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I wondered why the head in the reception of the Beimeni Centre of Genetics called The Head
‘Leni’. I also wondered how they knew each other; was there some secret world of heads that I
didn’t know about? Now was not the time to worry about this; all that mattered was that he’d got
us past the security and into the building. I entered one of the elevators and hit the button to take
me to level 2. I’d seen the building many times before: Alice worked here and, until recently, I’d
often travel with her to work before going off to our rehearsal space, which was in the same district. Security meant that I’d never been inside the building, but I’d often wondered what the space
where Alice spent her days without me looked like. The cylindrical transparent blue glass capsule
began to rise and follow the curved structure of the building. As we moved up the outside of the
building, I looked at Elpis spreading out below me: a beautiful synergy of Clocktorian technology
and modern architecture. It was exactly what I needed to see: Elpis, my home, the city of hope.
As I looked over the city I lost myself in thoughts about the previous day and how we’d ended up
here. I’d left Genari’s office, my mind and legs racing. I felt that Genari might know more than he
let on, but I also felt that I might have played it wrong with him. He seemed concerned, and interested, that something might have happened to Alice but I didn’t want to believe that she was in
danger, focusing instead on how she viewed our relationship. My rudeness in checking my diePad
messages also seemed to upset him. Then there were the messages themselves: why was someone
called Milton contacting me, and how did he know what I was talking about at the exact moment
before the message was sent? Also, why, if you were going to go to all the trouble of messaging a
stranger, and employing whatever device you were using to listen to their conversations, would
you send messages about variables and measurement? If he was trying to help me, weren’t there
more direct ways to do that? These were my thoughts as I ran from Genari’s office. I didn’t know
where I was going, but I felt it was safer for me to get away from somewhere that I’d broken into.
SUMMARIZING DATA
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Genari’s office was in the district of Janus, where I lived. Elpis was made up of six districts:
Postverta sat in the middle and was surrounded to the north by Antevorta, the modernist district.
To the east was Porus, where the wealthy lived. Veritas was south, where the universities and hospitals were; and Egestes, the poor district, was in the west. Janus sat between Postverta and
Antevorta; it was the bohemian part of town.
I reached the square in front of The Repository in a part of the city called Hallowed Point, in
the Postverta district. Many visitors took Postverta to be the oldest part of Elpis because the buildings had been modelled on the Gothic architecture in what was, before the revolution, Europe. In
fact it was as new as Elpis itself, but the attention to detail meant that you wouldn’t know it. I
suppose some people would feel that it was smoke and mirrors, a visual lie, but I liked this part of
town best. Buildings define any place, and Postverta was quiet and reverential like the ornate
façades that surrounded me. It was the perfect place to gather your thoughts. As I sat on The
Repository steps to rest, I noticed a ginger cat scavenging under one of the café tables opposite.
I opened my pocket watch and felt comforted as The Head emerged.
He breathed deeply even though he didn’t need air. ‘Ah, the fresh Elpis air,’ he said. ‘Normally
I don’t get to experience it so much. I am trapped alone in solitude and darkness, while you and
the other humans enjoy the Elpis day. Maybe you take a walk, or meet your friends for coffee, or
perhaps play your guitar. All the while, The Head is trapped in a dungeon of darkness, in solitary
confinement, like a dog awaiting any small bit of body language that hints that its owner will take
it for a walk. Basically, Z, I’m your dog.’
The Head really knew how to milk it.
‘It’s not like that,’ I said, hoping to avoid his banter.
‘No? Maybe you think I love being stuck inside that watch? That I like feeling the endless
monotony of the cogs gyrating, ticking down the seconds to my death, that I find it so much more
invigorating than looking out into the world and seeing the beauty of the Elpis sky, or the carefree
smiles of the Elpis children. You go right ahead and trap me in your clockwork watch; don’t mind
The Head, he’s doing fine.’
I often enjoyed The Head’s banter, but I’d had a wipe of a day already. ‘Give it a rest. This is
good bonding time for us.’
‘The Head ain’t superglue, he don’t like to bond.’
Usually, the idea of my clockwork watch trying to wind me up amused me, but today The
Head’s tone upset me. I wondered if he was actually serious. I always assumed that when I closed
the watch he just switched off, like a computer. I guess I thought he was effectively dead except
when I activated him. What if I was wrong, though, maybe he was trapped like some kind of
electronic genie. Or maybe it was just banter; you could never tell with The Head. I needed him
on side, though, so I made a deal: if he helped me out I promised to be more considerate of his
needs. It did the trick: his tone lightened. I told him about my meeting with Genari, the messages
from Milton and how I was worried that Alice was in some kind of danger.
‘You don’t know Alice is in danger,’ he said. ‘Maybe you’re worrying about nothing.’ The Head’s
empathy was unprecedented and I was touched. ‘Maybe she’s just dumped you!’ The old Head was
back before he’d had time to leave.
‘Thanks,’ I said sarcastically. ‘You might be right, though. I don’t know which is true: is she in
danger or has she just dumped me? Also, there’s got to be a reason why this Milton guy is messaging me. Maybe he can help, but who is he?'’
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The Head span as he gathered information. When he settled he said, ‘I’ll lay it flat for you.
There are a lot of Miltons on the planet: 295,765, to be exact.’
My heart sank. I tried to show The Head one of his messages on my diePad, hoping he could
trace it or find an address linked to it, but the messages were gone. The Head looked at me with
pity as if I were imagining things. Maybe I was. The messages had all been instructing me about
science, about variables and measurement. This Milton character knew about these things, so
maybe he was a scientist?
The Head acknowledged my logic and span more. ‘I crosschecked the Miltons for any with a
prefix of Doctor or Professor, because if the guy knows about science, he’s probably got a title.
There are 4327 Miltons with Doctor or Professor before their name; the nearest one is Professor
Milton Tipton. He lives in the city of Solitude, 3000 km from here.’
‘There are no scientists called Milton from Elpis?’
The Head looked at me as though I was missing something really obvious. ‘Of course there is.’
He raised his eyebrows to show me that he was waiting for the penny to drop in my head. He was
going to be waiting a long time.
‘Professor Milton Grey?’ The Head prompted, ‘Inventor of the reality prism? Indirectly
responsible for the Reality Revolution and the downfall of pre-Clocktorian society?’
Maybe I’d known about him at school, but these clues weren’t helping me. The Head gave up.
‘You know, most people have heard of him. The guy is pretty famous, and he was born here – well,
in the place that became Elpis after he destroyed civilization.’
At last, a lead. ‘Does he still live here?’ I asked.
‘Not so much, Z, he’s dead.’
The Head was really annoying me. I was desperate to find Alice and he was frippin’ about
playing stupid games. ‘What is wrong with you?’ I asked, ‘Why tell me about someone who is
dead? A dead person is obviously not the guy sending me messages … how about for once you do
what a reality checker is supposed to do and check reality?’
‘Wait up,’ The Head interrupted, looking offended by my outburst, ‘let The Head finish. After
the revolution, Milton Grey worked for the WGA’s scientific division, and then the Beimeni Centre
of Genetics, but vanished in mysterious circumstances 5 years ago. People have got their theories:
he was killed in a genetic experiment, the responsibility for the downfall of society led to his suicide, the WGA whacked him so that he couldn’t blow the whistle on their research when he left.
It’s all speculation.’
‘So what? The guy is dead.’
‘You missed three important things: Vanished is not the same as dead, speculation is not proof,
and he worked at the Beimeni Centre of Genetics, the same place that Alice works.’
I still didn’t get it, so he spelled it out.
‘The only scientist called Milton in Elpis used to work in the same place as Alice, and although
he’s assumed to be dead it has never been proved, so maybe the dude is worm food, but maybe it’s
worth going to the Beimeni Centre and having a poke about.’
It was too late to go there: it would take ages to get to Veritas, where the University was
located, and by the time we arrived everyone would be finishing work. It was frustrating to wait
until the morning, but I used the evening to checked in with Nick to see how the
#NightingaleFlyHome campaign was going. He said it was buzzing, but nothing had come back
to him, just a lot of discussion amongst the female fans about how I was single now. Some of the
SUMMARIZING DATA
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guys were pretty excited about that too, he said. He passed on some messages of support. We had
a gig soon and needed to rehearse, but Nick told me to do what I needed to do; they could rehearse
without me, and he’d square it with Jessika and Joel.
The elevator reached the second floor with a light jolt that brought me back to the here and now. A
small hole formed in the transparent wall of the pod. The hole dispersed out like a drop of oil on
water, making an increasing gap in the glass. Eventually it left a hole large enough that I could step
out − this was programmable matter at its most elegant. I was standing in a large circular room with
a corridor that divided the space into two. The walls of the rooms on each side were made of clear
blue glass, giving the impression of an enormous open plan space; the light shimmered through the
glass, creating a calming blue glow. I headed towards a large laboratory at the end of the corridor.
As I got closer I could make out a complex jungle of spinning cogs, belts, computer monitors, fluidfilled pipes, and pistons pushing and pulling at bronze spheres, the shapes of which ebbed and
flowed with the metronomic flow of the piston arms. It was like nothing I had ever seen, but mesmerizing and beautiful. The laboratory had no door, just a solid blue transparent wall. I watched as
people in white coats walked to the wall and stepped through as it opened up in front of them.
‘Slick’, said The Head. ‘Matter that is programmed to respond only to the thoughts of people
that work here.’
‘How do we get in?’ I asked.
‘How indeed,’ said a quiet, almost apologetic voice, ‘and more to the point, why do you want to?’
I turned around to face a petite, distinguished-looking lady. Her greying hair bobbed around
her face as she tried desperately to avoid eye contact. She wore a lab coat that was far too big: the
arms overhung her hands, and it was so long that it rippled out around the floor like a really
underwhelming wedding dress. Around her neck was a lanyard containing a vortexID that read
‘Professor Catherine Pincus’.

