40.2558 °C. Another less obvious 
example is the measurement of the amount of violence on television. We could measure this in 
terms of the amount of time that violence appears on screen per day. If measured in this way, 
in terms of time, the variable could take on any value in terms of seconds or parts of seconds 
(e.g. 1000 s or 1000.1235672 s per day). The only limitation in the precision of measurement 
of such variables is the accuracy of the measuring instrument. With continuous variables there 
is an assumption that the underlying variable itself is continuous, even if the way in which we 
measure it is not. Of the examples given earlier, temperature, level of anxiety, top speed of a 
car, typing speed and intelligence could be regarded as continuous whereas the rest could not 
(see Table 1.1).

A variable could also be discrete: that is, it can take on only certain discrete values within the 
range. An example of such a variable is the reported number of symptoms of an illness that a 
person has. These can only be recorded in terms of presence or absence of symptoms and there-
fore in terms of whole symptoms present. Another example would be if we chose to measure 
the amount of violence on television in terms of the number of violent incidents per week. In 
such a case, we could only report the number of discrete violent incidents. We could not use it 
to measure in terms of fractions of a violent incident; therefore violence on television measured 
this way is termed a discrete variable. Of the examples given earlier, the most obvious discrete 
variables are number of reported symptoms of an illness, number of social encounters while 

Continuous Discrete Categorical

■	 Temperature

■	 A car’s top speed

■	 Typing speed

■	 Intelligence

■	 Level of anxiety

■	 Number of reported symptoms of an illness

■	 Number of cars owned

■	 Number of goals scored in a football match

■	 Number of social encounters while walking your 
dog

■	 Attendances at heavy rock festivals

■	 Number of children in a family

■	 Gender

■	 Occupation

■	 Favourite colour

■	 Type of fast food restaurant

Table 1.1 Examples of continuous, discrete and categorical variables
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walking your dog, attendance at a rock festival, number of cars owned, number of children per 
family and number of goals scored in a game of football.

One problem that arises when thinking about continuous and discrete variables is confusing 
the underlying variable with how it is measured. A variable may in theory be continuous, but the 
way we measure it will always be discrete, no matter how accurate we are. We could measure 
anxiety (a theoretically continuous variable) using a questionnaire (e.g. the State–Trait Anxiety 
Inventory; Spielberger et al., 1983) where the total score on the questionnaire gives an indica-
tion of a person’s level of anxiety. Total scores on this questionnaire can only increase in whole 
units, say from 38 to 39 or from 61 to 62. Thus, the way we have measured anxiety is discrete 
whereas the underlying variable is assumed to be continuous.

Additionally, often when analysing discrete variables they are treated as if they were continu-
ous. Many of the statistical tests that we use assume that we have continuous variables. Often 
when a discrete variable can take on many different values within a range (e.g. attendances at 
heavy rock festivals) they can reasonably be treated as if they were continuous for the sake of 
statistical testing.

Another type of variable is a categorical variable. This is where the values that the variables 
can take are categories. A good example is gender, which has only two values that it can take: 
male or female. Categorical variables can also sometimes have many possible values, as in 
type of occupation (e.g. judges, teachers, miners, grocers, civil servants). When dealing with 
categorical data we have an infinite number of variables that we might wish to investigate. 
We could, if we wished to, categorise people on the basis of whether or not they ate chocolate 
sponge with tomato ketchup at 6.30 this morning. The only obvious examples of categorical 
variables given in our list of variables described at the beginning of this section are occupation, 
gender and favourite colour.

Try to ensure that you understand the different types of variable that you are measuring, as 
this is important when deciding how to analyse data.

Definitions

Continuous variables can take on absolutely any value within a given range.

Discrete variables can only take on certain discrete values in a range.

Categorical variables are those in which we simply allocate people to categories.

 1.2.2 Dichotomising continuous and discrete variables

It is often the case that researchers convert continuous or discrete variables into categorical varia-
bles. For example, we might wish to compare the spatial ability of tall and short people. We could 
do this by comparing people who are over 6 ft 4 in (193 cm) with those under 4 ft 10 in (147 cm) 
on a spatial ability test. Thus, we have chosen points on the continuous scale (height) and decided 
to compare those participants who score above and below these points (see Figure 1.1).

Another example might be to compare the memory ability of anxious and non-anxious indi-
viduals. We could measure anxiety levels using a questionnaire; this is a continuous variable 
measured on a discrete scale. For example, the Hospital Anxiety and Depression Scale has an 
anxiety scale that ranges from 0 to 21. To convert this to a categorical variable we would simply 
compare those who score above a certain value (say, 11) with those who score below this value.

