
Examining differences
between two sets of scores

In this chapter you will learn about tests which tell us if there is a statistically
significant difference between two sets of scores. In so doing you will learn
about independent and dependent variables, parametric and non-parametric
data, and independent and related samples.

6.1 Introduction

In this chapter we will look at statistical tests which tell us if there is a signifi-
cant difference between two sets of scores. For example, this could be scores on
an aptitude test comparing a sample of males and females, or scores before and
after some intervention, e.g., mental health scores before and after a course of
therapy for a sample of patients.

So, what differences between two sets of scores might we examine in our
counselling questionnaire? In order to think about this it is useful to categorize
variables into two kinds: independent variables and dependent variables (as
discussed in Chapter 1). For example, we might think that satisfaction with the
service is dependent on which counsellor the patient saw, in which case we
would have the following independent and dependent variables:

• Independent variable: counsellor (John or Jane).
• Dependent variable: satisfaction rating.

In the counselling questionnaire there are in fact only two possible inde-
pendent variables – the categorical variables counsellor and sex, and each has
three possible dependent variables, as listed below:

1 Independent variable: counsellor (John or Jane):

• dependent variable: satisfaction ratings;
• dependent variable: number of sessions;
• dependent variable: age of patients.

2 Independent variable: sex (male or female):

• dependent variable: satisfaction ratings;
• dependent variable: number of sessions;
• dependent variable: age of patients.

Box 6:1 provides further discussion of independent and dependent variables in
the context of experimental studies.
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Having identified our independent and dependent variables, the next
question is which differences do we wish to examine? And the answer to that
is, which do we think are the most relevant? In my opinion we should start by
comparing satisfaction ratings for the two counsellors, and then the number
of sessions provided by each of the counsellors, since these might provide
the most relevant information for the doctor who has commissioned this
analysis.

Box 6.1 Experiments, variables and hypothesis testing

The concept of independent and dependent variables is really more relevant to
experiments where the investigator manipulates the independent variable to see the
effect on the dependent variable. Indeed the independent variable is sometimes
referred to as the treatment variable. For example, the investigator might manipulate the
type of treatment offered to patients (randomly assigning patients to a particular
treatment) and measure the outcomes. Type of treatment would be the independent
variable (e.g., physiotherapy compared to acupuncture) and the outcome (e.g., level of
back pain) would be the dependent variable. Alternatively, the investigator might
manipulate the level of treatment, for example the dosage of a drug, and compare the
outcomes dependent on the dosage administered.

In such circumstances we may formulate an experimental hypothesis which makes a
prediction about the relationship between the independent and dependent variables,
for example:

Hypothesis: acupuncture will lead to greater reductions in the level of back pain than
physiotherapy.

And having proposed an experimental hypothesis we should also formulate what is
referred to as a ‘null hypothesis’ stating the absence of a relationship between the
independent variable and the dependent variable, for example:

Null Hypothesis: there will be no difference between acupuncture and physiotherapy on
the level of back pain experienced by patients.

The results of our experiment will enable us to either retain or reject the null
hypothesis. So, if we find that acupuncture did indeed lead to greater reductions in
the level of pain we conclude that the null hypothesis was rejected. If there was no
difference, then we conclude that the null hypothesis was not rejected.

Confounding variables

Another factor we need to take into account is the potential role of extraneous or
confounding variables. These are variables other than the independent variable that
may have affected the outcomes on the dependent variable. For example, if we found
that acupuncture was better than physiotherapy in reducing back pain there might be
other factors that have contributed to this outcome: perhaps the acupuncturist had
more sessions with patients; perhaps the patients who saw the acupuncturist were
younger with less chronic problems that were more amenable to treatment, etc.
Issues such as these highlight the importance of controlling the conditions in the design
of experiments, in this hypothetical example, at least ensuring the same amount of
sessions and a comparable sample of patients.

Examining differences between two sets of scores 87



6.2 Comparing satisfaction ratings for the two counsellors

In order to compare the satisfaction ratings for the two counsellors we first
need to choose the appropriate statistical test. Statistical tests comparing
scores between two samples (in our study, satisfaction ratings for John vs
satisfaction ratings for Jane) fall into two categories depending on the type
of data we have. Figure 6.1 illustrates the decision process for choosing the
appropriate statistical test.