80

03_Field_AIS_Ch-03.indd 80

SUMMARIZING DATA

4/15/2016 7:41:35 PM

‘I’m looking for Dr Alice Nightingale. She works here.’
Pincus shuddered slightly, her tone becoming brash. ‘Why do you want her? What are you?
A reporter? I have not seen Dr Nightingale this morning, and I will not comment further.’ She
turned and attempted to walk briskly away, but her legs tangled in her lab coat and she started to
fall. Instinctively I grabbed her arm to catch her.
‘Get your hands off me!’ she spat.
‘Sorry, I didn’t want you to fall. I’m Alice’s boyfriend, Zach. She’s gone and I’m worried about
her.’
‘You’d better follow me.’

3.1

FREQUENCY DISTRIBUTIONS

3.1.1 Tabulated frequency distributions
The Professor took us into her office. She explained that Alice worked alongside her but that she
hadn’t turned up to an important meeting that morning. She was being cagey; I thought that she
was probably lying. I told her about my meeting with Dr Genari, about the information in Alice's
file, and about how I thought at first that she had left me, but that lots of things didn’t add up and
that, having seen Genari, I was convinced she might be in danger. Given that I had turned up
unannounced and how busy she must be, I was surprised that the Professor was attentive and
sympathetic; at least until I mentioned JIG:SAW and the messages from Milton. Her face turned
to stone and she looked very flustered.
I broke the awkward silence by elaborating. ‘I noticed that word, JIG:SAW, throughout Alice’s
file. I’ve never heard of it. I asked my reality checker last night and he said it’s an organization run
by the WGA. No other information is listed − is Alice in trouble with the WGA?’
The Professor looked as though she was thinking hard. She composed herself and reassured
me that I was letting my imagination get the better of me. She smiled awkwardly at me, although
I think she was trying to reassure me. ‘I’m no psychologist,’ she said, ‘but I know from working
with the young scientists in my laboratory that relationships dissolve all of the time. I think it
much more likely that Alice has perhaps reached a point in life where she is unsure about your
relationship. Perhaps she needs some space to think things through. I think that is much more
likely than some wild theory about her being in danger, don’t you?’
I felt a bit embarrassed that I’d got so carried away, but I also wanted to be sure. ‘I’m sorry for
wasting your time, I guess you have a lot to do, you’re probably right, but I’ll go and see what I can
find out about JIG:SAW anyway, you know, just to be on the safe side.’
I saw a twinge of panic in the Professor’s eye. ‘Perhaps you don’t need to,’ she said. ‘You said
you had information from Alice’s file, perhaps I can help you look at that, maybe we can find some
evidence that she was unhappy in your relationship − do you think she might have been?’
It was nice of the Professor to help me, suspiciously nice. Why would she want to? What the
frip, though, I needed all the help I could get to untangle what was in the file, so I played along,
pointing out as many reasons as I could think of for why Alice might want to leave me: I was a
musician who didn’t have a proper job, I dropped out of uni, I don’t earn much money, I’m not
that smart, I don’t know about science – the list was depressing.
3.1

Frequency distributions
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Reality Check 3.1

‘… and you think that your job, money, and intelligence are the things that a woman like Alice
will value?’
‘Yeah, isn’t that what women want?’
‘That’s an empirical question, one that can be answered through observation and experimentation,’ replied the Professor.
‘A study by Ha looked at this issue,’ The Head piped up. ‘Here are some data from the study
about how the women in this study rated those characteristics.’

‘You might sometimes wonder what it is that attracts people to each other, Z. It’s a question that
has played on most people’s minds at some point in their life, and it’s a question
that we can answer with science. Ha and her colleagues conducted a study to
see what characteristics 1913 teenagers (aged 13–18) valued in relationship
partners.23 She gave the adolescents a list of 21 characteristics of a future
partner (reliable, honest, kind, attractive, healthy, sense of humour, gets
along with friends, interesting personality, caring, romantic, flexible,
intelligent, ambitious, easy going, educated, creative, wants to have
children, high salary, good family, has relationship experience, and
religious) and asked them to rate each one along a 10-point scale ranging
from 1 (not important at all) to 10 (very important).’

Reality Check 3.1

Table 3.1

What women (and men) want

‘And, for balance, let’s look at some of your better characteristics too,’ added the Professor.
‘What would you say are your three best characteristics?’
‘I guess I’m kind, I make Alice laugh, and I’m really passionate and ambitious about my music.’
The Head projected a table of numbers in front of us.
I couldn’t see how The Head’s table helped, but the Professor explained. ‘The problem with
data is that you usually have too much for your mind to make sense of them. We need to help our
minds by organizing the data into a more manageable form. A popular way to do this is using a
frequency distribution, which can be either a table or a graph that shows each possible score
along with the number of times that score occurred in the data. To create one, we take disorganized data and order the scores from the highest score to the lowest. We then count how many
82
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Table 3.1

 sample of data for 20 randomly selected female adolescents taken from
A
Ha et al. 23