This dichotomising (dividing into two categories) of continuous and discrete variables is 
quite common in psychology as it enables us to find out if there are differences between groups 
who may be at the extremes of the continuous or discrete variables (e.g. tall and short people). 
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We do not, however, recommend such a practice as it reduces the sensitivity of your statistical 
analyses. There is a good discussion of such problems in Streiner (2002), in Maxwell and Dela-
ney (1993), Altman and Royston (2007) and more recently by Rucker, McShane and Preacher 
(2015). We mention this here only so that you are aware that it happens in the research literature 
and so that you will understand what the researchers have done.

Discussion point

Dichotomising continuous variables

Why do researchers dichotomise variables? Streiner (2002) highlights the point that many decisions in 
psychology, psychiatry and medicine are binary decisions. Binary decisions are those where there are 
two choices, such as whether or not a person has a mental disorder, whether or not a person has a 
specific disease, whether a person should be hospitalised or whether a person should be released from 
hospital. It is often argued that because clinicians have to make such binary decisions, it is legitimate 
to investigate variables in a binary way. Such reasoning is used to support the widespread practice of 
dichotomising continuous variables.

Streiner argues that we do not have to view the sorts of decision that clinicians make as binary. He 
suggests that it would be better to think of mental illness, for example, as being on a continuum: the 
more symptoms you have, the more affected you are. We should then measure such constructs on con-
tinua rather than dichotomising them. That is, rather than using questionnaires to categorise individuals 
we could use the questionnaires to get a measure of where they fall on a continuum. Such information 
can then be utilised in our decisions for treating individuals, etc. It is interesting to note that the latest 
version of the Diagnostic and Statistical Manual of Mental Disorders (DSM-5) has moved much more 
to seeing mental disorders on a continuum rather than as categorical.

Figure 1.1 Illustration of the conversion of continuous variables into categorical variables

Continuous variable

Tall Short

Height (feet)

6

4

2

Categorical variable
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An example may illustrate dichotomisation better. We suggested earlier that we could categorise 
individuals as anxious or non-anxious on the basis of their scores on a questionnaire. Researchers 
investigating anxiety sometimes utilise questionnaires in this way. Those participants who score high on 
the questionnaire are classed as high in anxiety whereas those who have low scores are classed as low 
in anxiety. The ‘median-split’ method is often used in this regard, where those participants who score 
above the median are categorised as anxious and those who score below the median as non-anxious 
(e.g. Critchley et al., 2018).

Streiner argues that the practice of dichotomising continuous variables tends to lead to research that 
is low in power (we cover power further in Chapters 5 and 8). The reason for this is that it results in us 
losing a lot of information about participants. For example, suppose two individuals score 20 and 38 
on an anxiety inventory and that we come to classify them both as low in anxiety (they both fall below 
the median). In any subsequent analyses based upon this categorisation, both of these participants 
are treated as being identical in terms of their anxiety levels (i.e. they are both non-anxious). According 
to our questionnaire, however, there is a very large difference between them in terms of their actual 
anxiety levels. Treating these two individuals as the same in terms of anxiety level does not seem to 
make sense. It would be much more sensible to try to include their actual anxiety scores in any statisti-
cal analyses that we conduct.

Additionally, we may find that there is a larger difference in terms of anxiety between the two par-
ticipants classed as non-anxious than there is between two participants where one is classed as anxious 
and one is not. For example, suppose our median is 39: all those scoring above 39 are classed as anxious 
and those who score below 39 are non-anxious. We can see here that the non-anxious person who has 
a score of 38 has much more in common with an anxious person whose score is 41 than they do with 
another non-anxious person who has a score of 20. Yet in any subsequent analyses the participants 
with scores of 20 and 38 are classified as identical in terms of anxiety and these are classed as equally 
different from the person who has a score of 41. This just does not make any sense.

Streiner also highlights research that has shown that analyses using dichotomous variables are about 
67% as efficient as analyses using the original continuous/discrete measures. This is an incredible loss 
of sensitivity in the study. It means that you are only two-thirds as likely to detect relationships among 
variables if you dichotomise continuous variables. This is a serious handicap to conducting research. 
Moreover, loss of power is not the only problem that arises when dichotomising variables. Maxwell and 
Delaney (1993) have shown that such a practice can actually lead to spurious findings arising from 
statistical analyses.

Therefore, we advise you against dichotomising continuous variables.

Activity 1.1

Which of the following are continuous, which are discrete and which are categorical?

