
Chapter 2
Analysing Research Data

Abstract Data analysis can be divided into two: descriptive and analytical. In
descriptive statistics, the main objective is to summarise the variables concerned,
usually individually. Analytical statistics the aim is to describe the relationship
between two variables or more.

Keywords Descriptive � Analytical � Hypothesis testing � Inferential statistics �
Causal � SPSS
Generally, the analysis consists of two parts, descriptive statistics and analytical
statistics.

2.1 Descriptive Statistics

The first thing to do before we analyse the data is to describe the variables. When
we are studying hypertension in one population, we should first describe the
population. We can describe the distribution of age, gender, race, education and
income level. We should include the spread, or the precision of the estimates, such
as the standard deviation, standard error or confidence interval.

The estimates used to describe a variable depend on the level of its measure-
ment (Fig. 2.1). For categorical measures, frequency or count with percentage
should suffice. When we describe distribution of gender, which is a nominal
measurement, we could describe the number of male and its percentage over total
number. Usually in a variable with two categories data like this, describing one
category is enough because the other will complement the value. We do not need to
describe frequency and percentage for female.

For numerical measures, it will depend on the distribution. If it is a normal
distribution, we could use mean and its dispersion values such as standard devi-
ation. When data are not normally distributed, we should not use mean and its
product becausemean is affected by extreme values. In such situation, median is a
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better alternative. We should not use standard deviation as it is derived from mean.
We could use minimum-maximum value, range or inter-quartile range.

To illustrate the points, in this chapter we will be using a hypothetical data (Data
2.1) of a study about hypertension among 150 adults.

2.1.1 Describe Numerical Data

For such study, normally the first thing to do is to describe the demographic
characteristics of the study samples. Let us start by analysing the age distribution.

SPSS Analysis: Describe numerical data

1. Click Analyze
2. Click Descriptive Statistics
3. Click Explore
4. Move age to Dependent List box
5. Click Plots
6. Check Histogram
7. Click Continue
8. Click OK

Fig. 2.1 How to describe a variable?

A study among 150 adults to measure the prevalence of 
high blood pressure and to describe any factors that may be 
associated with it. The variables include age (in years), gen-
der, average income per month (RM), smoking status, body 
mass index (BMI) (kg/m2), fasting blood glucose (mmol/L) 
and fasting total cholesterol (mmol/L).

Data 2.1 High blood pressure
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SPSS Output
The results here show that the mean (SD) is 37.6 (7.6) years, and median (IQR) is
37.5 (10) years, ranging from 18 to 56 years old. Skewness and kurtosis are −0.254
and −0.198, respectively.

Screen 2.1 How to describe numerical variable using Explore

Output 2.1 Descriptive
statistics of Age
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Looking at the histogram above, we might not be able to appreciate its
distribution. What we can do is to fit a distribution curve on it.

SPSS Analysis: Fitting normal curve

1. At the output window, double click on the graph to open up Chart Editor
2. Check Show Distribution Curve
3. Close the Properties window (You can skip this step)
4. Close Chart editor

SPSS Output
The distribution curve (Output 2.3) is a symmetrical bell-shaped, hence further
strengthen our assumption that age is normally distributed. Therefore, the age
should be described using mean and standard deviation.

If you run Explore for glucose, you will realise that glucose is not normally
distributed (Output 2.4). The mean is 5.568 mmol/L, the median is 5.218 mmol/L
and the histogram with distribution curve (Output 2.5) obviously shows that glu-
cose is skewed to the left (positive skewness, 1.62) and the kurtosis is 3.4.
Therefore, to describe glucose, we should use its median and IQR rather than mean
and SD.

Output 2.2 Histogram for
Age
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Screen 2.2 How to add Normal curve

Output 2.3 Histogram of
Age with Normal curve
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2.1.2 Describe Categorical Data

For categorical data, we use Frequency. Based on Gender table, female constitutes
55.3 % (n = 83) of the study population. As mentioned previously, we do not have
to describe the male information because, when we know percentage of female,
automatically we know the percentage of male.

Output 2.4 Descriptive
statistics for Glucose

Output 2.5 Positively
skewed distribution of
Glucose
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SPSS Analysis: Frequency

1. Click Analyse
2. Click Descriptive Statistics
3. Move gender to Variable(s)
4. Click OK

SPSS Output
We can continue to describe other variables and the suggested presentation of this
exercise is presented in Table 2.1.

Screen 2.3 Describe Gender using Frequencies

Output 2.6 Descriptive
statistics for Gender
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2.2 Analytical Statistics

When we do research, we normally collect data from samples and not the entire
population. To infer the statistics back to the population, we use analytical statistics
which is also known as inferential statistics. Estimates of the samples are called
statistics and those of the population are called parameters. Inferential statistics will
measure how close the statistics represent the population. Inferential statistics also
means testing theories, or testing hypotheses. If we measure the difference of two
estimates derived from a population, we do not need any measure to ascertain the
precision of the difference because whatever we observed is the actual value. But
when we compare statistics from samples of the population, the comparison has to
be tested for truth.

If we are interested to study blood glucose of all our 100 patients attending our
clinic and we managed to sample the whole 100, whatever measurements, such as
mean and standard deviation that we calculated, are true and represent the popu-
lation. However, if we are interested to infer the finding beyond those 100 patients,
for example, referring to the diabetic patients in the whole state rather than just the
clinic, then the definition of population is no longer limited to those 100 patients.
The 100 patients are just a fraction of the entire population of diabetic patients of
the state. While the mean and standard deviation may represent the population, we
require some form of statistical tests to confirm its validity and precision.

Most of the time in research, this is our aim, inferring the results beyond our
samples (Fig. 2.2).

Imagine that we have 35 marble balls (population) with 15 of them are red and
the rest are blue in colour (Fig. 2.3). This gives the percentage of red marbles
42.8 % (15/35). If we are to sample only six marbles randomly the percentage of
red marbles selected may not be exactly 42.8 % but around that value. For
example, if in the first sampling we get three reds (out of six marbles selected), the
percentage is 50 %. If we put back all the marbles and resample again six marbles,
we may get two red marbles (33.3 %); and if we resample the third time, we may
get four reds (66.7 %). The average of those percentages is 50 %, and even though
it is not exactly 42.8 % (the parameter), it is still quite close. The estimates will

Table 2.1 Baseline
characteristics

Mean SD

Age 37.6 7.6

Male 67.0 44.7a

Income 1082.3 287.3

Smoking 38.0 25.3a

BMI 26.2 1.7

Glucose 5.6 1.5b

Cholesterol 4.8 1.4
aN (%)
bMedian (Inter-quartile range)
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become more precise if more sampling done. The variation of averages is known
as standard error and it is the indication of sampling error. The more the sampling
done, the smaller is the sampling error will be, and hence the more precise it
represents the population.

2.2.1 Concept in Causal Inference

The ultimate inference we would normally like to make is causation. ‘A’ is causing
‘B’, such as smoking is causing lung cancer. However, as mentioned in Chap. 1,

Fig. 2.2 Sampling

Fig. 2.3 How statistics estimates parameter
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there are usually many causes to one effect. Not everyone who smoke will get lung
cancer and not every lung cancer patient is a smoker.