High salary

Finished
education

Kind

Humour

Ambitious

4

9

5

8

10

8

7

10

10

7

9

5

8

8

8

4

4

9

8

5

5

7

10

10

8

3

3

10

8

7

10

10

10

10

10

10

7

9

9

6

6

6

8

7

7

1

4

7

6

7

3

4

8

6

4

8

8

9

8

6

8

9

9

7

5

2

1

10

8

9

6

7

9

7

7

4

3

9

8

6

8

7

9

5

7

4

6

10

9

8

7

10

10

10

5

7

9

10

9

6

times each score occurs (the frequency). If we tabulate the data then we create a column (X) that
contains each possible category along the scale of measurement. In this case the scale of measurement was a rating scale from 1 (not important) to 10 (very important), so we have a row for each
category along that scale.
We then create a column for the frequency (f ), and in this we place
the number of times that a score occurred.’ The Professor turned and began to draw on the blue
glass wall with her finger; as she touched the wall a white trail followed her finger, tracing out
lines and numbers as she wrote. ‘Looking at this table , we can see, for example, that two
women rated high salary as very important (scores of 10), but other women rated it as relatively
unimportant (scores of 4). This information is much easier to see in a frequency distribution
than it is by looking at the raw data. Frequency distributions provide a visual summary of the
entire set of scores. We can see also that every category on the scale of measurement was used:
every point along the scale has a frequency of at least 1, indicating that at least one person used
that category of the scale. Notice also that if you add up the frequencies (∑ f ), you get the
sample size (N).’
‘What would you do if no one had used a particular rating; do you miss it out of the table?’ I asked.
‘No, you include it, but give it a frequency of 0.’
3.1

Frequency distributions
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Table 3.2

F requency distribution of females’ ratings of high
salary as a characteristic in a romantic partner

Rating (X)

Frequency (f)

10

2

9

1

8

3

7

2

6

2

5

2

4

4

3

2

2

1

1

1

N=

∑ f = 20

uency distributions for the
Check Your Brain: Create freq
, and ambitious from Table 3.1.
ratings of kind, humour

Table 3.3

I could see that the frequency distribution did make the data easier to understand. Thinking
back to what Dr Genari had told me, the ratings we were looking at were measured on an ordinal
or perhaps an interval scale. I asked whether frequency distributions could be used for nominal
variables.
Professor Pincus looked impressed. ‘You know about scales of measurement?’ she asked. ‘Well,
yes, you can construct a frequency distribution for a nominal variable in the same way: you have
a column that lists the categories in any order (with each category in a different row) and then in
the second column list the frequency with which each entity fell into each category. For example,
these ratings come from 20 females; if we wanted a frequency distribution of the nominal variable
sex, we could list the categories “male” and “female” in the first column, and their frequencies in
the second column. Notice that because there were no males, the frequency is zero, but we still
include the category because it is part of the scale of measurement of the variable sex.’
Much as I thought I should play along with the Professor and find out more about whether
Alice might have left me, I struggled to see how this was helping. ‘The tables look nice,’ I said, ‘but
they don’t tell me what women want. How does this help me to understand whether women are
attracted to guys with high salaries?’
‘Bear with me. We can make the data clearer still by looking at the relative frequency, rather
than the frequency itself. The relative frequency is how often a response is observed relative to the
84
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Table 3.3

Frequency distribution of sex

Sex (X)

Frequency (f)

Female

20

Male

0

total number of responses. In the case of the salary data, we are asking “what proportion of
women gave a rating of 10?”, that is, how many women gave a rating of 10 relative to the total
number of women who responded? We could write this as follows.’ Professor Pincus traced an
equation on a fresh piece of blue wall.
relative frequency =

frequency of response
f
=
total number of responses N

(3.1)

‘To work out the relative frequency of a response’, she continued, you take the frequency of that
response ( f ) and divide it by the total number of responses (N). If we want to work out the relative
frequency of, for example, a response of 10, we look at how many women gave that response – and
we can see that 2 did.
We then ask how many women in total gave responses, and we can see
that 20 did. The relative frequency is, therefore, 2 divided by 20’. The professor scribbled
some more.
relative frequency =

2
frequency of a rating of 10
=
= 0.1
total number of responses 20

3.1

Table 3.2
3.2

(3.2)

To check that I had understood, the Professor asked me what the relative frequency would be
of a rating of 4 for this same rating scale. Looking at the second table , I said, ‘the frequency of
a score of four was 4, and there were 20 scores in all, so the relative frequency would be 4/20. But
I don’t know what that is.’
‘0.20,’ said The Head, looking smug.
‘Oh, you’ve woken up now there’s some maths to do, have you?’ I glared at The Head, who I
felt was trying to make me look stupid in front of the Professor.
‘The Head is always awake, Z – always,’ he said, alluding to our earlier conversation. Was The
Head really still awake when I closed the watch? I needed to stay focused. I asked the Professor
what a score of 0.2 actually meant.

Table 3.2

te the rela tive
Ch ec k Yo ur Br ain : Cal culascores from the

frequencies of the remaining
3.2.
freq uen cy dis trib utio n in Tab le

‘To make it easier to understand, think of these relative frequencies as percentages, which you
do by multiplying them by 100. In other words, 0.2 becomes 20%. Therefore, rather than saying
that the proportion of women who rated a high salary as 4 out of 10 was 0.20, we can say that
20% of women rated a high salary as 4.’
3.1

Frequency distributions
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Meowsings 3.1

Table 3.4

3.3

I felt my diePad vibrate − it was another message from Milton. I showed it to the Professor
before it had time to disappear. I asked her if there was a Milton working there, someone who
might be sending these messages. The message troubled the Professor, but she denied knowing
anyone called Milton. When I asked whether it was true that Professor Milton Grey had worked
here, she became agitated. ‘Professor Grey, as is well documented, is dead – now do you want my help
or are you going to continue to ask me impertinent questions?’ Before waiting for an answer, she
continued: ‘The interesting part is if we look at the cumulative percentage. Rather than looking
at the frequencies of individual categories along the scale, we can look at the cumulative frequency, which means that we look at the total frequency of all categories up to and including the
category of interest.’ The Professor started to add columns to the table she had drawn.
‘If we
start at the bottom, then a rating of 1 had a frequency of 1; there are no categories before it so the
cumulative frequency is also 1. Moving up to the next category (a rating of 2), we see this received
one response also, so the frequency is 1, but the cumulative frequency is the frequency of this
category and the one before, so it is 1 + 1 = 2. Moving up to the next category (a rating of 3), this
response had a frequency of 2, but the cumulative frequency will be this value added to the
frequencies of the previous categories, so it is 1 + 1 + 2 = 4. Moving up to the next category (a rating
of 4), this response had a frequency of 4, so the cumulative frequency will be this value added to
the frequencies of the previous categories, so it is 1 + 1 + 2 + 4 = 8. In general, the cumulative frequency for category n is the frequency of that category added to the cumulative frequency for the
previous category (i.e., n − 1). We could write that like this.’ The Professor moved across to an
untouched part of the blue glass wall and began to write.
cumulativefrequency n = f n + cumulative frequency n −1

Table 3.2
Table 3.4

(3.3)

I still didn’t see how this was getting me any closer to finding out whether or not Alice was
likely to have left me. I was getting a little frustrated; I felt that I needed to listen in case the
Professor suddenly dropped some payload of information, but I also felt empty without Alice. Was
it too much to ask to have someone tell me where she was or what was happening? Apparently it
was: the Professor was interested only in talking statistics at me as though some unstoppable
teaching node had activated in her brain. She didn’t pause to think about whether I understood
what she was saying; this was exactly why I’d dropped out of uni. ‘The cumulative frequency is all
very well,’ she continued, ‘but if we again look at the percentage rather than the raw frequencies
then we have a more intuitive way of summarizing scores. Let’s look back at the original frequency
distribution , now calculate the relative frequencies, and then multiply these by 100 to get the
percentages for each category.’

