
5 Cross-sectional and Longitudinal
Studies

Summary

This chapter describes the design of cross-sectional studies in which observations at a
single time point are made on all subjects. These include designs for single groups and
case-series, comparative studies for independent groups and paired two-group designs.
Emphasis is placed on the manner in which subjects, particularly healthy controls, are
selected for study. We also describe studies that are longitudinal in nature, typically
involving repeated measurements of the same variables on the same individuals at
differing times. A cross-sectional design having an endpoint that requires monitoring
progress over time is also longitudinal in nature. Before-and-after and interrupted time
series designs are also discussed. Methods of estimating the appropriate numbers of
subjects to be recruited for each design are indicated.

5.1 INTRODUCTION

Cross-sectional designs occur in all areas of medical research, from preclinical, to
clinical to epidemiological studies, although surveys, which are one type of such design,
are most common in epidemiological studies. Essentially, a cross-sectional design
describes a single group or compares two or more groups of subjects with respect to a
particular characteristic or characteristics at one point in time. The groups themselves
may be formed through an intervention on the investigators’ part in an experimental
type of situation or may occur naturally, for example, a comparison between male and
females with respect to body weight, or between those who are sick and those who are
not in terms of alkaline phosphatase levels. These latter comparisons are more
observational than experimental. In observational studies the investigator has less
‘control’ over the design. Consequently they often raise more problems in interpretation
than do experimental designs.

It is difficult to generalise but if there is a choice of which groups to compare then
there is a good case to make these as distinctly different as possible. For example, in
comparing patients with diabetes mellitus with healthy (non-diseased) subjects, if the
choice of the diabetic patients was confined to (say) only those with a very mild form of
the disease then little difference between these and the controls might be anticipated. So
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a large study would be required in order to distinguish between them. On the other
hand, if these were very advanced cases, differences from controls may then be
demonstrated even in a small study.

When designing a clinical study, there are certain (statistical) assumptions that one
has to make and values that one has to set. Two of the latter are the test size and power
of the study which are often set as a¼0.05 and 17b= 0.8 or 0.9. Although these values
were arbitrarily chosen in the first place, because of their continual and widespread use
they have now become something of a standard. Thus, if an investigator wishes to
depart from these standards, it is usual to explain why. Similarly in some situations,
designs have become something of a standard (although in themselves not necessarily
optimal) against which future designs are compared. Once again, if alternative designs
are then chosen (and there may be good reason for this) then these should be justified.

5.2 CROSS-SECTIONAL STUDIES

SINGLE GROUP

In the simplest type of cross-sectional study we look at one group and investigate the
presence or absence of a particular characteristic in individuals, or record a measure
from them. Since the study is describing only one group, this implies that b1¼0 in
model (1.1). Thus we are left with estimating b0 which may represent, for example, a
population mean, m, or a prevalence, p, depending on the context of the investigation.

Single-case-studies

By their very nature, cases that present and are worthy of a single-case-study tend to be
rare, and arise unexpectedly and so such ‘studies’ cannot be planned. Thus, although a
single-case-study avoids a formal design, there are several points that should be
considered. For example, in describing a case it would often be useful to outline
carefully not only the specific patient details (this is usually done as it is the primary
objective of such a study) but also the number of cases seen without the features of the
‘unusual’ case. Thus if an atypical toxic reaction to a standard therapy is being
reported, it would be useful to say how many cases with similar characteristics and
diagnosis had been treated with no adverse effect of this type in (say) the year preceding
the date when the index case was identified. Information should also be sought on
similar (if any) cases identified in the literature.

Example – single case study – Stenotrophomonas maltophilia endocarditis

Crum, Utz and Wallace (2002) describe the case of a 56-year-old female with
sickle cell disease who had been receiving red blood transfusion via a catheter.
Her endocarditis was ascribed to a positive culture for Stenotrophomonas
maltophilia in the catheter.

To contextualise this rare occurrence the authors completed a Medline
search for the period 1964 to 1999 and identified reports of 24 other cases of
Stenotrophomonas endocarditis.

CROSS-SECTIONAL STUDIES 79



Case-series

For a case-series design a justification of the sample size is required and this may be
based on the desirable width of the confidence interval (CI) for the endpoint of concern.
The final report should stipulate the period over which the series begins and ends.

If the design is retrospective in nature, perhaps then implying a case-notes search,
care should be taken to ensure the requisite information is truly available on all (or at
least the vast majority of) cases. This may be tested by a preliminary review of case-
notes for some selected patients. It is particularly important to define the eligibility
criteria clearly and unambiguously before the case-note search commences. In the event
of some ambiguous cases arising, their number should be documented and reported.

Example – case series – cutaneous anthrax

Öncül, Özsoy, Gul et al. (2002) review the clinical and laboratory findings from
32 cases of cutaneous anthrax reported over a 4-year period from 1998 to 2001
in the eastern part of Turkey. They reported that swelling, redness and black
eschar formation were seen in all cases and that pruritis, fatigue, fever and
headache were the most common systemic manifestations.

No justification for the study size is given or equivalently why the study was
confined to the 4-year period chosen.

Convenience Sample

One might anticipate that the subject pool for a cross-sectional study of patients with
(say) schizophrenia is rather small. In such circumstances the study might have to
‘make-do’ with those patients who are available or what is termed a ‘convenience’
sample. The study may comprise, for example, all the current patients of the particular
clinical investigator. In order for such samples to have validity we have to be convinced
that no biases are likely to have occurred in the method of patient selection.

Example – convenience sample – latency of the auditory P300 in schizophrenia

The study of Weir, Fiaschi and Machin (1998), discussed in Section 2.3, is a
typical cross-sectional study in which groups of individuals were examined for
the latency of auditory P300.