Association is a spectrum, ranging from detectable difference between two
variables at one end to causation of one variable to another at the other end. If we
do a study to measure the prevalence of high blood pressure among men in a village
and we detected higher prevalence of high blood pressure among smoker, we could
say that there is a different in the prevalence of high blood pressure among smoker
and non-smoker. However, we do not have enough evidence to say that smoking
causes high blood pressure in men in that village. We do not have information that
the men who have high blood pressure started smoking before they got high blood
pressure. So one-time observation is not enough to determine causality.
Furthermore, the difference is detected only true for that instance and might not
valid for observation at different times or different populations.

Let us study the association of X and Y as depicted in Fig. 2.4. There is a
difference between observations A and B which is at x1 and x2, respectively. B is y2
− y1 higher than A. At this point, we are focusing at the ‘difference’ and it is not
enough to observe anything beyond that. However, when we have information
about C at x3, we could now say that not only C is higher than B by y3 − y2 but we
can also observe a ‘trend’. The higher the value of X, the higher the value of Y. If
we have another x after x3, we can even predict its y value.

So the association between two variables can be from the difference of their
observations, to the prediction of one variable upon another variable. Eventually,

Fig. 2.4 Understanding association
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when the association is being very persistent we could observe causation. Professor
Hill outlined eight guidelines to justify causation (Hill 1965):

1. Strength of the association
2. Consistency of the observed association
3. Specificity of the association
4. Temporal relationship of the association
5. The presence of biological gradient or dose-response relationship
6. Coherence with known facts
7. Possible to appeal to experimental evidence

2.2.2 Hypothesis Testing

We hypothesise that changes in samples are also happening in the population. But
whatever we observed among samples might not occur similarly in the population.
Therefore, we need to determine whether the difference or association we observed
among samples is also true in the population. We need to test the hypothesis. Let us
use the same example about smoking and hypertension. The hypothesis could be
that the prevalence of hypertension among smokers is higher than among the
non-smokers. If the prevalence of hypertension among smokers is 45 % and
non-smokers 40 %, we must decide whether the 5 % difference is true for the
population or just occurred coincidently in the sample that we studied. If it is indeed
by chance, the value will not be consistent when we repeat it using different sets of
samples from the same population.

Hypothesis testing follows the following steps:

1. State the hypothesis
2. Set a criterion to decide
3. Choosing suitable statistical test
4. Make a decision

2.2.3 State the Hypothesis

We need to state both null hypothesis (Ho) and alternative hypothesis (Ha). Null
hypothesis is a hypothesis of negation. It will always be a statement to deny the
difference. We may state that there is no difference of prevalence between smokers
and non-smokers. The alternative hypothesis could be that there is indeed a dif-
ference and we do not bother which prevalence is higher (two-tail), or we could also
make a more specific alternative hypothesis (one-tail) by saying either prevalence of
hypertension among smoker is higher or prevalence among non-smoker is higher.
For one-tail hypothesis, we require more evidence to reject its Ho.
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If the P1 is the prevalence of hypertension among smokers and P2 as the
prevalence of hypertension among non-smokers, Ho is the null hypothesis and Ha as
the alternative hypothesis:

Ho : P1 ¼ P2

Ha : P1 � P2 6¼ 0; or P1 [ P2; or P2 [ P1

Our task now is to reject the null hypothesis. Rejecting null hypothesis is easier
to be done rather than to accept the alternative (logic of falsification). Rejecting the
null hypothesis will bring us closer to accept the alternative hypothesis. For
example, it is difficult to prove that all swans are white. How many white swans
we need to collect to prove that they are all white? But by stating that not all swans
are white, we only need to show one black swan (or any colour, other than white)
to reject that statement.

2.2.4 Set a Criterion to Decide

The criterion normally used in statistics is the level of significance for the test. The
significance value normally used is P value or the probability to make Type 1 error,
i.e. rejecting Ho when it is true (Fig. 2.5).

So we want smallest P value possible. This is also known as alpha value. When
we decide to reject or not to reject Ho, the P value is usually set below 0.05 (or 5 %).1

This value means that the probability to make Type 1 error is less than 5 %. If the
probability to make error is less than 5 % than we will reject Ho. We have less error,
so we have more evidence to reject the Ho. If P > 0.05, we cannot reject the Ho.

We use reject or not reject, instead of reject and accept the Ho. This is very
philosophical. In court when someone is charged with any misconduct, the
‘hypothesis’ is, “he is not guilty (until proven otherwise)”. If the evidence is suf-
ficient (beyond reasonable doubt), the judge (or jury in some countries) will issue a
guilty verdict which is actually rejecting the hypothesis of not guilty. However, if

Fig. 2.5 Hypothesis testing

1This value is suggested by Fisher (Fisher 1925) as a convenient cut-off point to judge whether a
deviation is significant or not. It is just a suggestion but been taken as standard criterion by the
mass.
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the evidence is insufficient, the hypothesis stays. The persecutor’s job is to prove
that he is guilty, if they failed, then the presumption of not guilty prevails. The
judge can declare not guilty but not innocence.

2.2.5 Choosing Suitable Statistical Test

Next is to choose suitable statistical test to test the hypothesis. The choice of test
depends on:

1. Objective of the test
2. Level of measurements for dependent and independent variable
3. Number of dependent and independent variable
4. Distribution of the numerical measures whether Normal or not

Table 2.2 How to choose statistical test

Dependant (outcome)
variable

Independent variable Test

One sample
Numerical normal N/A One-sample t-test

Numerical not normal N/A Wilcoxon signed-rank test

Categorical N/A χ2-goodness of fit

Unpaired variables
Categorical Categorical χ2 test or Fisher’s exact test

Categorical 2 categories Numerical normal Independent sample t-test

Categorical 2 categories Numerical not normal Mann–Whitney U or log rank test

Categorical > 2 categories Numerical normal Logistic regression*

Categorical > 2 categories Numerical not normal Logistic regression*

Numerical normal Categorical > 2
categories

One-way ANOVA

Numerical normal Numerical normal Pearson Correlation Coefficient
test

Numerical normal Numerical not normal Spearman Correlation Coefficient
test

Numerical not normal Categorical Kruskall–Wallis test

Numerical not normal Numerical normal Spearman Correlation Coefficient
test

Numerical not normal Numerical not normal Spearman Correlation Coefficient
test

Paired variables
Categorical Categorical McNemar test

Numerical normal Numerical normal Paired t-test

Numerical not normal Numerical not normal Wilcoxon signed-rank test

*If you wish just to test for significance difference, maybe you could categorise the variable and
use χ2 test instead
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There are already many tables, guidelines, graphics and algorithms on how to
choose correct statistical test. This book provides just a simple guideline in
Table 2.2. Readers are encourage to read further.

2.2.6 Making a Decision

The test will provide us with P value. We then need to compare the P value with the
cut-off point that we chose before we analyse the data. If we use P value < 0.05 as
the cut-off point, when the test P < 0.05 we will reject the Ho and the conclusion
should be that whatever difference we observed is significant.

In the subsequent chapters, step-by-step description on most of the bivariable
analyses will be showed; and from Sect. 2.6 onwards, description and guide on
multivariable analyses will follow.

2.3 Comparing Means

2.3.1 Compare One Mean

Using Data 2.1 above, if we wish to compare the mean BMI that was observed with
values previously measured (24.37 kg/m2) (Azmi et al. 2009) we could use
one-sample t-test.