te the per cen tag es of the
Ch ec k Yo ur Br ain : Cal culacy dis trib utio n in Tab le 3.2.
sco res fro m the freq uen

‘We can calculate the cumulative percentages just like we did for the frequencies. Start at the
bottom; a rating of 1 had a percentage of 5%, there are no categories before it so the cumulative
86
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Dear Human,
Relative frequencies are proportions. A proportion in statistics usually quantifies the portion of all measured data in a particular category in a scale of measurement. Basically, it is the frequency of a particular
score or category relative to the total number of scores.

proportion =

frequency of score/category
f
=
total number of observations N

Proportions can vary from 0 (this category contains none of the measured scores) to 1 (this category
contains all of the measured data). Normally the values fall somewhere in between (it would be rare to find
that everyone in your sample had given the same response or score), so you will see values that are
decimals, such as 0.15, or 0.54. Decimals are quite unpleasant, and students do not like them very much,
so it can be useful to express proportions and relative frequencies as percentages instead. Many students find percentages unpleasant too, but usually less unpleasant than proportions. We can easily convert a relative frequency or proportion to a percentage by multiplying it by 100:

percentage = proportion × 100 =

f
× 100
N

If you have a relative frequency or proportion of 0.15, this equates to 100 × 0.15 = 15%. In other words, this
response makes up 15% of all responses (i.e., 15% of people gave this response). You could express this
information in two ways:
1
2

The proportion of women who rated high salary’s importance at 8 out of 10 was 0.15.
15% of women rated a high salary’s importance at 8 out of 10.

Both say exactly the same thing, but arguably the second way, which uses percentages, makes more
intuitive sense to most people because they are more familiar with percentages than proportions.
Best fishes,
Milton

Milton’s Meowsings 3.1

Relative frequencies, proportions and percentages

percentage is also 5%. Moving up to the next category (a rating of 2), we see this received 5% of
responses also, so the percentage is 5%, but the cumulative percentage is the percentage of this
category and the one before, so it is 5% + 5% = 10%. Moving up to the next category (a rating of 3),
this response had a percentage of 10%, but the cumulative percentage will be this value added to
3.1

Frequency distributions
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Table 3.4

F requency distribution of females’ ratings of high salary as a characteristic in a
romantic partner, including relative frequencies, percentages and cumulative
percentages

Rating Frequency
(X)
(f)

Cumulative
frequency
(up)

Relative
frequency
(f/N)

Percentage

Cumulative
percentage
(up)

Cumulative
percentage
(down)

2

20

0.10

10%

100%

10%

9

1

18

0.05

5%

90%

15%

8

3

17

0.15

15%

85%

30%

7

2

14

0.10

10%

70%

40%

6

2

12

0.10

10%

60%

50%

5

2

10

0.10

10%

50%

60%

4

4

8

0.20

20%

40%

80%

3

2

4

0.10

10%

20%

90%

2

1

2

0.05

5%

10%

95%

1

1

1

0.05

5%

5%

100%

10

3.4

the percentage of the previous categories, so it is 5% + 5% + 10% = 20%. Again, in general the
cumulative percentage for category n is the percentage for that category added to the cumulative
percentage for the previous category (i.e., n − 1).’
cumulative percentage n = percentage n + cumulative percentage n −1

Table 3.4

Table 3.4

(3.4)

‘Notice that the cumulative percentage will be 100% once we reach the last category on the
scale. That means that all of the data are accounted for. We can also calculate the cumulative
percentages starting at the highest category and working our way down. Either way is acceptable;
it depends what the scale of measurement is and which way around is most useful for the question
that you want to answer.’
At last, she paused for breath. ‘I’m sorry Prof, but I still don’t see how this tells me what women
want.’
Pincus looked excited as though she had reached the pinnacle of her great lecture. ‘This is a
10-point scale, ranging from 1 (not important) to 10 (very important). The mid points of 5–6 are
the points at which the response changes from ‘not important’ to ‘important’. A 5 is the last rating
on the ‘not important’ side of the scale. What is the cumulative percentage of the response of 5?’
I looked at the table on the wall.

‘It’s 50%.’

‘And what does that mean?’ enquired the Professor.
‘It means that 50% of women gave a score of 5 or lower, which means that 50% of women
thought that a high salary was unimportant to some degree.’
‘Excellent, Zach. Does that answer your question?’
‘A bit. I mean, it tells me that about half of women think a high salary is important. It doesn’t
tell me whether Alice is one of those 50%, though.’
88
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e tab les of the rela tive
Ch ec k Yo ur Br ain : Com putcum ula tive per cen tag es

freq uen cies , per cen tag es and
and ambitious from Table 3.1.
for the ratings of kind, humour,

A frequency distribution can be either a table or a chart that shows each possible score on a scale of measurement along with the number of times that score
occurred in the data.
It displays each score alongside how many times that score occurred
(the frequency).
The relative frequency is the frequency (f) of a score divided by the total number
of observed scores (N).
The relative frequency can be expressed as a percentage by multiplying it
by 100.
The cumulative frequency of a score is the frequency of all scores up to and
including that score.
The cumulative percentage of a score is the percentage of all scores up to and
including that score.

Zach's Facts 3.1

Frequency distributions

3.1.2 Grouped frequency distributions
‘That’s a very good point, Zach. We don’t know Alice’s score, so let’s look at some data where we
do know her score. For example, what is in her file that you copied from the counsellor?’
‘I have her Relationship Assessment Scale (RAS) score – it was 32.’
‘Perfect. Can your reality checker get us some data from other women on the same scale?’
‘I can get you anything you want,’ said The Head with a glint in his eye. ‘Here are 20 scores on
the Relationship Assessment Scale
from females of the same age as Alice: 16, 23, 26, 22, 14,
20, 8, 19, 22, 25, 17, 26, 27, 11, 32, 17, 20, 17, 14, 28’.
‘What is the range of this scale?’ enquired the Professor.
‘According to Dr Genari, it ranges from 7 (someone circles 1 for all seven questions) to 35
(someone circles 5 for every question),’ I replied.
3.1

Frequency distributions
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Table 3.5

3.5

‘That’s quite a range; too much to put in a frequency distribution, because with a highest score of
35 and a lowest of 7 you would need 29 rows in the table to display each score. We will be better off
using a grouped frequency distribution, which is a frequency distribution where we group scores
together. We divide the scale of measurement into equal parts, each one known as a class interval.
For example, a scale of 1 to 10 could be broken into five equal class intervals of 1–2, 3–4, 5–6, 7–8 and
9–10, or two equal class intervals of 1–5 and 6–10. In both cases the class intervals are equal in size:
in the first example every class interval contains two numbers, in the second both class intervals contain five numbers. The quantity of numbers in a class interval is known as the class interval width.’
‘How do you know how wide to make the intervals?’
‘There are some simple rules of thumb. You want enough intervals that you retain the pattern
within the data. Imagine for these data that you used a single class interval ranging from 7 to 35.
All of the scores are contained within that interval so you would have a frequency of 20 and you’d
know nothing about how those scores are distributed. It would be pointless. We need to have
enough intervals that we can see the pattern of the data, but not so many that the frequency distribution is unmanageable. Normally you would aim for no fewer than 5 intervals, and no more
than about 15; so approximately 10 intervals is reasonable, but how many intervals might be best
will depend upon how widely dispersed your scores are. The intervals you create must contain all
values of the scale of measurement but should be mutually exclusive, which means that they must
not overlap. For example, you could not have intervals of 5–7 and 7–9 because both of these intervals contain the value 7, and you could not have intervals of 5–7 and 9–11 because the value 8 is
entirely missing. To sum up, the class intervals should cover the entire range of scores, with no
gaps and no overlaps. You might consider making the interval width a simple number such as 2,
5, 10 or a multiple of 5 or 10; doing so will help the reader to understand the frequency distribution because people are generally comfortable with multiples of 2, 5 and 10. Finally, the lower
boundary of the interval should be a multiple of the width. For example, if the width is 5, then the
intervals should start on 0, or a multiple of 5 such as 5, 10, or 25. Let’s turn the RAS data into a
grouped frequency distribution. First, we will try an easy interval such as 5. What was the lowest
score, Zach?’
‘It was an 8.’
‘Good, so we need the first interval to contain 8.’
‘So, we could start it with 8?’
‘We could, but that would not include the lowest possible score of 7. Also, if we start it at 5 then
the intervals will be easier to follow because we will have 5–9, 10–14, 15–19 and so on; each interval begins with a multiple of 5. The highest score was 32, so we carry on creating intervals until
we reach an interval that contains this value, but ideally we’d also have an interval containing the
highest possible score of 35. Let me draw a table.
Now we count how many scores fall within
the boundaries of each interval. With interval widths of 5, we end up with six class intervals, which
is perhaps a little on the low side. In fact, the frequencies across intervals are quite similar – half
of them have a frequency of 5. An alternative is to reverse the approach and to decide in advance
how many intervals we want, and then work back to find out the interval width.’ The Professor
wrote out an equation on the wall.
interval width=