6.2.1 Independent or related samples?

The first thing we need to know is whether our data comes from two
independent samples or two related samples. Related samples are those
where the same people provide two sets of scores. For example, in our data the
doctor might have asked patients to complete a mental health questionnaire
measuring their levels of anxiety before and after counselling; the idea being to
see if the counselling has any effect on the scores – hopefully reducing levels of
anxiety/depression.1

It should be apparent then, that our data comparing patient satisfaction
ratings for the two counsellors is not related. Rather, the satisfaction ratings
for each counsellor will come from two independent groups of people: those
patients who saw John and those who saw Jane.

6.2.2 Parametric or non-parametric test?

Having followed the arrow in Figure 6.1 to independent samples we now need to
decide whether to use a test for parametric or non-parametric data.

Parametric tests assume certain characteristics (parameters) of the population
from which the sample is drawn. In general, parametric tests should only be
used when the following conditions apply:

Figure 6.1 Choosing the appropriate statistical test for differences between two samples
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1 Level of measurement is interval or ratio (more than ordinal).
2 The scores approximate a normal distribution.
3 The variance (spread of scores) within both groups is relatively similar

(homogeneity of variance).

Non-parametric tests do not depend on these assumptions. Wherever possible
you should choose the parametric test because it is more powerful. This means
that it is more sensitive than the non-parametric test in discerning significant
differences in two scores.2

So, we know that our data is from independent samples, and we also know that
it is interval (satisfaction ratings), what we next need to find out is whether
or not the data is normally distributed. The simplest way to do this is by
producing histograms to see if the data looks like it approximates a normal
distribution.

Producing histograms to check for normal distributions

1 From the menu at the top of the screen click on Graphs then Chart
Builder.

2 Select Histogram from the Gallery and drag the first (Simple) Histogram
into the preview area.

3 Drag the variable satisfaction to the X-axis.
4 Click Groups/Point ID and put a tick in the Rows panel ID checkbox.
5 This will produce a Panel box to the right of the preview area. Drag the

variable counsellor into the Panel box.
6 Finally, to the right of your screen in the Element Properties section, place

a tick in the box next to Display normal curve and then click Apply.
7 Click OK.
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Screenshot 6.1

This should produce the two histograms below with lines showing that the
data is relatively normally distributed, with most of the scores in the middle,
tailing off at either end.
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Now, many researchers will be quite happy to visually examine the data from
histograms to see that the data approximates a normal distribution and leave it
at that. Remember, it just needs to approximate a normal distribution because
the test is robust to ‘moderate departures’. But, as Field (2005) points out, this
can be quite subjective and open to abuse (‘Well, it looked normal to me’). So,
for a more objective measure of whether a distribution is normal we may refer
to two further tests: Kolmogorov-Smirnov and Shapiro-Wilk. If the results of
these tests are statistically significant then this suggests that the distribution
deviates significantly from a normal distribution.

Producing a test of normality

1 From the menu at the top of the screen click on Analyze then Descriptives
then Explore.

2 Move satisfaction into the Dependent list and counsellor into the Factor
list.

3 Under Display ensure that there is only a tick next to Plots.
4 Click on the Plots tab to open the plots dialogue box.
5 Under Boxplots click None, and remove any ticks under Descriptive. Place

a tick in Normality plots with tests. Under Spread vs Level tick none.
6 Click Continue, then OK.

Figure 6.2 Histograms showing satisfaction ratings for each counsellor
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Screenshot 6.2

This will produce an output table of the tests of normality along with a
number of graphs. We will focus on the statistics in the table: since
neither of these tests includes any significant results (0.05 or less in the sig.
columns) this confirms our observations from the histograms, in other
words, that our data is sufficiently normally distributed.

So, having (thoroughly) checked that the data is normally distributed, we are
able to follow the arrow in Figure 6.1 to the (parametric) independent samples
t-test.

Running an independent samples t-test

1 From the menu at the top of the screen click Analyze then Compare Means
then Independent samples t-test.

2 Move satisfaction into Test Variable.
3 Move counsellor into Grouping Variable.
4 Click Define Groups (since your Grouping Variable is counsellor, you need

to specify a numerical value for each, in other words, 1 for John, 2 for Jane).
5 Enter the value 1 (for John) in Group 1 and value 2 (for Jane) in Group 2.