SPSS Analysis: One-Sample T-test

1. Click Analyse
2. Click Compare Means
3. Click One-Sample T Test
4. Move ‘bmi’ to Test variable(s) box
5. Enter 24.37 (which was obtained from other study) into Test Value box
6. Click OK

SPSS Output
The analysis showed that BMI observed in this study (25.81 kg/m2) is significantly
higher (P < 0.001)2 compared to the mean BMI from Azmi MY et al.
2009 (24.37 kg/m2) (Azmi et al. 2009)

2Never write P = 0.000 because it is meaningless. It has a value but too small for SPSS to display
it. The correct way to describe it is by stating the P-value as P < 0.001.
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2.3.2 Compare Two Means

Using Data 2.1, if we like to compare means of plasma glucose (in mmol/L)
between male and female, we could use Independent sample t-test.

SPSS Analysis: Independent sample T-test

1. Click Analyse
2. Click Compare Means
3. Click Independent Samples T-Test
4. Move Glucose to Test Variable(s) box
5. Move gender to Grouping Variable box

Screen 2.4 Testing one mean to a known value using One-sample t-test

Output 2.7 Comparing one mean to a known value
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6. Click Define Groups
7. Type 0 for Group 1 and 1 for Group 2 (because the code for gender is

0 = Female, 1 = Male)
8. Click Continue
9. Finally, click OK

SPSS Output
The first table (Group Statistics) describes the summary of means between male and
female. It shows that the mean of glucose for female is just slightly higher than for
male (5.6 vs. 5.5 mmol). Since Levene’s Test for Equality of Variances shows
P = 0.065,3 we can assume that variances are equal. Therefore, observe the

Screen 2.5 How to compare two means using Independent sample t-test

Output 2.8 Comparing two means

3The Ho for Levene’s Test is that there is no difference of variances between the groups. If
P > 0.05, we could not reject the Ho, and therefore the variances can be assumed as equal.
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statistical values in the first row where the P value for the t-test is 0.508. This means
that there is no significant difference in means of blood glucose between male and
female.

2.3.3 Compare More Than Two Means

When we have more than two means to compare, we should use Analysis of
Variance (ANOVA). We should not do multiple t-tests because that will increase
the possibility of making Type-1 error. In Data 2.1, we can compare means of blood
glucose (in mmol/L) between three different BMI statuses. If we use recommended
BMI action level for Asian (WHO 2003), we could classify BMI into three cate-
gories: Normal (below 23 kg/m2), Overweight (23 until below 27.5 kg/m2) and
Obese (27.5 kg/m2 and above). We use Visual binning in SPSS to transform a
numerical data into categorical.

SPSS Transform: Visual Binning

1. Click Transform
2. Click Visual Binning
3. Move BMI to Variables to Bin
4. Click Continue
5. Type a name for the new variable (e.g. bmistat)
6. Type a label (e.g. BMI Status)
7. For Row 1, enter 23 in the Value, then Normal as the Label; 27.5 and

Overweight for Row 2 and leave HIGH in Row 3, type Obese for the Label.
8. Check Exclude in the Upper Endpoints
9. Click OK

10. Confirm to create a new variable by clicking OK when prompted.

We will get a new variable (Screen 2.7) located at the end of the list. We will
now able to compare the means of glucose.

SPSS Analysis: One-way ANOVA

1. Click Analyze
2. Click Compare Means
3. Click One-Way ANOVA
4. Move Glucose to Dependence List
5. Move BMI Status to Factor
6. Click Options. Check Descriptive and Homogeneity of variance test. Then click

Continue.
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Screen 2.6 Categorising numerical variable using Visual Binning
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7. Click Post Hoc. Based on the result of Homogeneity of variance test later,
choose appropriate Post Hoc test.4 Click Continue.

8. Click OK

SPSS Output
The means of glucose for Normal and Overweight were about the same: 5.3 (1.4)
mmol/L and 5.4 (1.3) mmol/L, respectively; and Obese subjects have mean of 6.3
(1.3) mmol/L. The difference was significant (F(df = 2, 147) = 6.960, P = 0.01).
This indicates that there would be at least one significant difference from three
possible comparisons (Normal–Overweight, Normal–Obese and Overweight–
Obese). Since Levene’s statistics indicated that the equal variances can be assumed
(P > 0.05), therefore, we could use any of the post hoc test listed under Equal
Variances Assumed to determine which comparison is different significantly. In the
example above, we used Scheffe’s test. The test revealed that the actual different
was between Normal–Obese and Overweight–Obese (P = 0.030 and P = 0.002,
respectively).

Screen 2.7 A new variable is created after Visual Binning done

4When comparing more than two means, ANOVA will turn significant when there is at least two
means that differ significantly but since it is an omnibus test, it would not be able to tell which of
the means are different. Post hoc test would be able to help us on this. However, there is no one
best post hoc test. So any test is acceptable.
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Screen 2.8 Compare means using One-way ANOVA
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Output 2.9 Descriptive statistics and ANOVA analysis

Output 2.10 Post hoc test result
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2.3.4 Compare Paired Means

Independent sample t-test and one-way ANOVA are tests to be used when we
compare independent5 means. When the means are dependent, or paired, those tests
are no longer appropriate. In Data 2.2, 150 subjects underwent a 6-month weight
reduction programme. Their body weight after the programme is very much
affected by the weight before the start of intervention.

To compare the weight before and after the programme, we should use paired
t-test.6

SPSS Analysis: Paired T-test

1. Click Analyze
2. Click Compare Means
3. Click Paired-Samples T Test
4. Move Body weight before to Variable 1 Pair 1 and Body weight after to

Variable 2 Pair 1
5. Click OK

SPSS Output
The mean body weight reduced from 53.8 to 51.6 kg. The difference of 2.2 (0.5) kg
was significant (P < 0.001)

This data consist of 150 subjects whom blood pressure were tested 
before and after 6 months weight management programme. Their 
weight (in kg) and blood pressure status before and after the inter-
vention were recorded.

Data 2.2 Weight management programme

5Independent relationship here means that the measurement of one variable is not predetermined
by another one, for example, body weight and sex. However, if we are comparing body weight of
the same group of people before and after certain health and lifestyle intervention, their body
weight after intervention should be affected by their prior weight. Their post-intervention weight is
dependent on the weight before the intervention.
6Here, we are comparing two dependent measurements. If we wish to measure more than two
measurements, we should use Repeated Measure ANOVA (Sect. 2.7).
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2.4 Comparing Proportions

2.4.1 Compare Independent Proportions

If we wish to test difference of proportions, we could use chi-square test.7 Using the
Data 2.1, we could test differences of proportion of high blood pressure between
different BMI status.