In this case we need to know whether the patients with schizophrenia in this
study are ‘typical’ of all patients with the condition? If they are, then the results
of Weir, Fiaschi and Machin (1998) may be generalised to ‘all’ such patients
and the study provides an unbiased estimate of the relevant population
parameters. If they are not, then the study merely describes those included in
the study.
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One way of checking on this, at least partially, is to compare the demographics, for
example age and gender, of the convenience sample with the same details from a
relevant comparator population. If the sample subjects are similar to the comparator
subjects in these respects then we may be less likely to be worried about bias. In essence
a case-series is one example of a convenience sample.

Simple Random Sample

Suppose the study of Weir, Fiaschi and Machin (1998) were to be repeated, but now in
30 left-handed patients. If left-handed patients are rare, then the investigators will have
to study a convenience sample. On the other hand, if left-handed patients are freely
available, then the investigator should choose the 30 at random from the larger
population of patients by a method such as we described in Chapter 4. In this
circumstance, the estimate of b0 obtained on completion of the study is an unbiased
estimate of the mean auditory P300 for all left-handed patients with schizophrenia.

One of the astonishing facts of statistical methods is that one can make valid
inferences about populations (here patients with schizophrenia who are left-handed)
without having to examine every member of the population; all that is needed is a well-
chosen sample. This contrasts with the convenience sample for which we do not know if
the estimate is or is not biased. Thus we can rely more readily on the results established
from a random sample. Thus convenience samples should be avoided if possible. When
they are unavoidable in one group the members of any other (comparator) group are
best selected using a random mechanism. However, even if the subjects cannot be
selected at random, it may be possible to select the order in which they are examined at
random or, if there are several assessors involved, to randomise the choice of assessor to
the patient.

Complete Sample

In some circumstances the sample may consist of all the members of a specifically
defined population. For practical reasons, this is only likely to be the case if the
population of interest is not too large. Clearly complete sampling of a large population
will be very expensive and time-consuming.

Example – complete sample – reinfection with Lyme borreliosis

Bennet and Berglund (2002) studied all patients diagnosed with erythema
migrans (EM) following vector-borne infection by Lyme borreliosis (LB) some
10 years earlier. They contacted all these patients and asked if they had had
any new tick bites over the period May 1993 to May 1998. From the 976
infected and eligible for the study, 708 participants replied and from these a
reinfection rate of 4% was computed.

In this case, since the study purpose was to investigate the long-term consequences of an
infection, the choice of the population was very specifically confined to those who had
been diagnosed with EM. Despite seeking a complete sample, only a proportion (but
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not a random sample) of this population provided the information requested. There is
therefore a real possibility of bias in the estimate of the reinfection rate so obtained.
However, the sample comprised a large proportion (73%) of the total and the authors
checked that there were no major differences in terms of age and gender between those
who participated and those who did not.

In contrast, if all members of the population can be assessed, there is no bias as the
‘estimate’ is the value of the population parameter itself. In this idealised situation we know
all about the population as we have examined all its members. This will rarely be the case.

Study Size

The details for determining sample size, based on the desired width of the CI, in a
single-group cross-sectional study are given in Chapter 3. Thus equation (3.4) gives the
sample size necessary when estimating a mean and equation (3.6) for estimating a
proportion or prevalence. It is worth emphasising that sample-size calculations do not
provide ‘exact’ answers to the study size required as they are based on anticipated values
of the parameters concerned. As we have indicated in Chapter 3, their objective is to
provide a ‘ball-park’ figure for what the study size might be, whether 10s, 100s or 1000s.
Thus investigators will usually examine a whole range of options to investigate the
feasibility of the design they propose.

TWO-GROUP COMPARATIVE STUDY

In many situations, the description of the single group of a cross-sectional study may
contain within-group comparisons. For example, in patients with schizophrenia,
differences in mean latency of the auditory P300 between males and females may be
examined. However, these comparisons are secondary to the main objective which is to
describe the group as a whole. In a truly comparative study, two or more groups of
subjects are identified and the examination of differences between them is the primary
objective of the study. Thus Weir, Fiaschi and Machin (1998) wished to compare
patients with schizophrenia with those having major depressive illness. This comparison
provides the major research question and any secondary variable, such as the gender of
the patients, may then be used as a covariate to see if taking this into account modifies
the observed differences between groups with respect to the measures taken.

Healthy Controls and Volunteers

One important type of comparative cross-sectional study is one in which patients with a
particular disease are compared with those who do not have the specific disease. In such
a study, a sample of the disease population is required and also one from those not so
diseased. In many circumstances, the comparator group are ‘healthy’ controls.
However, there are particular issues with ‘healthy controls’ that need to be addressed.
Many studies include healthy controls that are described as ‘volunteers’ and this is
especially true of ‘laboratory-type’ studies. Now in defining the ‘disease’ group of
subjects in these studies attention is rightly placed on describing them in careful detail.
Unfortunately, it is not routine to describe the ‘volunteers’ with the same rigour,
although differences between these and the index group are what the study is designed
to elicit.
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In fact it is well known that ‘volunteers’ may not be representative of the ‘healthy’ or
‘normal’ population as a whole. Rather they are chosen as laboratory or clinical staff
(perhaps the investigators themselves) and so are highly selected and possibly
unrepresentative for the purpose intended. What is more they may be involved in
successive studies emanating from the same research group and so any inherent bias
may be repeated continually.