• Wind speed
• Types of degree offered by a university
• Level of extroversion
• Makes of car
• Division in which football teams play
• Number of chess pieces ‘captured’ in a chess game
• Weight of giant pandas
• Number of paintings hanging in art galleries

The correct answers can be found at the end of the book.
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 1.3 Levels of measurement

Another way of distinguishing between variables or scales is in terms of the level of measure-
ment. There are four levels of measurement and these vary as a function of the way in which 
the variables are measured. The four different levels are:

Nominal
1

Ordinal
2

Interval
3

Ratio
4

At the lowest level of measurement are nominal scales. These are in effect categorical vari-
ables in that they represent different categories, but they also have the characteristic that there 
is no particular order that can be given to the categories. A good example of a nominal scale is 
gender, which has two categories, male and female. You should be able to see that there is no 
logical way of ordering these two categories in terms of magnitude. Another example would be 
ethnic group: again we can categorise people in terms of their ethnic group but we could not 
put these groups in any particular order – they are simply different categories. When dealing 
with nominal-level measures, we are simply assigning people to categories and the data we 
obtain are in the form of frequency counts. Frequency counts simply tell us how many people 
we have in each category.

At the next level of measurement we have ordinal scales. Quite often in psychology we use 
ratings scales to measure participants’ responses. For example, we might want to know how 
nervous a person is just before they take part in a study we are running. We could use a scale 
like that presented below to gauge how nervous they are.

I’m cool, man!

1 2 3 4 5

Whoa, this is
getting serious!

I’m a quivering
wreck!

Using such a scale we can place participants in some sort of order in terms of how nervous 
they are prior to the study (hence ordinal scale). I would be able to say that someone who put a 
circle around the ‘1’ was less nervous than someone who put a circle around the ‘3’ or around 
the ‘5’. One of the drawbacks with such scales is that we cannot say that the difference between 
‘1’ and ‘2’ on the scale is the same as the difference between ‘3’ and ‘4’ on the scale or that 
the difference between ‘I’m cool, man!’ and ‘Whoa, this is getting serious!’ is the same as the 
difference between ‘Whoa, this is getting serious!’ and ‘I’m a quivering wreck!’ Thus we do 
not have equal intervals on the scale.

At the interval level of measurement, we are able to put scores in some sort of order of mag-
nitude and we also have equal intervals between adjacent points on the scale (hence interval 
scale). A good example of an interval scale is one of the commonly used scales to measure 
temperature, such as Centigrade or Fahrenheit. On such scales we can say that the difference 
between 1 and 2 degrees is the same as the difference between 9 and 10 degrees or between 99 
and 100 degrees. We have equal intervals between adjacent points on the scales. The disadvan-
tage of such scales is that there is no absolute zero on them. Thus whilst there are zero points on 
both the Centigrade and Fahrenheit scales these are arbitrary zero points – they do not equate 
to zero temperature. The zero point on the Centigrade scale was chosen as it was the point at 
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which water freezes, and the zero point on the Fahrenheit scale is equally arbitrary. When we 
reach zero on these scales we cannot say that there is no heat or no temperature.

Because of this we cannot say that 4 °C is half as warm as 8 °C or that 40 °C is twice as 
hot as 20 °C. In order to make such statements we would need a measuring scale that had an 
absolute rather than an arbitrary zero point. A good example from the psychological literature 
is anxiety which is usually measured through questionnaires such as the Spielberger State-Trait 
Anxiety Inventory. A zero score on this questionnaire doesn’t mean that a person has absolutely 
no anxiety and we cannot say that a person with a score of 40 is twice as anxious as a person 
with a score of 20.

The final level of measurement is the ratio scale. Ratio scales have all the features of interval-
level data but with the addition of having an absolute zero point. For example, if I wanted to 
measure how long it took you to read this paragraph, I would start the timer going when you 
started at the beginning of the paragraph and then stop it when you had read the last word of 
the paragraph. Here we have a scale where the intervals between adjacent points are equal: that 
is, the difference between 1 and 2 seconds is the same as that between 79 and 80 seconds. We 
also have a zero point which is an absolute zero. The point where you are just preparing to start 
reading the paragraph is zero in terms of time spent reading the paragraph. Another example 
of a ratio scale is speed of a car. When the car is not moving it has zero speed (an absolute zero 
point) and the difference between 9 and 10 k.p.h. is the same as that between 29 and 30 k.p.h. 
The useful point about having an absolute zero is that we can form ratios using such scales 
(hence ratio scales). Thus, I can say that a car moving at 100 k.p.h. is moving twice as fast as 
one moving at 50 k.p.h. Or a person who read this paragraph in 30 seconds read it twice as fast 
as someone who read it in 60 seconds.