Screen 2.9 Comparing paired means using paired t-test

Output 2.11 Result from paired t-test

7The symbol for chi-square is χ2; not X2.
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Screen 2.10 Comparing proportions using chi-square test

58 2 Analysing Research Data



SPSS Analysis: Chi-square test

1. Click Analyze
2. Click Descriptive Statistics
3. Click Crosstabs
4. Move BMI Status to Rows(s)
5. Move Blood pressure to Column(s)8

6. Click Statistics. Check Chi-square. Then click Continue
7. Click Cells. Check Row. Then click Continue
8. Click OK

Output 2.12 Result of chi-square test

8It does not really matter which variable to put in Row or Column, but it would be recommended
to put dependant variable in the Column. Then it would make sense to Request Row Percent in
Step 7. We will then compare High Blood Pressure between Normal, Overweight and Obese
category.
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Screen 2.11 Comparing paired proportions using McNemar test

Output 2.13 Result for McNemar test
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SPSS Output
It was pretty obvious that the proportion of Obese group who had high blood
pressure was higher (76.5 %) compared to both Normal and Overweight groups.
The difference was significant (χ2 (df = 2) = 10.654, P = 0.005).9

2.4.2 Compare Paired Proportions

Chi-square is chosen when the proportions compared are independent. However,
when the proportions are dependent on each other, for instance in Data 2.2, when
blood pressures were compared before and after a 6-month weight management
programme, we should use McNemar as the proper test.

SPSS Analysis: McNemar Test

1. Click Analyze
2. Click Descriptive Statistics
3. Click Crosstabs
4. Move Blood pressure before into the Rows(s) box
5. Move Blood pressure after into the Column(s) box
6. Click Statistics
7. Check McNemar
8. Click Continue
9. Click OK

SPSS Output
From 78 subjects with high blood pressure initially, 29 (37 %) showed lower blood
pressure status after the programme (P < 0.001).

2.5 Comparing Ranks

When testing differences of numerical measures between groups, we could compare
the means but if the distribution is not normal, using mean is bias. When we are not
able to use mean to describe the data, we also should not compare means for
skewed measurements. As mentioned previously, we should use median to describe

9Pearson chi-square is not suitable if there are more than 20 % of cells with expected count less
than 5. For the above example, it is a 3x2 cells comparison (three groups for BMI status and two
groups for hypertension status). If two out of its six cells have small sample size, it is already 33 %.
For such instance, exact test is a better alternative.

2.4 Comparing Proportions 61



skewed data, but to test whether the difference is significant or not, we should
compare the ranks10. We will be using Data 2.3 to illustrate this method.

When we check the distribution of the waiting time (Fig. 2.6), it is pretty obvious
that the data are skewed to the right with mean 25.3 min and median 23 min,
ranging from 10 to 84 min.

2.5.1 Compare Two Independent Nonparametric Samples

Mann–Whitney U test is usually used as an alternative to t-test for not normally
distributed data. This is suitable when we wish to compare waiting times (which is
not normally distributed) between Medical and Surgical clinics.

This is a study on waiting times (in minutes) among 80 patients 
who attended outpatient clinics divided into Medical and Surgical 
units in three different settings (primary care, specialist and terti-
ary).

Data 2.3 Waiting time

Fig. 2.6 Distribution of
waiting time (minutes)

10The data are sorted according to groups from smallest value to the highest. Then the values at the
middle of each group are compared. For example, if we compare data such as 10, 20, 20, 30, 40
versus 10, 20, 30, 30, 50, we are actually comparing 20 and 30.
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SPSS Analysis: Mann–Whitney U test

1. Click Analyze
2. Click Nonparametric Tests
3. Click Independent Samples
4. Under Fields tab, move Waiting time into Test Fields box
5. Move Type of clinic to Groups box
6. Click Setting tab
7. Check Customize tests

Screen 2.12 Comparing ranks of two independent samples using Mann–Whitney U test
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8. Check Mann-Whitney U (2 samples)
9. Click Run

SPSS Output
The analysis shows that the difference is significant (P = 0.030). However, the test
did not produce any descriptive table. We can describe using median but please
remember that Mann–Whitney U is not a test comparing medians. Therefore, the
conclusion is not the difference of median.

The median waiting time for patients attending surgical clinic was higher
(46 min) compared to those attending medical clinic (34 min) but its distribution
between groups11 was not statistically different.

2.5.2 Compare More Than Two Independent
Nonparametric Samples

When we want to compare waiting time between primary care, specialist and
tertiary centre, we use Kruskal–Wallis which is the one-way ANOVA equivalent
for nonparametric samples.

The steps are similar like for Mann–Whitney U test but instead of choosing
Mann–Whitney U we choose Kruskal–Wallis test.

Output 2.14 Result of Mann–Whitney U test

Output 2.15 Descriptive statistics using median

11Using distribution between groups rather than median between groups because Mann–
Whitney U test does not test difference of medians.
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Screen 2.13 Comparing ranks using Kruskal–Wallis test

Output 2.16 Result of Kruskal–Wallis test
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SPSS Analysis: Kruskal–Wallis

1. Click Analyze
2. Click Nonparametric Tests
3. Click Independent Samples
4. Under Fields tab, move Waiting time into Test Fields box
5. Move Type of clinic to Groups box
6. Click Setting tab
7. Check Customize tests
8. Check Kruskal-Wallis 1-way ANOVA (k samples) and choose All pairwise
9. Click Run

SPSS Output
The result shows significant difference of waiting time between primary care,
specialist and tertiary centre (P = 0.009).

2.6 Covariance, Correlation and Regression

Covariance of two variables means that the variation in one variable is affecting or
affected by the other variable. Positive covariance means that higher value of change
in one variable is related with higher value of change in another variable. Negative
covariance means that higher value of change in one variable is related with lower
value of change in another variable. However, this relationship is affected by the unit
of the variables. Changes recorded in millimetre are not the same as those measured
in centimetre. If the scale of measurements is not similar, the changes observed will
be different. To measure the change properly, it has to be standardised.

Correlation is the standardised covariance ranging with value from −1 to 1.
Correlation measures linear relationship between two numerical variables, i.e. how
changes in one variable affect the changes in the other variable (Fig. 2.7).

2.6.1 Correlation Coefficient Test

Using Data 2.4, we would like to test correlation between HbA1c (in %) and
systolic blood pressure (mmHg). Theoretically, lower HbA1c indicates good dia-
betic control. So we would expect positive correlation between HbA1c and
SBP. The higher the HbA1c (means poor control), the higher the blood pressure.

Output 2.17 Descriptive statistics for waiting time by groups using median
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SPSS Analysis: Correlation coefficient test

1. Click Analyze
2. Click Correlate
3. Click Bivariate
4. Move both hba1c and sbp into Variables box
5. Pearson (correlation test) already checked by default. You can check Spearman

if one or both of the variables are not Normal
6. Click OK

Fig. 2.7 Correlation. a Strong positive correlation, b strong negative correlation, c no linear
correlation

A study on diabetic control (HbA1c in %) of sixty patients and its 
relationship with systolic blood pressure (SBP) (mmHg).

Data 2.4 Diabetic control and hypertension
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SPSS Output
There is a significant moderate12 positive correlation between HbA1c and SBP
(r = 0.431, P = 0.001).

2.6.2 Simple and Multiple Linear Regression

Regression means the process of fitting all observed data into a line. It takes the
relationship of two variables to the next level. Instead of just looking at changes

Screen 2.14 How to run correlation coefficient test

Output 2.18 Result of
correlation coefficient test

12Usually, the cut-off point for interpretation is as follows: Weak 0.1–0.3, Moderate 0.4–0.7 and
Strong ≥ 0.8 regardless of direction (positive or negative).
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between two variables, it will also describe the direction of change. If we are
looking at the relationship between variable A and B, A causing B is not the same
as B causing A. One would be the dependent variable and the other one as inde-
pendent variable. If A is causing B, then A is the independent variable and B is the
dependent variable. B depends on A to happen.