Example – healthy volunteers – septic shock

Spronk, Ince, Gardien et al. (2002) when using orthogonal polarisation
spectral imaging to visualise microcirculation merely state: ‘The index was
validated by testing the normal flow in ten healthy volunteers’. No details of
these volunteers are given and the authors provide no justification of the
sample size of 10.

Although it is relatively easy to be critical with respect to the choice of volunteers, the
practice of finding such volunteers may be far from straightforward. However, their
choice is critical for interpretation. We suggest that investigators should try to form a
‘bank’ of volunteers (healthy controls) and for a particular experiment or enquiry, draw
(at random) from that bank as and when required in an appropriate way – taking care
to avoid multiple use of the same individuals over a series of experiments.

The strongest evidence provided by a two-group comparison occurs when the
members of each group are selected at random from the population of subjects with the
relevant eligibility characteristics.

Independent Groups

The term independent implies here that the groups one is comparing comprise distinct
subjects, that is, the members of one group are not members of the other. Further,
neither are individual subjects of one group linked to a particular individual of another
group under investigation. When considering the design of such studies, one has to
decide on the definition of the groups of interest and on the possible endpoints of
concern. From the latter, those of major importance to the research question posed
have to be selected.

Example – comparing independent groups – diabetic nephropathy

Matteuci and Giampietro (2000) compared transmembrane electron transfer in
30 patients with diabetic nephropathy with the same features measured in 30
healthy volunteers. Some of their results are summarised in Table 5.1.

This study is typical of many in which two groups are compared with respect to
several endpoint measures. We give details of three endpoints as summarised by the
authors, and a variety of measures summarising the demographic and clinical condition
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of the groups involved. Here the main purpose of the study is to compare the groups for
GDH, SG and ferrocyanide levels but implicitly recognising that these levels (although
they may differ between groups) will also differ within groups, depending to a greater or
lesser extent on their gender, age, body mass index (BMI) or blood pressure (BP)
values. The question then arises as to how much of the difference observed, for example
the 43 mmol/l in SG of Table 5.1, between those with nephropathy and controls is due to
the different characteristics of the subjects within the two groups. Many investigators
check the demographics given in the upper panel of Table 5.1, see that there is little to
choose between the means of the two groups with respect to these variables, and are
then reassured that the comparisons of the lower panel are valid. In fact there are more
effective ways of doing this using regression models to adjust any differences estimated
by these covariates, such as age and gender here.

Consideration has to be given as to whether there are patient characteristics that are
known to affect the values (apart from the major determinant of the groups or the
intervention itself) of these chosen endpoints in an important way. If there are any
(hopefully not too many) then recording these is an important part of the experimental
design. It is wasteful of resources, and deflects from the purpose in hand to record other
measures that are inessential. The temptation to measure everything ‘that just might be
of interest’ is obvious but is best resisted.

Further, having multiple endpoints (as opposed to multiple covariates) poses several
difficulties for the investigator when determining the study size, as standardised
differences used for planning are not likely to be the same for each endpoint. We see
from Table 5.1 that the eventual standardised effect sizes are (in absolute value) 0.40,
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Table 5.1 Metabolic characteristics of patients with diabetic nephropathy and controls of
healthy volunteers (part data from Matteuci and Giampietro, 2000. Transmembrane electron

transfer in diabetic nephropathy. Diabetes Care, 23, 994–999. [5])

Characteristic

Type I
diabetes

(D)
Controls

(C)

Observed
difference
d¼ (C7D)

Observed
standardised
effect size, D

Reported
p-value
(exact)

n 30 30

Gender (% male) 57 47
Age mean 34 36
(years) SD 10 10
BMI mean 24 24
(kg/m2) SD 2 3
BP mean 92 90
(mmHg) SD 13 11

GDH mean 0.76 0.88 0.12 0.78 50.01
(mg/ml RBC) SD 0.12 0.18 (0.0012)
SG groups mean 401 444 43 0.67 50.05
(mmol/l) SD 72 56 (0.0049)
Ferrocyanide mean 15 13 72 70.40 —
(mmol ml71 h71) SD 5 5 (0.061)



0.67 and 0.78. For two of these the small p-values perhaps imply that a smaller study
would have been sufficient to distinguish the groups as each p-value is less than a¼0.05.
In contrast to this, the difference in mean ferrocyanide was not statistically significant,
exact p-value¼0.061. Were this the major endpoint, and a difference of
2 mmolml71 h71 is regarded as a clinically important difference, then the study was
too small to establish this difference with 95% confidence. So for one outcome the
study was too large and for another it was too small. In designing any study it is clear
that compromises have to be made at the planning stage. Identifying the key (and few)
outcome variables helps to focus on the right compromise.

Study Size

For independent groups equation (3.14) gives the sample size necessary when estimating
a difference in means between two groups, equation (3.15) for comparing proportions
or prevalences and equation (3.20) differences in survival times.

Limited Patients

Suppose independent investigators wished to repeat the SH measures of the study of
Matteuci and Giampietro (2000) and only had a limited number (maximum 30) of
patients available but could recruit controls more easily. They would first review the
published results and note an observed standardised effect size for SH of 0.67. Next
they may use this as the basis for planning their repeat study by setting DPlan¼0.67,
keeping a¼0.05 as in the previous study while in addition specifying a power to detect
this effect of 17b¼0.8.