Table 6.1 Tests of normality
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Screenshot 6.3

6 Click Continue then click OK.

You should then be presented with the following (rather scary) output.

The group statistics table (Table 6.2) shows the number of students in each
category and the mean values, from which we can see that the mean score for
John was 4.86 compared to 3.50 for Jane.

Table 6.2 Group statistics

Table 6.3 Independent samples test
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The table also provides us with the standard deviation of the scores for each
group. This is the average deviation from the mean for each group of scores –
providing a measure of the spread of the scores. Notice that the standard
deviation of satisfaction ratings for Jane is slightly larger than those for John.
This is graphically displayed in the boxplots (below) where we can see that
the spread of scores is slightly greater in the ratings for Jane.

So we can see that the satisfaction ratings were higher for patients who went to
see John, but is this a statistically significant difference?

The independent samples test output table (Table 6.3), first provides Levene’s
test for equality of variances. Recall that ‘homogeneity of variance’ was one of
the assumptions required for using a parametric test – so this is checking that
the variance (spread of scores) within both groups of scores (ratings for John
and Jane) is relatively similar. Since the value for this test is not significant
(0.281 is larger than our significance level of 0.05), this means we have not
violated this assumption and we can proceed by examining the first line of this
table – equal variances assumed (violation would mean citing the slightly
more conservative bottom line of the table). The column headed Sig.
(2-tailed) tells us if the difference in the two means is statistically significant
(the difference in the two means (1.357) being provided in the next column).
Since this value is 0.015, and therefore a smaller value than our conventional
significance level of 0.05, we may conclude that there was a significant differ-
ence in scores from the two groups. We might write this up in a report thus:

An independent samples t-test was used to examine differences in satisfac-
tion ratings for each of the counsellors. The results showed that ratings for
John were higher (M = 4.86; SD = 1.23) than those for Jane (M = 3.5; SD =
1.59); t = 2.58, p = .015.

Figure 6.3 Boxplots comparing satisfaction ratings for John and Jane
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Box 6.2 One-tailed and two-tailed tests

In statistics we can select 1-tailed and 2-tailed significance levels. A ‘2-tailed’ significance
level relates to a non-directional hypothesis. So, in this particular example our hypoth-
esis (prediction) might have been: there will be a difference in satisfaction ratings for the
two counsellors. It is ‘2-tailed’ because we are not specifying whether the ratings for
Jane will be higher or those for John – just that there will be a difference (either way).
This is in contrast to a ‘1-tailed’ significance level where the direction of the outcome
has been specified, for example: satisfaction ratings for Jane will be higher than those for
John. In general the 2-tailed significance level is cited since you can rarely be certain
of the outcome, despite any predictions.

Confidence intervals

The final column provides the 95 per cent confidence interval of the difference.
The confidence intervals in this table provide a range of values, from 0.28 to
2.43. Essentially, this means that on 95 per cent of occasions, were our
sampling repeated, it would be expected that the differences would lie within
these parameters.

So, although the mean difference for our data was 1.36, the confidence inter-
vals suggest that, if we repeated this data collection 100 times, we would
expect to find a difference in satisfaction ratings for John and Jane between
0.28 and 2.43 on 95 per cent of occasions. Hence, we are 95 per cent confident
that the difference would lie between 0.28 and 2.43.

These parameters can be instructive. Notice that the lowest value is 0.28. This
means that we can only be confident that the difference in the ratings for the
two counsellors is at least 0.28, which is not much. We may conclude that our
relatively small sample has suggested a quite small significant difference, but a
larger sample of students would be needed to increase our confidence in the
actual size of the difference in scores.

6.3 Comparing the number of sessions for each counsellor

The next difference we decided to examine is the number of counselling ses-
sions conducted by each counsellor. Is one offering more sessions than the
other? Perhaps this could help to explain why one received higher satisfaction
ratings?