In linear regression, a straight line is drawn to represent all the observations
(Fig. 2.8). It is summarised as equation y ¼ b0 þ bxþ e, where y is the dependent
variable, x is the independent variable and ε is the residuals (errors) of the
regression. βo is the constant or the intercept, i.e. y value when x = 0; and β is the
coefficient of x. Pay particular attention to the residuals (errors). Residuals are the
difference between predicted y (using the equation) and observed y at given
x. If the model is good, the total difference should be low, meaning that the model
predicts observed values very well.

If there is only one independent variable, we call the model as simple linear
regression. When we have two or more independent variables, we call it multiple
linear regression. For multiple linear regression with two independents, the equation
is y ¼ boþ b1x1 þ b2x2 þ e, where x1 and x2 are the two different variables.

There are few important assumptions to be adhered to when using linear
regression which include linearity between dependant variable and the predictors
(independent variables), independence of observations, homogeneity of variance,
absence of multicollinearity and normality of errors (Table 2.3).

Fig. 2.8 Linear regression

A study to determine the relationship of physical activity measured 
in total weekly energy expenditure from leisure-time physical  
activities for each individual in metabolic equivalents-hours
(MET-Hr) for 58 diabetic patients. Diabetic control was measured
using HbA1c (%). Confounders include age, sex and BMI (kg/m2).

Data 2.5 Diabetic control and physical activity
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Table 2.3 Linear regression assumptions

Assumptions Diagnostics check

1. Linearity between dependent and
independent variables—the most serious
assumption that must be met (Fig. 2.9a)

Use scatter plot to check that a straight line
is observed between dependent and
variables or no obvious patterned
observed when plotting observed versus
predicted; or diagonal line if residuals and
predicted are plotted

2 Independence of errors—no
autocorrelation (serial correlation). The
next observation should not depend on the
previous observation. Most common in the
presence of time as a variable (Fig. 2.9b)

Use scatter plot to observe the
autocorrelation pattern (Fig. 2.9b).
However, if samples are collected
randomly, there should be less likely to
have independence bias. In SPSS, we
could use Durbin–Watson test to verify
this. Acceptable range should be within
1.5 and 2.5

3 Homogeneity of variance—the variance
should be constant (Fig. 2.9c)

Use scatter plot between standardised
residual (y-axis) and standardised
predicted (x-axis). The points should be
scattered randomly and equally around 0

4 Absence of multicollinearity, i.e.
correlation between predictors

Check Tolerance/VIF. If no
multicollinearity present, the value should
be Tolerance > 0.1 or VIF < 10

5 Normal distribution Check distribution of the residuals. It
should be normal distribution.

6 No outliers or influential point We can use Casewise Diagnostics and
decide the cut-off point for the outliers

Cook’s distance able to measure the
influential points. The maximum value
should be < 4/n, where n is the sample size

Influential observation can also be
identified using Leverage Point. Any value

bigger than 2ðKþ 1Þ
n , where K is the number

of predictors and n is the sample size, is
considered as an influential data

We will use Data 2.5 to analyse the association between diabetic control and
physical activity using simple linear regression. It is simple because we only
consider one predictor in the model (i.e. physical activity). First and foremost, we
should check the presence of linearity between HbA1c and MET-Hr. To do that, we
will draw a scatter plot.

SPSS Analysis: Scatter Plot

1. Click Graph
2. Click Chart Builder
3. Click Scatter/Dot from the Gallery tab
4. Drag HbA1c to y-axis, MET-Hr to x-axis
5. Click OK
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SPSS Output
The scatter plot shows evidence of linear association between MET-Hr and HbA1c.
Once we have proved that there is indeed a linear association, we can proceed with
linear regression.

SPSS Analysis: Simple Linear Regression

1. Click Analyse
2. Click Regression
3. Click Linear
4. Move HbA1c to Dependant box

Fig. 2.9 Regression assumptions
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5. Move MET-Hr to Independent(s) box
6. Click Statistics
7. Estimates and Model Fit already checked by default. Click Casewise diag-

nostics to check for outliers. 3 SD was the default. This means anything outside
±3SD will be considered as outlier. You may check Durbin-Watson if you
believe there is autocorrelation in your data. You can check Collinearity

Screen 2.15 How to create scatter plot

Output 2.19 Scatter plot
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diagnostics if you have more than one predictors in the model, else it is of no
use.

8. Click Continue
9. Click Plots

Screen 2.16 How to run Simple Linear Regression
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10. Move *SRRESID (studentized Residuals) into Y and *ZPRED (standardised
Predicted) into X. Also check Histogram (to check Normality)

11. Click Continue
12. Click OK

SPSS Output
Model Summary shows that MET-Hr explained 61.5 % variation in HbA1c.
ANOVA table indicates that the model is good because sum of squares for
regression (20.239) is more than the residuals (F(1,56) = 89.601, P < 0.001).

Coefficients table is the main table for linear regression. This table shows that
HbA1c = 7.425 – 0.044 (MET-Hr), meaning that if we have metabolic hours
information, we can predict our HbA1c. MET-Hr is significantly associated with
HbA1c. Negative coefficient value indicates that the association is negative. The
higher the physical activity, the lower the HbA1c, i.e. better diabetic control.

Casewise Diagnostics suggests that Case Number 3 (row 3 of our dataset) is an
outlier. It is good that we investigate this case and decide whether we keep or throw
away the data.

Output 2.20 Results of linear regression showing the quality of the model
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The residuals statistics tell us about the residuals. The mean (SD) for predicted
values (HbA1c) is 5.686 (0.5959)%, while HbA1c that we observed is 5.686
(0.7596)%. In a good model, there should be very few residual and our residual
here is around 0 ranging from −1.62 to 0.74. The maximum Cook’s distance is
0.251, and therefore there is no serious influential point even though previously
there was a value (case number 3) that we suspect as an outlier. So we can keep that
value in the model.

Output 2.21 Result of linear regression showing the contribution of MET-Hr to the model

Output 2.22 Statistics about the residual
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The histogram (Output 2.23) indicates that the residuals are indeed skewed a bit
to the left and there is no obvious pattern for residuals and predicted values (Output
2.24). Therefore, we can accept that this regression model is normally distributed.

Output 2.24 Scatter plot of the residual and predicted value

Output 2.23 Histogram of
the residuals
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Using this simple linear regression, physical activity has negative association
with diabetic control. If we wish to test whether this conclusion still valid after we
take age and BMI into account, we have to do multiple linear regression with age,
BMI and MET-Hr as the independent variables. We cannot include sex in linear
regression model because sex is a categorical variable. In SPSS we need to use
General Linear Model to run such regression.