If they first assume that the design will recruit equal numbers of patients and
controls, then they will set l¼1. Calculations using equation (3.14) give m¼36, n¼36
and so N¼36þ36¼72 subjects would be required. However, the number of patients
suggested at 36 is above the maximum of 30 they can recruit and so the next design
possibility is to reduce l. The value for this can be obtained by expressing equation
(3.14) in terms of n and l and rearranging to give

l ¼

�
n

��
ðz1�a=2 þ z1�bÞ

2

D2
þ
z21�a=2

4

��
� 1. ð5.1Þ

In this example, specifying n¼30, and using equation (5.1) gives l¼0.63. This suggests
that the number of controls to be recruited is m¼30/0.63¼48 and
N¼mþn¼48þ30¼78. Thus (48736)¼12 extra controls are required to compensate
for the 6 (30736) fewer patients. The investigators then have to decide if this is a
practical option for them.

Paired Designs

Where each individual member of one group is matched to one member of the other,
adjustments have to be made to the sample-size formulae.

The ‘matching’ is now part of the design process, but there is often confusion both in
the terms used and in what is exactly meant by ‘matching’. For example, Matteuci and
Giampietro (2000) refer to 30 patients with type 1 diabetes (cases) age-matched to non-
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diabetic subjects (controls). They analysed this using the independent groups (unpaired or
umatched) form of the t-test which suggests that only the mean ages of the two groups are
matched. A moment’s reflection indicates that such matching could include a very
wide range of ages in one group but a very narrow range in the other group yet still be
matched for (mean) age. To avoid this problem ‘frequency-matching’ is often used. To do
this, the cases may be first divided into (say) several age bands and then controls recruited
in equal numbers (or of some constant proportion or multiple) as the cases. This device
results inmatching onmean age andwill also cover the same range of ages as the cases and
so both groups will then have similar SDs. Frequency matching is intended to take
account of some of the within-group variability with respect to the matching charac-
teristics to help ensure that the differences observed between groups is not materially
affected by differences in within-group characteristics (here age) of the two groups.

In contrast ‘pairwise-matching’ on age links each case to a particular healthy control
of the ‘same’ age. However, this ‘same’ age does not have to imply born on the same
day but does imply that ‘same’ has to be defined, perhaps as not more than a year
difference in age. This constrains the investigators’ choice and may require extra
resource to find suitable controls. A truly paired design eventually uses the difference
between the patient and the control as the variable for analysis, that is, di ¼ xi � yi
where xi is the observation for case i and yi for the corresponding (paired) control. The
statistical tests then use, for example, the paired t-test. In design terms, an important
consequence of ‘pair-matching’ over an independent group comparison may be a
reduction in the sample size required to conduct the study. However, this may be offset
to some extent, by the extra workload involved in the matching process or indeed the
possibility of not finding a control for every case.

In certain situations, the case may have more than one matched control and so,
depending on the number of matches, we describe the pair, triple or whatever as the
‘Unit’. In this case, for Unit i, di ¼ xi � �yyi where xi is the observation for case i and �yyi is
the mean outcome for the c¼1/l matched controls. Here c must have a positive integer
value, the choice depending on the planning context.

Example – matched design – TUG in children with acute lymphoblastic
leukaemia (ALL)

Marchese, Chiarello and Lange (2003) compare TUG in eight children with
ALL with eight healthy age-and-gender matched controls although no details
are given of how either the cases or controls were selected. TUG is a measure
of time needed to stand up from a seated position in a chair, walk 3m, turn
around, return to the chair, and sit down. TUG is assessed for each ALL
patient and his or her time is compared with the corresponding control in a 1:1
paired design. The corresponding time differences from these (paired) values
form the units for analysis. For the day 0 assessment the time taken by those
children with ALL was 5.44 sec and for the controls was 4.00 sec a difference of
1.44 sec (p-value¼0.004). The 95% CI for this difference, using the t-statistic
with 7 degrees of freedom, gives 0.62 to 2.26 sec.
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Before-and-after Designs

A ‘before-and-after’ design is a variation of the matched pairs design. In such a design,
illustrated in Figure 5.1, the pair (of observations) is completed by a second
measurement on the same subject. Thus observations are made on each subject, once
before (at baseline) and once after an intervention. We denote for subject i, bi as the
baseline measurement (B), that is, the one before the intervention. The corresponding
measurement after the intervention (A) is ai. As with all studies of a paired design, the
critical observations are the paired difference di¼bi7ai.

Example – ‘before-and-after’ design – whole blood clotting time

Butenas, Cawthern, van’t Meer et al. (2001) measured the effect of taking
aspirin on whole blood clotting time in minutes in three subjects. The samples
were taken before and after 3 days of aspirin (an anti-platelet drug) at 325mg
twice per day. Before aspirin the results were 4.2, 3.1 and 5.1min and after, 3.7,
4.1 and 3.6min respectively.

In this example, the paired differences are 0.5, 71.0 and 1.5min from which
the mean value �dd¼þ0.33min and their SD¼1.26min are calculated. This
gives, using the t-statistic with 2 degrees of freedom, a very wide 95% CI of
from 72.80 to 3.46min. So, after completion of the study, there remains a
great deal of uncertainty about the true direction and magnitude of this
difference. In their design there are three ‘units’, each ‘unit’ is formed of the
pair of measures from the same individual.
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Figure 5.1 Paired ‘before-and-after’ design



Cross-over Studies

In certain situations, the type of investigation planned in the design of Figure 5.1 may
be of two distinct options, both of which could be given to the ‘experimental’ unit or
subject, although not simultaneously. In this case the two possibilities, say A and B,
could be given either in the sequence A followed by B (AB) or B followed by A (BA).
This would bring the advantages of a matched design to the experimental process.

In contrast to a ‘before-and-after’ design this enables an unbiased estimate of the
difference A7B to be obtained. The analysis includes ‘within-subject’ comparisons and
these are more sensitive than ‘between-subject’ comparisons, implying that such trials
require fewer subjects than a parallel group design comparing the same treatment
options. A distinct advantage of the cross-over design over a parallel two-group study is
that each subject receives both options and this may facilitate recruitment to a study if
the subjects are patients.