highest score − lowest score
range of scores
=
number of intervals
number of intervals
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‘Imagine we want 10 intervals,’ she continued. ‘The highest score was 32 and the lowest 8, so
we would get the following’.
interval width =

32 − 8 24
=
= 2. 4
10
10

(3.6)

‘It would be complicated to have intervals of 2.4, so we can round this number up to 3, and we
should find we get about 10 intervals. With what value should we start the first interval?’
she asked.
‘8 is the lowest score, and 7 was the lowest possible score so maybe start with that, but earlier
you said to start the intervals with a value that is a multiple of the width. The width is 3, so we
could start with 3, 6, 9 and so on. If we start the first interval with 6, then with a width of 3 the
first interval would include the values of 6, 7 and 8; this is perfect because it will contain the lowest value in the data, and the lowest possible value on the scale.’
‘Very good, Zach, very good indeed.’ The Professor started scribbling another table, speaking
as she drew. ‘We would create intervals of 6–8, 9–11, 12–14, and so on. Then we count the frequency with which scores fall into those categories, just like we've done before. You can see that
we have ended up with 10 class intervals, and it shows a little more detail about how the frequency
of scores tapers off at the extremes of the scale; so the bulk of responses are between 15 and 26,
and the frequency gradually declines towards the low extreme of 7 and the high extreme of 35. By
comparing these two frequency distributions you can see that with fewer categories you get less
detail, so there is a trade-off: although we want to simplify the data to a manageable number of
categories, we don’t want so few categories that we start to lose too much detail.’
‘I don’t want to be rude, Prof, but again, how does this tell me about Alice’s score?’
‘Patience,’ she replied a little sternly. ‘Let’s convert the frequencies in our distribution
into
percentages, and then let’s compute the cumulative percentage going from the lowest to highest
scores.’
Table 3.5

RAS (X)

Table 3.5

Width = 3

Frequency (f)

RAS (X)

Frequency (f)

5–9

1

6–8

1

10–14

3

9–11

1

15–19

5

12–14

2

20–24

5

15–17

4

25–29

5

18–20

3

30–34

1

21–23

3

35–39

0

24–26

3

27–29

2

30–32

1

33–35

0

Frequency distributions
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 rouped frequency distributions of the RAS data, using different class
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interval widths

Width = 5

3.1

3.6
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Table 3.6

Table 3.6

The Professor added columns to the frequency distribution and filled in the values for each
group of scores.
‘Remind me what score Alice had?’ she asked.
’32,’ I replied.
‘Looking at the percentages, Zach, how many women gave a response of 32?’.
I looked at the table and replied ‘5%, because that’s the percentage for the category 30–32?’
‘Very good, but remember that some of this 5% might have had scores of 30 and 31, which are
lower than Alice’s score of 32. Now look at the cumulative percentage, what percentage of women
gave a score lower than 32?’
To find out how many scores were lower I figured that I needed to look at the cumulative percentage up to the category before 30–32. The cumulative percentage of scores up to and including
27–29, was 95%. Wow, that’s huge. Did that mean that in a group of women similar in age to Alice,
95% of them rated their relationship lower than she rated our relationship? I asked the Professor.
‘Well done; it tells us that relative to other women of her age, Alice was very satisfied with your
relationship when she completed this questionnaire.’ Professor Pincus looked a little disappointed
at the news; it was as if the data hadn’t shown what she hoped it might.
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Table 3.6

 rouped frequency distribution of the RAS data with percentage and
G
cumulative percentage

RAS (X)

Frequency (f)

Relative
frequency (f/N)

Percentage

Cumulative percentage
(up)

6–8

1

0.05

5%

  5%

9–11

1

0.05

5%

10%

12–14

2

0.10

10%

20%

15–17

4

0.20

20%

40%

18–20

3

0.15

15%

55%

21–23

3

0.15

15%

70%

24–26

3

0.15

15%

85%

27–29

2

0.10

10%

95%

30–32

1

0.05

5%

100%
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When there is a wide range of scores, use a grouped frequency distribution.
To create one, divide the scale of measurement into equal parts known as class
intervals.
You want enough intervals that you retain the pattern within the data, but not so
many that the frequency distribution is unmanageable; between 5 and 15 is typical.
The intervals must not overlap; for example, you could not have intervals of 5–7
and 7–9 because both of these intervals contain the value 7.
The intervals must contain all values of the scale of measurement. For example,
you could not have intervals of 5–7 and 9–11 because the value 8 is entirely missing.
Consider making the interval width a simple number such as 2, 5, 10 or a multiple
of 5 or 10.
The lower boundary of the interval should be a multiple of the width. For example,
if the width is 5, then the intervals should start on 0, or a multiple of 5 such as 5,
10, or 25.