2.7 General Linear Model

General Linear Model (GLM) is basically a group of statistics that are taking
linearity between two sets of measurements as the founding principle. Linearity has
been explained in Sect. 2.6 above. In SPSS, to run simple and multiple linear
regression, all variables involved must be numerical. GLM could analyse rela-
tionship between numerical dependant and categorical independent, or mixed
numerical and categorical independent variables. However, the dependant variable
should always be numerical, either for single, multiple or repeated measurements
(Table 2.4).13

Table 2.4 Choosing GLM statistics

Dependant variable Independent variable Type of statistics

Single numerical Single categorical One-way ANOVA

Single numerical Multiple categorical ANOVA

Multiple numerical Single or multiple numerical MANOVA

Single numerical Mixed categorical and numerical ANCOVA

Multiple numerical Mixed categorical and numerical MANCOVA

Repeated numerical More than two options categorical
variable with or without numerical
variable (covariate)

Repeated measures ANOVA

ANOVA Analysis of Variance
MANOVA Multiple Analysis of Variance
ANCOVA Analysis of Covariance
MANCOVA Multiple Analysis of Covariance

13Basically, if there are two independent categorical variables, it will be two-way ANOVA, but we
do not need to state the number for every analysis. ANOVA should suffice.
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2.7.1 ANOVA and ANCOVA

In this section, we will learn how to run ANOVA, specifically two-way ANOVA.
One-way ANOVA had been mentioned in Sect. 2.3. Two-way ANOVA means there
are two independent variables (or also called as factor). The dependant variable must
be in numerical measurement. We can have more than one independent variable but
we should not put too many variables into the multivariate model14 .

Important requirements for ANOVA are as follows:

1. Dependent variable is a numerical measure
2. Distribution of the dependant variable is Normal
3. Variances are homogenous
4. Independent variables are categorical15

For this analysis, we will be using Data 2.6, a study on relationship between
blood pressure, diet and physical activity.

SPSS Analysis: Univariate GLM

1. Click Analyze
2. Click General Linear Model
3. Click Univariate
4. Move SBP to Dependant Variable box
5. Move Physical activity and Calories intake to Fixed Factors box
6. Click Model
7. Click Custom
8. Change Type to Main effects (assuming no Interaction between independent

variables)
9. Move phys and calorie to Model box

10. Click Continue

A study to determine factors that affecting systolic blood pressure 
(SBP) among 75 adults. Factor being studied are age (in years), 
daily calories (0=Within recommended dietary allowance (RDA); 
1=Above RDA) and physical activity level (0=Low, 1=Moderate 
and 2=High).

Data 2.6 Factor affecting systolic blood pressure

14There are few guidelines about how many independent variables are allowed in one multivariate
model. The most common one is 30 samples for each independent factor (VanVoorhis and
Morgan 2007). For example, if you have 100 samples, the recommended number of independent
variables is 3.
15If there is numerical independent variable, it should be called ANCOVA, i.e. Analysis of
Co-variance.
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11. Click Options
12. Check Descriptive statistics, Estimates of effect size, Observed power,

Parameter estimates and Homogeneity tests
13. Click Continue
14. Click OK

Screen 2.17 How to run linear regression using GLM in SPSS
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SPSS Output
The first table shows the number of cases for each factor (categorical variables) and
Descriptive Statistics describes mean and standard deviation of SBP by level of
Physical activity and by Calorie intake. It is important to note the code used for both
Calorie intake and Physical activity. Levene’s Test for the equal variance shows
that the assumption holds well (P > 0.05).

Table for Tests of Between-Subjects Effects shows that both calorie intake (diet)
and physical activity significantly influence systolic blood pressure (P < 0.05). The
size of the effect can be seen in the Parameter Estimates16 table. Taking below the
recommended dietary allowance resulted in lower SBP suggested by β of −16.002,
while low physical activity increases SBP over 18 mmHg and moderate physical
activity increases more than 6 mmHg compared to high physical activity.

Output 2.25 Some initial
statistics from the result of
GLM analysis

16In this table, the reference category is the last category.
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ANOVA in GLM provides Partial Eta Squared (ηp
2) for the effect size and

observed power. However, the use of ηp
2 had been discussed elsewhere and must be

used with caution (Levine and Hullett 2002; Pierce 2004).
Analysis of covariance (ANCOVA) is quite similar to ANOVA; the different is

ANCOVA involves at least a covariate, a numerical variable as one of the inde-
pendent variables. Using the same Data 2.6 as above, by adding Age as the
covariate, we can now use GLM for ANCOVA.

Output 2.26 Tables showing contribution of variables in the model

Screen 2.18 ANCOVA in GLM by including numerical variable as covariate
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SPSS Analysis: Univariate GLM (ANCOVA)

1. Move SBP into Dependent Variable box
2. Move Calorie intake and Physical activity (categorical variables) into Fixed

Factors box
3. Move Age into Covariate(s) box
4. Click Model tab
5. Check custom (again assuming to interaction)
6. Choose Main effects as Built Term Type
7. Move all variables into Model box
8. Click Continue
9. Click OK (after you have checked necessary statistics in Options Tab)

Output 2.27 Contribution of variables in the model

Output 2.28 Detail estimates of each variable
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SPSS Output
The first two tables from the analysis are the same like ANOVA. Levene’s test
again shows that the assumption for equal variances still valid (P > 0.05).
ANCOVA shows that Age is not associated with SBP (P = 0.058) when controlled
for Calorie intake and Physical activity. Calorie intake and physical activity are still
significantly associated with SBP (P = 0.02 and P = 0.05, respectively).

2.7.2 MANOVA and MANCOVA

The letter ‘M’ means multiple dependent variables. Just like ANOVA and
ANCOVA, the difference between Multivariate ANOVA (MANOVA) or
Multivariate ANCOVA (MANCOVA) is the presence of numerical variables as
independent variables.

To illustrate MANOVA, we will use Data 2.7, a study on the use of biomaterial
for bone loss in fracture.

The outcomes of interest are total hospital cost (in $) and length of stay (LOS,
measured in days). The main factor under study is type of bone graft used (either
patient’s own bone, Autograft, or a bone substitute, labelled as Biomaterial). The
main confounder to Cost and LOS is the fracture’s site because different bones
require different times to unite. Age was recorded as another possible confounder
because young patient heals faster. Our aim is to show the efficacy of bone sub-
stitutes compared to autograft.

Bone lost during fracture is common. The gold standard to manage 
bone lost is using autologous bone graft harvested usually from il-
iac crest to fill in the gap. Recently there are already many new 
biomaterial that can substitute or can be used in conjunction with 
patient’s own bone graft. Some studies showed that the combina-
tion of biomaterial with platelet can increase efficacy. A trial was 
conducted among 80 patients who sustained fracture of long bones 
(humerus, tibia or femur) to compare the effectiveness of this bio-
material and biomaterial plus platelet versus autograft. The out-
come measured was the total hospital cost ($) and the length of 
stay (days). Age of patients was recorded as a possible confounder 
apart from the site of fracture mentioned above.

Data 2.7 Biomaterial versus autograft in fractured long bone
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Screen 2.19 How to run Multivariate GLM

Screen 2.20 How to run Multivariate GLM
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Output 2.29 Descriptive output from Multivariate GLM

2.7 General Linear Model 85



SPSS Analysis: Multivariate GLM

1. Click Analyse
2. Click General Linear Model
3. Click Multivariate
4. Move Cost and Length of stay into Dependant Variables box
5. Move Site of fracture and Graft type into Fixed Factor(s) box
6. Click Model
7. Check Custom
8. Change Build Term type to Main effects (assuming no interaction)
9. Move both variables into Model box

10. Click Continue (go back to Multivariate box)
11. Click Contrasts17

12. Click on graft (to assign reference point)
13. Choose Simple as contrast method and check First (assigning Autograft as the

reference category)
14. Click Continue (go back to Multivariate box)
15. Click Options
16. Check Descriptive statistics, Estimates of effect size, Observed power,

Parameter estimates and Homogeneity tests
17. Click Continue (go back to Multivariate box)
18. Click OK

Output 2.30 Diagnostic test results

17This is an important step to understand the result based on our objective to describe the rela-
tionship between type of material used and both dependent variables.
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Output 2.31 Multivariate tests table

Output 2.32 Between subject test and parameter estimates
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SPSS Output
The first table shows the value label and the count for each category option. Second
table shows descriptive statistics for both outcomes. Overall, Autograft cost the
highest ($1320) and Biomaterial only is the cheapest ($1024). Those treated with
autograft discharged earliest (8.3 days) than those treated with biomaterial alone or
biomaterial with platelet (9.3 and 9.2 days, respectively).