Example – cross-over design – xenobiotic enhancement of allergic response

In an experimental study conducted by Gilliland, Li, Saxon and Diaz-Sanchez
(2004) patients who were sensitive to ragweed allergen were challenged with the
allergen and, in addition, either with a placebo (P) or diesel fume particles (D)
both administered in a saline solution. They were randomised to the sequences
PD and DP although the authors do not specify how or in what number to
each sequence. Each subject received the second challenge after a 6-week wash-
out period had been allowed to elapse.

We discuss more of the details of cross-over trials in Chapter 9 in the context of
clinical trials, but we note here that to realise the full potential of such a design, equal
numbers of subjects should be allocated to the sequences (here DP and PD) which was
not the case in this study which describes 19 patients. One should also note that the
measure of difference for both those receiving sequences DP and PD is d¼yD7yP. This
is the first period observation minus the second for one half the subjects and the second
period minus the first observation for the other half.

Study Size

For sample-size calculations for paired designs one also has to specify an anticipated
standardised effect size. Here we postulate the value dPair as the anticipated difference in
outcome between the paired measures. In addition, we must also specify the SD of the
paired data, sPair. In this case, this is the anticipated SD of the di and not that of the xi
or the ys. Together these then define the standardised effect size as DPair¼dPair/sPair.
Alternatively the small, medium and large standardised effects suggested by Cohen
(1988) may be used at this stage.
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If the variable di being measured is continuous and can be assumed to have a Normal
distribution then the number of ‘Units’ U, comprising 1 case and l controls, is
estimated by

U ¼
1

2

�
1þ

1

l

��
ðz1�a=2 þ z1�bÞ

2

D2
Pair

þ
z21�a=2

2

�
. ð5.2Þ

We can see from equation (5.2) that as l increases, 1/l gets closer to zero and so U gets
smaller and hence the number of cases (equal to the number of units) required becomes
fewer. However, the number of subjects studied, NSubjects¼U (1þl) increases as there is
now more than one control per case.

For an approximate calculation of sample size with l¼1, test size 5% and power
80%, equation (5.2) can be approximated by

U ¼ NPairs ¼ 2þ
8

D2
Pair

. ð5.3Þ

Example – sample size – whole blood clotting time

If we were to repeat the study of Butenas, Cawthern, van’t Meer et al. (2001),
then using the values they obtained of �dd¼þ0.33 and SD¼1.26 as planning
values for dPlan and sPlan respectively, then these give DPlan¼0.33/1.26&0.25.
Substituting this into equation (5.2) with l¼1, two-sided test size a¼0.05 and
power, 17b¼0.8 gives

U ¼ NPairs ¼
1

2
�

�
1þ

1

1

�
�

�
ð1:96þ 0:8416Þ2

0:252
þ
1:962

2

�
¼ 128 or approximately 130 pairs.

However, if we were only interested in establishing whether there was a major
decrease in clotting times with the use of aspirin we might set dPlan¼1 min, then
DPlan¼1/1.26&0.8 and the study size calculations using equation (5.3) lead to
U¼NPairs¼15. By any reasonable standards, the choice of only three subjects
for the study conducted by Butenas, Cawthern, van’t Meer et al. (2001) was far
too small.

To calculate the sample size of a cross-over trial, use can be made of equation (5.2)
also. However, in this instance l is constrained by the design to be 1, since the first and
second observations on the individual subject make the (matched) pair.

MORE THAN TWO GROUPS

In cross-sectional studies there may be more than two groups to compare. However, in
this case, the design situation is more complex. This is because there is no longer one,
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clear alternative hypothesis. Thus, for example, with a three-group design the null
hypothesis that the population means are all equal remains comparable to that for a
two-group design, but there are several potential alternative hypotheses. These include
one which postulates that two of the group means are equal but these differ from the
third, or one for which the means are ordered in a ranking in some way.

Once a g-group study has been completed, the resulting analysis (and reporting) is
somewhat more complex than for a simple two-group comparison. However, it is the
importance of the questions posed, rather than the ease of analysis and reporting, which
should determine the design chosen.

In general the null hypothesis for a g-group design is, H0: m1¼m2¼ . . .¼mg and one
possible alternative hypothesis is the global alternative hypothesis that all the means
differ, each from the other, that is, HA: m1 6¼m2 6¼ . . . 6¼mg.

Example – comparison of three groups – mitochondrial dysfunction

Brealey, Brand, Hargreaves et al. (2002) conducted a study that measured
phosphocreatine content (nmol/mg dry weight) in skeletal muscle in controls
(C), comprising otherwise healthy patients undergoing elective total hip
replacement, and septic shock patients ultimately surviving (A) and those
ultimately not surviving (B). A section of their results is summarised in
Table 5.2, Panel (a).

Here there are three groups to compare and the test of the null hypothesis was made
using the Kruskal–Wallis test. This gave a p-value¼0.02 which suggests that there are
indeed real (not just chance) differences between the groups. However, from this it is
not entirely clear where the differences arise. The difference C7B is the most extreme,
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Table 5.2 Median and interquartile range (IQR) concentrations of phosphocreatine content
(nmol/mg dry weight) in skeletal muscle (after Brealey, Brand, Hargreaves et al., 2002, Table 2;

reproduced by permission of the Lancet)

Panel (a) Panel (b)

Septic
survivors

(A)

Septic
non-survivors

(B)
Controls

(C)

Septic
non-survivors

(B)

Septic
survivors

(A)
Controls

(C)

x¼71 x¼0 x¼þ1

m 12 9 8 9 12 8
Median 47.1 36.1 62.4 36.1 47.1 62.4
IQR 47.1a–65.3 28.4–45.7 56.8–63.9 28.4–45.7 47.1–65.3 56.8–63.9

aThis value, equal to the median, is quoted in the original article.



and this must make the major contribution to the statistical signficance. However, the
‘global’ test outcome says little in respect to the statistical significance of the differences
between A7B and C7A.