As with the previous analysis, we first need to decide on the appropriate stat-
istical test. Referring back to Figure 6.1 we know that we are dealing with two
independent samples of data, so our next task is to find out if we should use
a parametric or a non-parametric test. Repeat the procedure for producing
histograms to check for a normal distribution:

1 From the menu at the top of the screen click on Graphs then Chart
Builder.

2 Select Histogram from the Gallery and drag the first Histogram into the
preview area.
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3 Drag sessions to the X-axis.
4 Click Groups/Point ID and put a tick in the Rows panel Variable

checkbox.
5 Drag the variable counsellor into the Panel box.
6 In the Element Properties section to the right of your screen, place a tick in

the box next to Display normal curve.
7 Click Apply and then click OK.

This should produce the following histograms (I have altered the scale (and
increments) in Chart Editor to match the maximum number of sessions which
was 12):

Now, although the ‘normal curve’ in these two histograms suggests that the
data is normally distributed we can see that the actual data for John’s sessions
does appear to skew off towards the lower number of sessions. This illustrates
how graphs, such as these, can be deceptive. Hence, if we modify the X-axis
using Chart Editor to only include the actual range of sessions (1–12) we get a
slightly different picture.

Figure 6.4 Histograms showing number of sessions for each counsellor
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From Figure 6.5 we can see that whereas the histogram for Jane approximates
a normal distribution, the histogram for John’s sessions suggests that the
data is skewed towards the lower end. Thus we have a prime candidate for
confirmation using the tests of normality statistics described above:

1 From the menu at the top of the screen click on Analyze then Descriptives
then Explore.

2 Move sessions into the Dependent list and counsellor into the Factor list.
3 Under Display ensure that there is only a tick next to Plots.
4 Click on the Plots tab to open the plots dialogue box.
5 Under Boxplots click None, and remove any ticks under Descriptive. Place

a tick in Normality plots with tests. Under Spread vs Level tick none.
6 Click Continue, then OK.

And, indeed, when we do produce the Tests of Normality we find that the
Kolmogorov-Smirnov test is actually significant (0.014) suggesting that the
distribution is significantly deviating from a normal distribution.

This being the case, it might therefore be more appropriate to use
the test for non-parametric data which, as illustrated in Figure 6.1, is the
Mann-Whitney test.

Figure 6.5 Scaled histograms showing number of sessions for each counsellor

Table 6.4 Tests of normality
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Running the Mann-Whitney U test

1 From the menu at the top of the screen click Analyze then Nonparametric
Tests then 2 Independent Samples.

Screenshot 6.4

2 Move sessions into Test Variable.
3 Move counsellor into Grouping Variable.
4 Click Define Groups (since your Grouping Variable is counsellor, you need

to specify the codes for the two groups, as we did for the t-test).
5 Enter the value 1 (for John) in Group 1 and value 2 (for Jane) in Group 2.
6 Click Continue.
7 Click the Exact tab to open the Exact tests dialogue box and click on the

button next to Exact (the Exact test is more appropriate for smaller
samples). Click Continue.

Screenshot 6.5
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8 Ensure the Mann-Whitney U test is selected (it should be).
9 Click OK.

This should produce the following output:

The first table provides information about how the satisfaction ratings were
ranked. The procedure for calculating the Mann-Whitney U statistic involves
ranking all the scores from both groups in order of magnitude and then
calculating the mean rank for each of the two groups. So, for John we can see
that the mean ranking for his session is 20.61, but for Jane it is much lower at
11.03.

In the second table, the two values we are interested in are the Mann-Whitney
U (40.5) and the Exact Significance level (Exact sig. (2-tailed) ) which is
p = 0.002. Since the probability (p value) of this result occurring by chance
is lower than our conventional significance level of 0.05, we conclude that
there is a significant difference in the number of sessions conducted by the two
counsellors.

We would write-up the results of this analysis, first, by referring to the median
number of counselling sessions conducted by the two counsellors – because
the median, as we learned in Chapter 1, is more appropriate where the data is
not normally distributed.3 We would then proceed to cite the relevant statistics
from the Mann-Whitney U Test. For example:

When the number of sessions conducted by the two counsellors was
examined it was found that the median number of sessions conducted by
John was 8.5 compared to 6.0 for Jane. The Mann-Whitney Test found this
difference to be statistically significant: U = 40.5, p = .002.