Both Box’s test and Levene’s test homogeneity. Box’s M test equals of variance
multivariate, whilst Levene’s test equals variance for each dependent variables.
Box’s M test shows that the variance cannot be assumed as equal multivariate but
since Box’s M test is known to be very sensitive to deviation from normal distri-
bution, its result carry little effect to the analysis. In this analysis, Levene’s test
shows that variance for both Cost and LOS are equal (P > 0.05).

The Multivariate Tests table (Output 2.31) shows the effect of each independent
variable (and their interaction if included in the model) towards overall dependent
variables. This table shows that type of graft and fracture site have statistically
significant relationship with both outcomes. However, this table does not provide
information that we really want, i.e. which graft is the best.

Test of Between-Subjects Effects and Parameter Estimates provide detailed
effect of each independent variable to different outcomes. In Parameter Estimates,
we cannot change the reference point. By default, the last category will become the
reference point. For example, graft = 2 or Biomaterial Only is the reference point.
So Autograft and Biomaterial with Platelet will be compared to Biomaterial Only.

Output 2.33 Custom contrast result
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Since our aim is to compare grafts with autograft, it would be better if we set
autograft as the reference point. For that matter, we should use Contrast.

The next, and in fact the most useful table, is the Contrast Results (the result for
Step #11–13). In this table, Level 2 (Biomaterial with Platelet) is compared to Level
1 (Autograft). The analysis shows that the cost was significantly lowered by $177
but length of stay in the hospital significantly increased to 0.9 day. Biomaterial only
further lowers the cost up to $308 and increased hospital stay to 0.8 day.

The analysis shows that using the grafts we may be able to cut the cost but
patient will heal slower.

Site of fracture is not discussed here because this is a known fact that site of
fracture is indeed affecting healing process and hence affecting length of stay, and
therefore the cost too.

MANCOVA is done if we include age as the covariate. The discussion of
outcomes is the same.

2.7.3 Repeated Measures ANOVA

Repeated measures basically means observing same variable repeatedly. We might
be interested to repeat blood glucose test of same diabetic patients who come to our
clinic every month to measure how effective our treatment is, or we might be
interested to monitor fitness level of some similar athletes taking special exercise
and diet programme over regular intervals. Since we are measuring blood glucose
of the same patients over times or fitness level of the same athletes over times,

Patient
Low

Sugar Diet

Fasting Blood Sugar (mmol/L)

Day 1 Day 2 Day 3 Day 4
A No 13.2 12.1 11.3 9.7

B No 13.4 11.3 10.2 9.2

C No 12.9 10.3 9.8 8.6

D No 11.9 10.6 9.7 8.9

E No 10.6 9.6 8.3 6.1

F Yes 12.3 11.1 8.3 6.4

G Yes 12.1 10.5 7.6 6.5

H Yes 13.4 9.8 7.2 5.9

I Yes 12.6 9.6 7.4 5.5

J Yes 12.9 9.5 8.1 6.2

Data 2.8 Blood sugar control
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the measurements are related. Their second measurement is affected both by our
treatment and by the previous value.

How could we summarise repeated measures? We can compare the means dif-
ferences over time, compare the maximum (or minimum) values, compare area
under the curve or compare the rate of change. In this book, we will be using
ANOVA to describe and to test the differences over different groups. In one-way
ANOVA where there is only one numerical dependent variable and one categorical
independent variable, we test between-groups variances. In one-way repeated
measures ANOVA with multiple (i.e. more than two) related dependent variables,
we need to test within-groups variances as well.

Let us take the example as displayed in Data 2.8. This is a study to measure the
effect of low sugar diet in managing diabetic patients. All patients have comparable
sex and age, received same medication and had their fasting blood sugar measured
daily for 4 days. The patients are divided in two groups: those receive low sugar
diet and those do not.

Assumptions used in SPSS for repeated measures ANOVA are as follows:

1. All dependent variables have multivariate normal distribution
2. The covariance matrix of dependent variables is constant across all independent

variables (when P > 0.10 in Box’s Test)
3. Covariance matrix of the dependent variables is spherical (sphericity assump-

tion) (Mauchly’s Test of Sphericity P > 0.05 confirm the assumption)

Screen 2.21 How to run Repeated Measures ANOVA
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SPSS Analysis: Repeated Measures ANOVA

1. Click Analyze
2. Click General Linear Model
3. Click Repeated Measures
4. Type glucose (or any label you prefer) in Within-Subject Factor Name box.

Type 4 into Number of Levels box (because we have 4 repeated measurements
of blood glucose). Click Add.

5. Click Define
6. Move all 4 days (day1, day2, day3 and day4) into Within-Subjects Variables

box. Careful with the order. Move Low carbo diet into Between-Subject Factor
(s) box

7. Click Plots
8. Move glucose into Horizontal Axis and diet into Separate Lines box
9. Click Add

Screen 2.22 How to run Repeated Measures ANOVA
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10. Click Continue
11. Click Options
12. Check Descriptive statistics, Estimates of effect sizes, Observed power,

Parameter estimates and Homogeneity tests
13. Click Continue
14. Click OK

SPSS Output
The first three tables describe dependent variable, independent variable and the
overall description. We can observe that the average blood glucose decreased from
12.5 to 7.3 mmol/L (total for each day). Those taking low carbohydrate diet had
better blood glucose reduction (12.7–6.1 mmol/L) compared to those not taking the
special diet (12.4–8.5 mmol/L).

There are many more tables in the output, but the next important output to look
at first is the Profile Plot.

Output 2.34 Some
descriptive statistics from
Repeated Measures ANOVA
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Output 2.35 The profile plot

Output 2.36 Output from Repeated Measures ANOVA
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The profile plot above shows the overall within and between changes of the
blood glucose.18 This profile plot illustrates the descriptive table above even better.
We could see that overall, the blood glucose decreased over times for both patients
with or without special diet but it is more obvious among those with low carbo-
hydrate diet (green line). So are the changes we observed significant statistically?

SPSS repeated measures ANOVA also provides multivariate test. However,
multivariate test is rarely used unless there is a severe violation of Sphericity Test.
Before we could interpret multivariate test, we need to check the assumption for
equality of variances for dependent variables across the factor (Box’s Test).

Box’s test determines whether there was constant variance of serially measured
blood glucoses across different types of diet (multivariate). Since the P > 0.10, the
assumption is met. The subsequent multivariate tests become valid. SPSS offers four
different tests and Pillai’s Trace is considered a robust and recommended test (Olson
1974). The statistics shows that there is a significant effect of glucose over times.