Zach's Facts 3.2

3.1

Frequency distributions
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3.1.3 Graphical frequency distributions
‘Props and all that, but I’m not being ridiculous. A cat just walked into your office, which in itself
is spooks, but then it opened its little cat mouth and said “Hello, Catherine”, which takes spooks
to a new level.’
‘There’s no cat,’ replied the Professor in a tetchy tone.
‘There is. I saw it.’
‘Are you calling me a liar?’ The Professor spat the words at me. Just like with Genari, I was
losing my grip on the situation. It was becoming awkward, and I don’t like awkwardness one bit:
I avoid it like I avoid tarantulas, and I steer clear of them as a matter of priority. On the other
hand, the Professor was lying. Or maybe I really was losing it − there were the messages from
Milton that were gone when I tried to show The Head, a girlfriend who apparently never existed,
and now a talking cat. Maybe my whole existence wasn’t real, maybe someone had put a reality
prism on my head while I was asleep and I was seeing my actual reality stripped of my subjective
experience? I mean, none of our generation had actually worn a reality prism, we’d been told that
you see both realities at the same time, but maybe this was a new type of reality prism where you
got to live objective reality rather than your subjective one. My mind was on overdrive thinking
about what was and wasn’t real. The Professor was still glaring at me, waiting for my response. I
needed to get her back on side.
‘Of course I don’t think you’re lying to me. You’ve been so gracious in giving me your time, I
trust you completely. It’s just that there is actually a cat; look, it’s sitting on your desk.’
I pointed to the ginger cat and we both turned to her desk. The cat lifted its paw and waved at
us. I thought it might be smiling, but cats don’t smile. Perhaps talking ones do – this was new
territory for me. It crossed my mind that it was ginger, just like the cat I’d seen outside Dr Genari’s
window. The Professor looked pale.
‘Oh, him,’ the Professor said, feigning surprise really unconvincingly. She adopted a faux jovial
tone. ‘That’s just the lab cat. I didn’t notice him come in.’
‘And you didn’t notice him saying “Hello, Catherine”?’
‘I think you’re stressed about Alice. It is a scientific fact that cats cannot and never will be able
to speak.’ To prove her point, the Professor addressed the cat while fixing him with a glance that
made clear to him that if he spoke his tuna supply was going to dry up. Her eyes narrowed as she
spoke, ‘Would you be so kind as to tell this young man your name?’
Do cats have eyebrows? I’m not sure, but this one seemed to raise something above his eye. He
stared blankly back at the Professor as though engaging her in a secret battle of wills. After a long
contemplative pause, he twisted his body and began licking his backside.
The Professor turned back to me and smiled a relieved sort of smile. ‘See – just an ordinary cat.
Now shall we resume with what women want?’
I agreed. Whatever was going on here the Professor didn’t want me to know, and I still felt that
I was better off keeping her talking in case something useful came out.
As though nothing had happened, the Professor switched back into teaching mode. I might
as well not have been in the room. ‘We’ve looked at frequency distributions as tables, but often it
is more appealing to display them as a graph (also known as a chart). Visually this can give you
a very immediate impression of how scores in your data are distributed. Graphs come in lots of
different shapes and sizes, but they all have a horizontal and vertical line known as the axes.
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The horizontal line usually displays a predictor variable, or an independent variable, and because
these variables are usually denoted with the letter x it is known as the x-axis, or abscissa. The
vertical line usually displays an outcome variable, or a dependent variable, and because these
variables are usually denoted with the letter y it is known as the y-axis, or ordinate. When you
have a scale of measurement that is interval or ratio, you can use a histogram and frequency
polygon to display the frequency of scores. These graphs display the possible scores of the measured variable on the x-axis, and the frequency with which each score occurs on the y-axis. The
difference between these graphs is that a histogram plots the frequencies as bars rising up from
the x-axis, whereas a polygon plots them as points that are then connected by straight lines. Let
me show you some examples.’

High Salary

Kind

Humour

Ambitious

9
8
7
6
5
4
3

Frequency

2
1
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9
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0
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Rating (1−10)
Figure 3.1

3.1

 istograms of the importance to teenage women of four
H
characteristics in their partners

Frequency distributions
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Reality Check 3.1
Figure 3.1

Table 3.2

The Professor instructed the wall to display histograms of the frequencies of 20 women rating
the importance of four characteristics of their partners.
She chose high salary and the three
characteristics that I had told her that I had: kindness, humour and ambition. An image appeared
on the wall
and the Professor explained it.
‘To produce a histogram you put each category of measurement along the x-axis. For these
data the women rated each characteristic along a scale from 1 (not important at all) to 10 (very
important), so we list these categories of response along the horizontal in ascending order. Then
for each category we draw a bar that is as tall as the frequency of responses for that category. The
width of the bar represents the limits of the category. Look at the values of the bars for high salary
in the top left of the figure and compare them to the values in the tabulated frequency distribution;
you will see that they are the same. Therefore, these histograms are another way to represent a
frequency distribution. However, they make it easier to spot the patterns of the data.’
‘What do you mean by patterns?’
‘Look at the high salary histogram. It is very flat: the bars are quite similar heights across all
of the categories. This suggests that about as many women rated a high salary important as rated
it unimportant. In fact, each point along the scale was endorsed by a similar number of women,
which suggests that there is no consistent pattern in women valuing a high salary in this sample.
Compare this with the kindness ratings in the top right of the figure. What do you notice?’
‘Most of the low value categories (i.e., unimportant) have no bars, so few women endorsed
those categories, but lots of women endorsed higher values; in fact most women endorsed 9 or 10.’
‘And what can you infer from that?’
‘The women in this sample consistently thought that kindness was an important characteristic
in a romantic partner.’
‘You told me that you are kind, so if Alice is like “most women” she will value this characteristic.’
‘So, we can use patterns in the data to draw conclusions beyond those data.’
‘Yes. This is the power that data give us. What might you conclude about women’s attitudes
towards humour and ambition?’

you con clud e from
Ch ec k Yo ur Br ain : Wha t can
towards
Figure 3.1 about women’s attitudes

tionship partners?
humour and ambition in their rela

Figure 3.2

I thought about this question. It seemed to me that the taller bars were mainly at the top end of the
scale. In fact, for humour the tallest bar was at 8 and for ambition it was 7, both of which represent ‘fairly
important’. Also, the bars were very small or non-existent below 5, which means that no one really
responded that these characters were very unimportant; the vast majority of women put their response
above 5, which means they thought the characteristic was important to some extent. I gave the Professor
my assessment and she looked pleased with me. It made me feel good to have impressed a Professor.
The Professor instructed the wall to produce another image.
‘Now look at frequency polygons of the same information. Notice that instead of a bar, each frequency is represented by a dot,
and these dots are joined by straight lines.’
‘Why does the x-axis go up to 11 when the response scale stopped at 10?’ I asked.
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‘That is so that the line can return to zero to create the polygon. It is common with these
graphs to have an extra category above and below the limits of the scale so that the polygon can
start and finish at zero. What do you notice about the shapes of these polygons?’
‘They are roughly the same as the shapes of the bars in the histograms.’
‘Yes! Let me show you what the histogram of the humour ratings looks like with the polygon
superimposed on it.
The dots of the polygon mark out the midpoint of each bar. Compare the
histograms
and polygons
of the four characteristics that we have looked at and you will see
that the shapes are the same.’
‘What do you do if you have grouped data?’
‘You can draw both histograms and polygons of grouped data. For example, let’s look back at
the RAS scores. We produced a tabulated frequency distribution of those scores using a class
interval width of 3.
We can draw that as a histogram by having each bar represent each class

High Salary

Kind

Humour

Ambitious

Figure 3.1
Figure 3.3
Figure 3.1 & 3.2

Table 3.5
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F requency polygons of the importance to teenage women of four
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Frequency distributions
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Figure 3.4

Meowsings 3.2

 istogram of ratings of humour as a characteristic in a romantic partner with
H
the frequency polygon superimposed

interval, or as a polygon by having each point located at the midpoint of the interval.
So, for
example, the first interval was 6–8, so the midpoint would be 7. Again, you should see that the
histogram and polygon show the same shape, so you would normally draw one of these graphs,
not both. What would you conclude about the RAS scores from these graphs?’
The cat on the table started playing with something sticking out of his collar while looking nonchalantly around the room. Was it a Proteus? My diePad buzzed and a brief notification showed me
how to compute the midpoint that the Professor had just mentioned.

Dear Human,
In general, the midpoint would be half of the sum of the upper and lower limit of the class interval. So, if the
class interval is 6 to 8, then the lower boundary is 6 and the upper one is 8, so:

midpoint =

lower boundary + upper boundary 6 + 8 14
=
=7
=
2
2
2

Best fishes,
Milton

Milton’s Meowsings 3.2

Midpoints
98
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Noticing that I had been distracted, the Professor repeated her question about the RAS scores.
Looking at her diagram , the first three bars looked quite short and so did the last two, but the
bars in the middle were relatively high. It looked as though relatively few women were really dissatisfied with their relationships (not many women had scores between 6 and 14) and few were
really satisfied (not many women scored above 27). So, the majority of women had satisfaction
scores between about 15 and 26.