In general, g-group studies broadly divide into those in which the groups do not have
any formal structure and those that do. In the sense used here, a comparison of
birthweights of children born in three different locations is unstructured whereas a
preclinical study comparing the effect of three doses of the same compound on human
cell growth is structured.

Unordered Groups

Unordered group designs comprise comparisons of g¼3 or more groups: A, B, C, . . . ,
G and these groups are arbitrarily labelled as such. In contrast to the two-group design
in which only one comparison is made, there are now g(g71)/2 possible pairwise
comparisons. For example, with g¼3 groups A, B and C, the three comparisons are A
versus B, B versus C and finally C versus A. For g¼4 groups there are six comparisons
and for g¼5 there are 10.

At the design stage of such a study, it is essential to define which of the possible
comparisons is of primary importance. For example, in the study of Table 5.2 the
authors’ principal interest may have been to compare patients with sepsis and healthy
controls – in which case the alternative hypothesis may be expressed as: (mA¼mB) 6¼mC.
To test this an optimal design would be observe m1 patients with sepsis (irrespective of
whether they survived or not) and m1 controls, thus recruiting N¼2m1 subjects in
total.

However, a secondary question may be to see if there are differences between those
with sepsis who survive and those who do not. Thus the alternative hypothesis for this
secondary question is: mA 6¼mB and the healthy group are not involved. To test this, an
optimal design would be to recruit m2 patients with sepsis who survived and m2 with
sepsis who did not! Clearly if m2þm2¼m1 then the design is complete since the total
study size remains at N¼2m1. On the other hand if m2þm24m1 then this second
question cannot be reliably addressed without increasing m1 at least for those with
sepsis. This might be compensated for by decreasing the sample size of the control
group and thereby maintaining the same total sample size. However, the investigators
cannot determine in advance the numbers who will die of their sepsis and so have to
make a judgement concerning their relative proportion. This will then impact on the
final choice of design.

Study Size

If a global test that uses the analysis of variance (ANOVA) is required for the
comparison of means from a g-group design, then Day and Graham (1991) give the
nomogram of Figure 5.2 for this purpose. To use their nomogram the method depends
on first identifying anticipated or planning values for each of the g means, then
calculating

CROSS-SECTIONAL STUDIES 91



cPlan ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
ðmi � �mmÞ2

ðg� 1Þs2
Plan

s
. ð5.4Þ

Here �mm is the mean of the g anticipated planning means with values m1, m2, . . . , mg, and
sPlan is the anticipated SD of the measurements which is assumed the same within each
group.

To use the nomogram one begins by first identifying the point with coordinates (c,
17b) and then joining this to the point (g, a) of the lower left-hand corner of Figure
5.2. The straight-line trajectory between these points is then extended until it cuts the
horizontal (but slightly curved) line of (g, a). At this point a new line is extended
vertically upwards to cut the sample-size scale at m. The final study size is then
N¼g6m. In Figure 5.2 the steeper the initial trajectory, the greater the sample size will
be required.
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Figure 5.2 Nomogram for a comparison of up to five independent samples of a continuous
variable relating power, (17b), group sample size, difference parameter c and significance
level, a (from Day and Graham, 1991; reproduced by permission of John Wiley &

Sons Ltd)



Example – sample size for a three-group comparison – phospocreatine in skeletal
muscle

Suppose we wished to repeat the study of Brealey, Brand, Hargreaves et al.
(2002) and decided to use their results as the basis for the planning. Although
they do not give the mean values in each group, we take the medians as a guide
to their value and set for our planning purpose, mA¼50, mB¼40 and mC¼60.
These give �mm¼ (50þ40þ60)/3¼50. The width of the interquartile range is
often about 2 SDs, suggesting a value for sPlan&10. Substituting these in
equation (5.4) with g¼3 gives cPlan&1. Using Figure 5.2 with g¼3, a¼5%
and a power of 80% gives the lower continuous line trajectory shown to cut at
m&6 per group. This implies a total study size of N¼g6m¼18 subjects.

However, this calculation is based on an uncertain planning value of the SD.
So the investigators prudently repeat their calculations with sPlan taking values
of 15 and 20, leading to cPlan&0.7 and 0.5 respectively. The corresponding
trajectories are also shown in Figure 5.2 and lead to estimates for m of 11 and
20, and finally total sample sizes of 33 and 60 respectively. Discussion of all
three of these options then follows, and practicalities suggest (perhaps) that the
repeat study should be of a similar size to the original but with equal numbers
per group set at (say) 12.

Although the change in SD makes quite a difference to the estimated sample size, as
will a change in the values of the means at the extremes, a change in the position of that
mean in the ‘centre’ changes cPlan to a lesser extent. However, if this mean is at the mid-
point of the interval, then cPlan is at its minimum and this will result in a maximum
sample size amongst the many possible scenarios for this ‘central’ mean.