The subsequent tables are more relevant for repeated measures.
As mentioned above, we would like to determine both within-subjects and

between-subjects effects. First, we check Mauchly’s Test for sphericity. In the table
above, P = 0.445 and therefore the assumption is met. We could then observe the
first row for each model. Within-subjects effect for glucose over four different times
has at least one significant difference (F(3, 24) = 221.854, P < 0.001, ηp

2 = 0.965).

Output 2.37 Output from Repeated Measures ANOVA

18Ifwe havemore than one independent variable (or factor) andwewould like to compare the changes
over different plots, make sure that the x-axis scale is comparable. This can be done in Chart editor.
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The glucose*diet shows the interaction of glucose and diet over times. If the
interaction is significant, it means that the rate of changes for glucose over time
between those taking low carbohydrate diet and those not taking the special diet is
different. In this analysis, different diets provide different within-subject effects for
glucose as well (F(3, 24) = 17.302, P < 0.001, ηp

2 = 0.684). The effect of diet can be
further confirmed looking at between-subjects effect table.

The ANOVA table shows that the effect of diet on glucose over times is sig-
nificant (F(1,8) = 5.987,P = 0.040, ηp

2 = 0.428). So if our main question when we
analyse these data is whether different diets provide different glucose reductions
over times, the answer is yes.

In summary, in SPSS, we would want to summarise three important values:
(1) univariate within-subject effect of the dependent variables over time; (2) uni-
variate within-subject effect interaction between dependent variable and factor over
times and (3) between-subject effect. If all three F tests are significant, we can
conclude that there is at least one significant within-subject effect and at least one
significant between-subjects effect.

2.8 Logistic Regression

Logistic regression is used when the dependent variable is categorical. The indepen-
dent variable can be numerical or categorical. In binary logistic regression which is
the most popular version of logistic regression, the dependent variable is dichotomous,
e.g. dead or alive, disease or health, etc. This book will cover only binomial logistic
regression. To illustrate binary logistic regression, we will use Data 2.9.

Output 2.38 Output from Repeated Measures ANOVA

A cross sectional study was done in one primary school involving 
109 students aged 7-12 years old. All students undergone poly-
somnography (sleep study) to detect the presence of obstructive 
sleep apnoea (OSA) coded 0=No, 1=Yes. Other variables include 
age (in years), gender (0=Female, 1=Male) and BMI status (cate-
gorised into 0=Normal, 1=Overweight and 2=Obese based on BMI 
for age).

Data 2.9 Obstructive sleep apnoea
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The aim of the study is determine the relationship of age, gender and BMI with
OSA.

SPSS Analysis: Binary logistic regression

1. Click Analyse
2. Click Regression
3. Click Binary
4. Move Obstructive sleep apnoea (osa) to Dependent box19

5. Move all independent variables into Covariates box.20 Leave the Method as
Enter.

6. Click Categorical button
7. Move only categorical variables, i.e. Gender and BMI into Categorical

Covariates box
8. Change the contrast for both variables to First. Leave the Contrast type as

Indicator, keeping the default (First) as the reference point, and click Change
9. Click Continue

10. Click Option button

Screen 2.23 How to run Logistic Regression

19Make sure that the response code is created with the last option for the factor of interest. In this
example, 0 is the response code for No OSA and 1 for Yes OSA. Between 0 and 1, 1 is the last
value. If you use 1 and 2, 2 is the last value. So make sure that the last value is the response of your
interest. We are interested to measure relationship for OSA, not for those not having OSA. Hence,
Yes OSA should be the response of interest.
20Even though both Gender and BMI are not numerical values, they are moved into this box but
later we will specify which ones are categorical.
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Screen 2.24 How to run Logistic Regression
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11. Check Hosmer-Lemeshow goodness-of-fit (to show how good the model is)
and CI for exp(B) (to obtain 95 %CI)

12. Click Continue
13. Click OK

SPSS Output
It is extremely important to observe the Dependent Variable Encoding table. It will
indicate what our event of interest is. In this study, the model shall predict Yes
(value label of 1) for the dependent variable, which is Yes to OSA.

The next table describes value label for independent variables. For BMI, there
are three options with normal as the reference point (Parameter coding .000 and
.000). BMI (1) is Overweight and BMI (2) is Obese. For gender, Female is the
reference point.

Nagelkerke R Square is like R2 for linear regression. It measures the percentage
of change in the dependent variable that is explained by the model. In this case,
BMI and gender explain 26.8 % changes in OSA. However, the value is not as

Output 2.39 Output from
Logistic Regression
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impressive as when we use R2 in linear regression. So do not take it seriously. More
important is Hosmer and Lemeshow’s (H-L) test. The test checks whether the
model fits. Ho for H-L test is that there is no difference between predicted and
observed values. Since the P = 0.843, we could not reject the Ho; therefore, the

Output 2.40 Output from Logistic Regression

Output 2.41 Output from Logistic Regression
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observed and predicted values using this logistic regression model are the same,
which is what we want. The difference between predicted values from the model
versus the observed values (from our data collection) are further described in the
next two tables.

Classification table shows that the degree percentage of agreement between
predicted and observed values is 73.4 %.

Once the model’s fit has been determined, we can describe the main table for
logistic regression which is Variables in the Equation table. This table shows that
gender and BMI are significant factors associated with OSA (P = 0.005 and
P = 0.040, respectively). Age is not associated with OSA (P = 0.133). The result can
be summarised as given Table 2.5.

2.9 How to Analyse, in Summary

1. Make sure we have a very clear general objective and more importantly detail
specific objectives

2. For every specific objective, identify the variable involved and their level of
measurement

3. Decide what we want. Whether we want to describe certain variables, or we may
want to test the association. However, always remember that cross-sectional
study does not able to prove any causation because of the lack of temporal
association.

Output 2.42 Output from Logistic Regression

Table 2.5 Example of logistic regression table

B SE Wald df P OR 95 %CI

Age 0.217 0.145 2.262 1 0.133 1.24 0.94 1.65

Male1 1.263 0.447 7.973 1 0.005 3.53 1.47 8.49

BMI
Overweight2

Obese2

1.275
1.319

0.548
0.603

6.419
5.418
4.778

2
1
1

0.040
0.020
0.029

3.58
3.74

1.22
1.15

10.47
12.19

1Compared to Female, 2compared to Normal BMI
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4. The statistics we use depends on what we want and the level of measurements of
the variables involved. Statistics of a single variable is always a descriptive
statistics. If the data are numerical and normally distributed, we can use means
and its standard deviation (standard error). If the distribution is not normal, we
should use median (and relevant measures of dispersion). If the variable is
categorical, we use proportion (percentage).

5. If we wish to study the association, we have basically two options: bivariable or
multivariable analyses. When we are interested to study between just two
variables, we choose the test based on level measurements, number of category
(for categorical variable) and their distribution.

6. If we plan to study the relationship between three or more variables, we need
suitable statistical tests such as linear regression, general linear model and
logistic regression in SPSS. However, please take note that, just by running
these tests does not mean that we are doing multivariate analysis because we can
use them even for bivariable analyses. That is why we have simple linear
regression or simple logistic regression. Simple denotes only one independent
variable involved.

7. For any test chosen, it is important to take note the assumptions required.
8. Statistical tests are tools. Use them wisely and only choose the one that is

relevant to achieve your objective.
9. One final note, always look beyond the numbers (given by the analysis). There

many times clinical significance outweighs statistical significance.

2.9 How to Analyse, in Summary 101
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