Table 6.5 Mann-Whitney U test ranks

Table 6.6 Mann-Whitney U test statistics
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This result might then be related to the higher satisfaction ratings for John,
in other words, perhaps the higher satisfaction ratings related to the greater
number of sessions he conducted with his patients?

Box 6.3 Comparing two sets of scores from related samples

In our counselling data we have used the relevant tests to compare two sets of scores
from independent samples: the independent samples t-test for parametric data and the
Mann-Whitney test for non-parametric data. But imagine if the doctor had also pro-
vided us with data from all the patients recording levels of anxiety before counselling
and after counselling. For example, the doctor might have asked patients to rate their
levels of anxiety (on an interval scale from 1–100) before the first session of counselling
and then three months later. Since the data before and after counselling comes from the
same people, we would have two sets of scores from related samples.

If the data satisfies the conditions for a parametric test then you should conduct the
paired-samples t-test (as was indicated in Figure 6.1) by going to the menu at the top
of the screen and clicking Analyze / Compare Means / Paired-Samples T Test.
Then you need to highlight both variables and move them into the Paired Variables
box and click OK to run the test.

Screenshot 6.6

If the data does not satisfy the conditions for a parametric test then you should
conduct the Wilcoxon test by going to the menu at the top of the screen and clicking:
Analyze / Nonparametric Tests / 2 Related Samples. And then, as you have done
above, highlight both variables and move them into the Test Pair(s) List. Ensure
there is a tick next to Wilcoxon and click OK to run the test.

6.4 Summary

In this chapter you have learnt about:

• Independent and dependent variables.
• Hypothesis testing (experimental and null hypotheses) and the importance

of considering confounding variables.
• How to select the appropriate statistical test for comparing differences

between two sets of scores.
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• The difference between independent samples and related samples, and
between parametric and non-parametric data.

• How to produce histograms to check for normal distributions and
statistical ‘tests of normality’.

• How to produce an Independent samples t-test and interpret the results
(including confidence intervals).

• How to produce the Mann-Whitney U test for non-parametric data.

In the following exercises you will also learn:

• How to compute a new variable from existing variables.

6.5 Exercises

Exercise 6.1 Checking for other significant differences

In this chapter we have concentrated on the differences in satisfaction ratings
and number of sessions for the two counsellors. You may now wish to see if
there were any significant differences in:

(a) the age of patients seen by the two counsellors;
(b) satisfaction ratings from male and female patients;
(c) the number of sessions conducted for male and female patients;
(d) the age of the male and female patients.

Remember to check the distribution of the data in order to run the
appropriate analysis (i.e., parametric t-test or non-parametric Mann-Whitney
U test).

Exercise 6.2 Create a new variable to analyse same-sex satisfaction
ratings

In Chapter 4, cross-tabulation revealed that the majority of male patients
(71%) saw John, while the majority of female patients (75%) saw Jane. We
noted that this might be important information for the doctor, since this
might suggest it is necessary to ensure a male and a female counsellor are
available to cater for patient preferences, that is, preference for same-sex
patient and counsellor.

Now, the curious among you might go on to wonder if this has any bearing on
the counselling relationship, for example: were satisfaction ratings higher
for same-sex patient–counsellor sessions compared to different-sex patient–
counsellor sessions?

So how would you investigate this? Here is a clue: you will first need to create
a new variable (using Transform/Compute) which records whether the
patient saw a counsellor of the same sex or not. Then you can use this new
variable as an independent (grouping) variable to compare the mean satisfac-
tion ratings between the two groups.
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6.6 Notes

1 Less commonly, related samples might be people who have been matched
or paired on relevant criteria. And SPSS actually uses the term ‘paired
samples’ for t-tests, rather than ‘related samples’. Other terms for related
samples include ‘repeated measures’ and ‘dependent samples’.

2 While it is important to orientate towards these assumptions, studies
have shown that parametric tests are actually quite robust to ‘moderate
departures’ from these conditions (Howell 1997; Bryman and Cramer
2001).

3 You can obtain the median values by going to: Analyze then Compare
Means then Means. In the Means box put sessions in the Dependent List
and counsellor in the Independent List. Next, click on Options where
you will see a list of statistics available; select median and move it to the
Cell Statistics box, click Continue, then OK.
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