Factorial Designs

In some circumstances there may be two principal study questions that are posed. In
some such cases both questions may be answered within a single study by use of a
factorial design. In a 262 factorial design, the two factors A and B are each studied at
two levels. Factor A could represent two types of subjects such as those with disease and
those that are healthy (not diseased), while Factor B may represent giving them (or not)
an intervention of some kind. Thus we can think of a subject as either ‘not-sick’,
denoted by (1), or ‘sick’ denoted by (s). Further we can think of giving each subject
either ‘intervention – no’, (1), or ‘intervention – yes’, denoted (i). There are therefore
four subject groups formed by (1)(1), (1)(i), (s)(1) and (s)(i) or more briefly denoted (1),
(i), (s) and (si). Such a design is termed a 262 factorial design and the two factors are I
and S. Patients eligible for such trials are randomised to one of the four treatment
options in equal numbers, often in blocks of size b¼4 or 8.
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Example – 262 factorial design – anaemia in children: iron, sulfadoxine-
pyrimethamine, neither or both

In a study conducted by Verhoef, West, Nzyuko et al. (2002) anaemic but
symptom-free infants were randomised to either iron alone, sulfadoxine-
pyrimethamine alone, both or neither (placebo) to investigate their influence
on haemoglobin levels after 12 weeks. This study takes the form of 262
factorial design of no treatment (1), iron alone (i), sulfadoxine-pyrimethamine
alone (s) or both iron and sulfadoxine-pyrimethamine (is). These alternative
options are summarised in Figure 5.3. An important feature of this trial was
the use of a double-blind placebo for each supplement; thus, for example,
infants of Group I receive both the placebos.

The two questions posed simultaneously are the value of iron and the value of
sulfadoxine-pyrimethamine supplementation in symptom-free children at high risk of
anaemia. In addition, this factorial design allows an estimate of the iron by sulfadoxine-
pyrimethamine interaction. For example, the effect of iron supplementation alone
raised haemoglobin concentrations by an estimated 1.5 g/L over placebo while with
sulfadoxine-pyrimethamine alone it was greater at 8.5 g/L. On this basis, if the two
supplements act independently of each other, then both given together as supplements
should raise levels by 1.5þ8.5¼10.0 g/L. In fact, the levels were raised by 9.1 g/L which
is quite close to this value. Had a substantial interaction been present, the combination
treatment iron and sulfadoxine-pyrimethamine (if synergistic) would have given a value
in excess of 10.0 or considerably lower if the reverse was the case.
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Figure 5.3 Randomised 262 factorial trial of intermittent iron and sulfadoxine-pyrimethamine
on subsequent haemoglobin levels in infants at high risk of anaemia (Verhoef, West, Nzyuko et

al., 2002; 360, 908–914, reproduced by permission of the Lancet)



Study Size

Although the 262 factorial design consists of four groups, comparisons are made
pairwise. However, a central issue is whether we are willing to assume that the
interaction term is zero or not. If assumed zero then smaller sample sizes are required
for each comparison of the main effects. If not assumed zero, then one has to consider
whether we wish to have a sufficiently large study size to enable a reasonable power for
detecting an interaction. For example, in a 262 factorial study there are four means to
be compared with m subjects per group. However, for efficient use of such a design and
on the assumption of no interaction between the factors, the two main effect
comparisons each reduce to comparing two means with 2m subjects in each group, and
so one is back to two, two-group comparisons.

Suppose the 262 factorial study compares two factors, A and B, then we recommend
planning in several stages. The first step would be to consider the sample size for factor
A. The second step would be to consider the sample size for factor B which may have a
different effect size, test size and power, from the factor A comparison. Clearly, if the
sample sizes are similar then there is no difficulty in choosing, perhaps, the larger as the
required sample size. If the sample sizes are very disparate then a discussion would
ensue as to the most important comparison and perhaps a reasonable compromise
reached.

Example – 262 factorial design – heart rates

Dodd, Day, Goldhill et al. (1989), in a 262 factorial design including low
(5 mg kg71) and high (10 mg kg71) doses of glycopyrronium, G, administered
either 1 minute before, or simultaneously with, edrophonium, E, to 60 subjects
and measured their heart rates after 10 minutes. Thus the four options in this
case, are (1), (g), (e) and (eg) and the corresponding mean heart ratess based on
15 subjects in each group were 71.3, 93.9, 77.1 and 93.3 beats per minute
respectively, with SD&12.

Day and Graham (1991) use these data to illustrate the sample-size calculations as
made by use of Figure 5.2. The estimated effect of dose of glycopyrronium is the
difference in mean heart rate from the 30 subjects on high dose (93.6) with the
corresponding mean for those 30 on low dose (74.2), that is 93.6774.2¼19.4 beats per
minute, ignoring time of administration. This difference has

SE ¼ SD

ffiffiffiffi
2

m

r
.

The corresponding difference for the simultaneous compared to prior administration of
edrophonium is 2.6 beats per minute, with the same SE.

If the smallest difference of clinical importance is d¼5 beats per minute, then a
replication of this trial may consider DPlan¼dPlan/sPlan¼5/12&0.4. Further use of
equation (3.12) for comparing two means with test size a¼0.05 and 17b¼0.8, gives
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m¼100 or N¼200 subjects in total. These would then be allocated at random into the
four groups, 25 in each. Such a trial would be of more than sufficient size to
demonstrate an increase of 19.4 beats per minute with high dose glycopyrronium but
would not be sufficient to reliably demonstrate a difference due to when the
administration of edrophonium was made of 2.6 beats per minute.

If one was concerned to estimate reliably the interaction (if any) between
edrophonium and glycopyrronium, then this is equivalent to estimating: Inter-
action¼ (93.9771.3)7(93.3777.1)¼6.4 beats per minute but this has

SE ¼ SD

ffiffiffiffi
4
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r
¼
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SD
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.