Levels of measurement are important as they can have an influence on what sorts of 
statistical test we can use to analyse our data. Usually, we can only use the most sensitive 
statistical techniques (called parametric tests) when we have either interval- or ratio-level 
data. If we have nominal- or ordinal-level data, we have to make do with the less sensitive 
non-parametric tests (we cover the conditions for using different types of test in more detail 
in Chapter 5).

Definitions

Ratio scales have equal intervals between adjacent scores on the scale and an absolute zero.

Interval scales have equal intervals between adjacent scores but do not have an absolute zero.

Ordinal scales have some sort of order to the categories (e.g. in terms of magnitude) but the intervals 
between adjacent points on the scale are not necessarily equal.

Nominal scales consist of categories that are not ordered in any particular way.

 1.4 Research designs

There are many different statistical techniques that we use to analyse the data we have collected 
in research. We will be introducing you to some of the most widely used in this book as well as 
providing you with an understanding of the factors which determine which statistical technique 
should be used in a given situation.

One of the biggest factors in determining which statistical tests you can use to analyse your 
data is the way you have designed your study. There are several ways to design a study and the 
way you do so can have a great influence on the sorts of statistical procedure that are available 
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to you. Sometimes researchers wish to look for differences between two groups of participants 
on a particular variable and at other times they might want to see if two variables are related 
in some way. An example of a study which investigated differences between conditions is the 
research reported by Guéguen and Ciccotti (2008). In this study the researchers were interested 
in whether or not dogs facilitate social interactions and helping behaviours among adults. The 
researchers ran four different studies where male and female researchers walked with and 
without dogs. In two studies the researcher approached people and asked for some money, 
in another study the researcher dropped some coins to see if people would help to pick them 
up and in a final study a male researcher approached females in the street and asked them for 
their phone numbers. In each study the researcher did the tasks both with and without dogs. 
In all four studies they found that helping behaviours were higher when the researcher had a dog 
than when they didn’t have a dog. An example of research looking for relationships between 
variables would be the study reported by Antonacopoulos and Pychyl (2014). In this research 
they were interested in the relationship between dog walking and mental health. Through an 
online questionnaire they discovered that talking with others whilst walking a dog was related 
to how lonely people felt such that increases in talking to others was associated with decreased 
loneliness. The statistical tests that we would use in these examples are called difference tests 
and correlational tests respectively. The way you design your study will influence which of 
these sorts of test you can use. In the following sections we will take you through several ways 
of designing studies and indicate which sorts of test are available to the researcher conducting 
such studies.

 1.4.1 Extraneous and confounding variables

Above we described a study by Guéguen and Ciccotti (2008) about the effects of walking 
with a dog on social interactions and helping behaviours. If you think about this study you 
may realise that there are factors other than owning a dog that could also affect the social 
encounters people have when they are out with their dogs. Other factors might include 
shyness of the walker, attractiveness of the walker, gender of the walker, breed of dog and 
a whole host of other variables. These are all factors that the researcher might not have 
accounted for but which may have influenced the social interactions; they are called extra-
neous variables. In any research situation, whether in chemistry, physics or psychology, 
account has to be taken of extraneous variables. If extraneous variables are overlooked, 
the conclusions that may be drawn from the studies may be unreliable. Thus, in the dog-
walking example, if the extraneous variables just described had not been controlled, we 
would not be able to say for certain that any differences in social interactions were due to 
the ownership of a dog. The differences may have been due to any one or a combination 
of the extraneous variables just described. The main reason for conducting research under 
laboratory conditions is to try to control extraneous variables as much as possible. You will 
find that many of the research issues that we describe in this chapter are designed to reduce 
extraneous variables.

You have to be aware that for any given variable that you measure there will be a number of 
other variables that may be related to it (see Figure 1.2, for example). When we conduct a study 
such as the dog and social interaction one, we cannot be certain that it is being with (or without) 
a dog that has led to a change in social interactions. Thus we need to try to eliminate the other 
variables (extraneous variables) as possible reasons for our observed changes in social interac-
tions. We do this by trying to control these other variables: for example, by trying to match our 
dog and no dog participants as much as possible on shyness, attractiveness and gender. Also, 
we could ensure that all participants are out with the same type of dog and that they are out at 
the same time and on the same day of the week. Once we have controlled these other variables 
then we may be more confident in our conclusions that being out with a dog influences the 
number of social interactions a person will have.