Figure 3.4
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Histogram and frequency polygon of the RAS data

Frequency distributions
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The Professor agreed. ‘Can you see now, based on the samples of women we have looked at,
that most women are not as satisfied with their relationship as Alice was, many women do not
think a high salary is important, but most value kindness, humour and ambition, all of which are
qualities that you have?’

3.1.4 Idealized distributions

Section 7.2.2

Figure 3.5

‘But Alice could be completely different than the women in this sample.’
The Professor became animated. ‘The beauty of data is that we can use samples to estimate the
shape of the distribution of scores in the entire population. In some cases it might be possible to
collect data from the entire population, and then we could plot histograms just as we have done.
Often we cannot: if we wanted to look at the population of all women, it is too big a group for us
to collect data from them all. Without data from everyone we cannot know the actual frequencies
of responses. However, we can work out the relative frequency of responses. For example, we
might be able to say with some confidence that twice as many women think that humour is important in a partner as don’t. Remember that this is what the relative frequency tells us – it is the
frequency relative to the entire sample or the proportion of responses in each category.’
‘How would we find these relative frequencies?’
‘If we assume a sample, or perhaps many samples collected over time, to be a good representation of the population, then it’s reasonable to assume that the relative frequencies in the sample
will be similar to those in the population. We don’t need to know the actual frequencies in the
population, we work instead with relative frequencies. Once we know the relative frequencies, we
can begin to look at distributions not just as bars representing values for specific categories along
a measurement scale, but as a smooth curve that shows an idealized relationship between the
variable we measured and the relative frequency of responses. This curve represents the relative
changes from one score to the next. Often this curve, rather than showing the relative frequency,
shows a related statistic known as the density, which is the probability of a given score occurring.
The resulting curve is known as a probability distribution and has an exact mathematical definition known as a probability density function.’
‘How does this help us?’
The Professor turned to one of the few patches of wall that wasn’t already covered in tables,
graphs or equations, and instructed the wall to produce another graph.
‘Look here. The bars
show the relative frequency of responses to humour in the sample of 20 people. The curve is an
idealized representation of how the relative frequency changes across the rating scale. This idealized shape reiterates the fact that we would expect women’s evaluations of humour as a desirable
characteristic in a partner to cluster at the top end of the response scale. None of this proves that
Alice likes her partner to be funny, but we can start to look at how likely it is that she would, and
based on this sample it seems probable that she would like someone funny, kind and ambitious.
Someone like you, Zach. The evidence suggests that you have more going for you than you might
think. You have the right characteristics to keep most women happy.’

3.1.5 Histograms for nominal and ordinal data
I felt a wave of joy; the evidence from Alice’s file and from looking at what women want generally seemed to be going against the assumption that Alice had left me. This felt good.
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A plot of the relative frequency of ratings of humour and an ‘idealized’ curve

I started to daydream about seeing her, about holding her, about being together again, but
then it hit me: if she hadn’t dumped me then one of the alternatives was that she was in trouble. I felt an urgency to do something − I wasn’t sure what, but something. A young man
walking through the parting wall broke my concentration. He tapped the wall, addressing the
Professor as he did.
‘I have the latest breakdown of our employees for you to sign off, Professor Pincus,’ he said.
‘Not now,’ she said, urgently trying to usher him out of the room. It was too late, a graph had
already appeared on the wall.
‘Is that a histogram?’ I asked.
‘Of a sort,’ the Professor responded.
‘Why are there gaps between the bars? In the histograms we looked at before the bars sat
directly next to each other. What do you mean, it is “sort of ” a histogram?’
She seemed reluctant to dwell on the graph and answered quickly and dismissively, ‘It shows
the same information as a histogram − the frequency within categories − but these categories do
not make up an interval or ratio scale of measurement. These data are the numbers of different
types of employees at the Beimeni Centre of Genetics. This is a nominal variable: there are categories of workers: professors, senior scientists and research students. When we display information
about a nominal or ordinal variable like this, it’s called a bar graph. The principle is the same as
for a histogram: we display different categories along the x-axis, and we use bars to indicate some
kind of statistic, in this case the frequency. There are spaces between the bars to indicate that they
are independent categories and not points along an interval or ratio scale.’
3.1

Frequency distributions
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Frequency distribution of a nominal variable

When you have a scale of measurement that is interval or ratio, you can use a
histogram and frequency polygon to display the frequency of scores.
These graphs display the possible scores of the measured variable on the
x-axis, and the frequency with which each score occurs on the y-axis.
Histograms plot the frequencies as bars rising up from the x-axis, whereas
polygons plot them as points that are connected by straight lines.
Bar graphs display categories of a nominal or ordinal variable along the x-axis,
with bar heights representing the magnitude of a statistic plotted on the y-axis
(this statistic could be the frequency, an average, etc.).

Zach's Facts 3.3

Histograms, polygons and bar graphs
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Something struck me as odd about this graph. At the end there was a category of employee
labelled ‘cat’, with a frequency of 1. The Professor had deliberately not mentioned this category
when explaining the graph. I looked at the bar graph, I looked at the cat, then I looked at the
graph again, then the cat. He winked at me. At least I thought he did.

3.2

THROWING SHAPES

There was something about the Professor’s discomfort with the cat’s presence that wasn’t right.
Why was the Professor so keen to ignore the cat? If she didn’t want people to know that she had
a cat then why not hide it instead of letting it wander around the place saying ‘hello’, and even if
she couldn’t hide it, why not tell me that the cat was on the graph because they employed it to get
rid of mice or something? ‘Professors,’ I thought to myself, ‘the most intelligent people on the
planet, but no common sense whatsoever.’
I asked the Professor about my earlier conclusion − that the data seemed not to support the
hypothesis that Alice would have left me, which left me with the other hypothesis that she was in
danger. The Professor looked flustered and, to my surprise, carried on talking about distributions
as though I hadn’t even mentioned Alice.
‘As I mentioned earlier,’ the Professor continued, as though the last few minutes had never
happened, ‘we can create idealized frequency distributions. You will find that certain shapes of
distributions are common in the world; that is, some variables have distributions that are similar
in shape to other variables. Therefore, we can describe certain distributions that are common
to lots of different variables. These “common” distributions have names such as the normal
distribution, t-distribution, chi-square distribution, uniform distribution, binomial distribution
and F-distribution.’
‘Catchy names, I might name my children after them.’
The Professor glared at me. ‘These idealized distributions have a specific shape that can be
described by an equation.’
‘I hate equations.’
‘Most of you young people do, and fortunately you can ignore the equations and instead
focus on properties that describe the shape of the distribution, the position of the centre of the
distribution (known as the central tendency), and the width or spread of the distribution
(known as the variability). Let me show you some of these characteristic shapes.’ The Professor
was running out of wall on which to trace out diagrams, and began a brief mission to locate the
remaining blank sections. ‘This drawing
shows a normal distribution, which you can see
looks like a bell. In fact, it is commonly called a bell-shaped curve. This shape tells us that the
majority of scores lie around the centre of the distribution (so the largest bars on the histogram
are all around the central value). The further we move away from the centre, the smaller the
bars get, telling us that the more that scores deviate from the centre the more unlikely, or infrequent, they are. Many naturally occurring things have this shape of distribution. For example,
how tall are you?’
‘About 180 cm.’
‘Which is close to the centre of the distribution of male heights: most men in Elpis are about
175 cm tall, some (like you) are a little bit taller, others slightly shorter, but most cluster around
3.2

Throwing shapes
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A normal distribution (the curve shows the idealized shape)

this value. If you venture around Elpis you will encounter very few men who are really tall
(i.e., above 205 cm) or really short (i.e., under 145 cm).’
‘Unless I’m at a gig trying to watch a band, in which case every person in front will be 250 cm tall.’
‘It might seem that way, but unless you possess a gravitational field that draws the small number of really tall people to congregate around you, then statistically that can’t be true.’
‘I must have one of those gravitational thingies … ’ I thought to myself.
‘There are two main ways in which a distribution can deviate from normal,’ the Professor
said. ‘First, notice that the curve is symmetrical:
if we draw a vertical line through the centre of the distribution then it looks the same on both sides. Not all distributions are like that:
some have skew.
In a skewed distribution the most frequent scores (the tall bars on the
graph) are clustered at one end of the scale. So, the typical pattern is a cluster of frequent scores
at one end of the scale and the frequency of scores tailing off towards the other end of the scale.
A skewed distribution can be positively skewed (the frequent scores are clustered at the lower
end and the tail points towards the higher or more positive scores) or negatively skewed (the
frequent scores are clustered at the higher end and the tail points towards the lower or more
negative scores). The second way in which they can be non-normal is in whether there are too
many or too few scores in the ends of distribution (the tails of the distribution), which is
known as kurtosis.’
‘Isn’t that when your flesh rots?’ I asked.
‘No, that’s necr-osis.’ I was doing a bad job of reining in the flippant remarks, but I was so
bored I was starting to wish that my flesh was rotting, and carrying me away to the sweet peace
of eternal rest. For Alice’s sake I needed to concentrate. I apologized and the Professor moved on.
‘A distribution with positive kurtosis is known as leptokurtic and has too many scores in the
tails (a so-called heavy-tailed distribution), whereas one with negative kurtosis is relatively thin in
the tails (has light tails) and is called platykurtic.24 Kurtosis is much harder to spot visually because
it is defined by the number of scores in the extremes of the distribution, but leptokurtic
104
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A positively (left) and negatively (right) skewed distribution

Leptokurtic

Platykurtic

Frequency

8000
6000
4000
2000
0

Score
Figure 3.9

 istributions with a positive kurtosis of +2.6 (leptokurtic, left) and a negaD
tive kurtosis of –0.09 (platykurtic, right)

distributions can tend to look pointy, and platykurtic ones tend to look flatter than normal.
However, there are lots of other things that affect how pointy or flat a distribution looks. In a
normal distribution the values of skew and kurtosis are 0 (i.e., the overall shape of the distribution
is as it should be). If a distribution has values of skew or kurtosis above or below 0 then this indicates a deviation from normal.’
‘How can I use these shapes to tell me whether Alice dumped me or is in danger?’
‘You can’t, but I thought it was an interesting way to finish telling you about distributions. I
have a very busy day, so it’s been very nice to meet you, Zach. I hope that Alice returns to us very
soon − she is a much valued part of our team.’
3.2

Throwing shapes
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Was she serious? I’d sat through all of that, and at best all I’d found out was that Alice’s
relationship satisfaction scores were higher than most, and that I had some characteristics
that women − in general − seem to like. Now she was giving me the brush-off and coming
out with platitudes about Alice being valued. How dare she: Alice was frippin’ brilliant. I
had the distinct impression that Professor Pincus had deliberately sidetracked me from
JIG:SAW by giving me false hope that she could help me to look at the data in Alice’s file.
My anger spilled over: ‘That’s it? But I don’t know any more about where Alice is than when
I walked in!’
The Professor replied, and the rage in her eyes betrayed her calmly spoken words. ‘I disagree. I have given you − in the limited free time I have to talk to strangers who come to my
laboratory without authorization − some tools to help you to work out the answers for yourself. You have some data from Alice’s counsellor’s files, you have some real-world data to
compare against, we’ve seen that you can use real data to try to ascertain whether it’s likely
that she would want to leave you, and you now have a few foundations to use the data that
you have. Use those foundations to build on, and don’t expect people to give you the answers
on a plate!’
Told. I packed up The Head and started to leave her office. As I reached the door I turned
and said in passing, ‘Maybe someone at JIG:SAW will help me?’
I was testing the Professor, to see whether I could goad her into helping me more. Instead,
I shattered her calm. She went cold and her curt response made me shudder: ‘You listen to me
very carefully, young man. Unless you want your life destroyed, take some advice: some things
are best left alone.’ With that she turned and accelerated towards the wall, barely giving it time
to unfold around her as she left her office.
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JIG :S AW ’S PU ZZ LE S
1
2
3

Describe the following terms: frequency, relative frequency, proportion and percentage.
Draw the frequency distribution of the RAS scores (with scores not grouped by class intervals).
In this chapter Zach looked at 20 women’s ratings of how important certain characteristics are in
romantic partners. Here are the data for the characteristic ‘wants to have children’: 1, 1, 9, 1, 10, 3, 7, 6, 7,
2, 2, 9, 8, 2, 8, 6, 9, 2, 9, 6. Produce a frequency table of these data that includes:
a
b
c
d
e

4

5

6
7
8
9

Frequencies
Relative frequencies
Percentages
Cumulative frequency
Cumulative percentage

For the data in the previous question, remembering that scores of 0–5 mean ‘unimportant’ and 6–10
mean ‘important’, what percentage of adolescent women thought that it was important that their
partners wanted to have children in the future?
Zach was worried that he was unappealing to women because he dropped out of college. Here are the
ratings of the 20 women in the chapter for the characteristic ‘finished education’: 9, 8, 5, 4, 7, 3, 10, 7, 6,
4, 4, 8, 9, 1, 7, 3, 7, 6, 10, 9. Draw a histogram of these data. Do you think most women think that it is
important that their relationship partner finished their college education?
The polygon in Figure 3.10 shows the ratings for the characteristic ‘romantic’. From this image
reconstruct the raw data.
Here are the ratings for the same 20 women for the characteristic ‘attractive appearance’: 4, 10, 9, 8, 7,
8, 10, 8, 7, 3, 9, 10, 8, 10, 7, 9, 9, 9, 8, 7. Draw a frequency distribution of these scores.
Here are the ratings for the same 20 women for the characteristic ‘creativity’: 7, 6, 5, 4, 5, 8, 9, 5, 5, 7,
4, 5, 5, 10, 7, 3, 5, 9, 1, 7. Draw a frequency polygon of these scores.
The histogram in Figure 3.11 shows the ratings for the characteristic ‘honesty’. From this image
reconstruct the raw data.

JIG:SAW’s Puzzles

03_Field_AIS_Ch-03.indd 107

107

4/15/2016 7:41:48 PM

9
8

Frequency

7
6
5
4
3
2
1
0
0

Figure 3.10
10

11
12

1

2

3

4

5

6

7

Rating of Romantic (1−10)

8

9

10

11

P olygon of the ratings for the characteristic ‘romantic’

Based on the histograms and polygons for the previous three questions, what characteristic do women
most consistently find important in a romantic partner: attractive appearance, creativity or honesty?
Explain your answer.
Sketch the shape of a normal distribution.
Look at the histograms in Figure 3.1. For each one comment on:
a
b
c

How symmetrical you think they are
How flat or pointy they are
How skewed they are, and whether the skew is positive or negative
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Figure 3.11

Histogram of the ratings for the characteristic ‘honesty’
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CH DI SC OV ER S …
IN TH E NE XT CH AP TE R ZA
Cats are really bad dinner dates
Statistical models
Central tendency: the mode, median and mean
Dispersion: the variance, standard deviation, and interquartile range
Quartiles and percentiles
Estimating model fit
Deviance and the sum of squared errors
Degrees of freedom
Outliers
Chippers are dropping like flies
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