Now if the smallest interaction of clinical importance is 5 beats per minute, this makes
the corresponding DPlan¼dPlan/sPlan¼5/[126

ffiffiffi
2

p
]¼5/16.97&0.3.

Using equation (3.12) once more with test size a¼0.05 and 17b¼0.8, gives m¼176
or N¼352 subjects in total. These would then be allocated at random into the four
groups, 89 or rounded to 90 in each. So a much bigger study would be required with
this object in mind.

Ordered Groups

In Table 5.2 we have assumed that the groups described there as A, B and C, are
essentially unstructured. However, if they are structured in some way, then note of this
structure may change the approach to design and hence their eventual analysis. Thus
studies with g (42) groups may involve a comparison of different doses of the same
drug or some other type of ordered groups. In such cases, although the null hypothesis
would still be that all population means are equal, the alternative will now beHOrdered in
the form of either m15m25 . . .5mg or m14m24 . . .4mg.

Although Brealey, Brand, Hargreaves et al. (2002) include in their three-group
design, controls (C), septic shock patients ultimately surviving (A) and septic shock
ultimately non-surviving (B), they ignore an intrinsic ordering of the severity of the
condition as is evidenced by the latter group of those who die. To emphasise this, their
results are summarised again in the right-hand columns of Table 5.2, Panel (b), but
there the groups are now ordered in terms of increasing severity of their ‘disease’ status.
The corresponding median values now show a decline following the order of severity.

If the groups are formed by g doses of the same drug, then the alternative hypothesis,
HOrdered, may be expressed by the equivalent of equation (1.1) in which case the model is
m¼b0þb1 (dose). This implies that the relationship between the amount of drug given
and the measure observed is linear. In which case, the purpose of the study will be to
estimate the regression coefficient, b1. Thus the null hypothesis is H0: b1¼0, which
implies, if it were true, that the dose has no influence on the outcome measure and so all
dose groups have the same mean value b0. The alternative hypothesis is clearly H1:
b1 6¼ 0.

In comparing two, of three, groups in a situation similar to that of Table 5.2, the
corresponding mean differences �dd have variance,

Varð �ddÞ ¼ s2

�
1

m
þ

1

m

�
¼

2s2

m
. ð5.5Þ
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Here for convenience we assume the groups are of the same size m and have common
SD, s. Alternatively, if the g-groups are ordered in some way, and these are associated
with a value of an underlying ‘dose-like’ variable x, then the parameter of interest is the
slope b1 estimated by b1.

We have indicated in equation (1.2) that

Varðb1Þ ¼
s2

XN
i

ðxi � �xxÞ2
,

where in the situation here N¼gm. However, with m subjects in each dose group j, and
hence with the same value of xj, this can be expressed as

Varðb1Þ ¼
s2

m
Xg

j

ðxj � �xxÞ2
. ð5.6Þ

For a g¼3 group design of equally spaced values of x, this becomes

Varðb1Þ ¼
s2

2m
.

Thus the design effect, DE, defined by equation (1.6) for comparing two design options,
gives

DE ¼
1=Varðb1Þ

1=Varð �ddÞ
¼

1=½s2=2m�

1=½2s2=m�
¼

2m

s2
�
2s2

m
¼ 4.

This suggests that the regression model design is statistically more efficient than the
three possible two-group comparisons in this situation. However, it does assume, which
we have not verified by experiment, that there is a linear relationship. In practice, the
assumption of linearity will be checked using the experimental results once obtained.

It is important to emphasise, that the choice of the values for x will be under the
direct control of the experimenter in a dose-finding study and so represent real values.
In the more observational type of design of Brealey, Brand, Hargreaves et al. (2002) the
values of x set at71, 0 and þ1 only rank the groups in order and so their quantities do
not represent real numerical values. However, these can often be regarded as real values
for design and analysis purposes although some care is needed.

Study Size

In this (ordered categorical) situation we are estimating b1 and so one method of
calculating an appropriate study size is to define the desired width of the corresponding
CI as we did in deriving equation (3.3) and hence (3.4). By analogy with equation (3.3)
we have

oPlan ¼ 2� z1�a=2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
s2
Plan

m
P

ðx� �xxÞ2

s
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and from this we obtain

m ¼ 4

�
s2
Plan

o2
Plan

P
ðx� �xxÞ2

�
z21�a=2. ð5.7Þ

In Table 5.2(b), the estimate of the change in phosphocreatine content between
groups C (x¼1) and B (x¼71) gives an estimate of the slope as b1¼ (62.4736.1)/
[17(71)]¼26.3/2&13. So if we then specify that the width of the 95% CI should be
10 nmol/mg dry weight, we are planning for a final CI of from approximately 8 to
18 nmol/mg dry weight. Thus setting a¼0.05, oPlan¼10, sPlan¼10 as previously, and
with g¼3, using x¼71, 0 and 1, equation (5.7) gives

m ¼ 4

�
102

102 � 2

�
� 1:962&8

per group and total study size of N¼368¼24.
Alternatively to estimate a linear regression slope, Day and Graham (1991) show

how equation (5.4) can be modified and the nomogram of Figure 5.2 utilised.
Essentially, equation (5.4) is modified to become

cLinear ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
ðmi � �mmÞ2

s2
Plan

s
, ð5.8Þ

and Figure 5.2 entered as if for a g¼2 group comparison with this value of cLinear. The
reason for the value of value g¼2 here is because the slope of a regression line is
estimated with 1 degree of freedom (df ). This is the same as the between groups df for a
two-group ANOVA.

Example – linear response – phosphocreatine in skeletal muscle

We review the possibility of a repeat of the study of Brealey, Brand,
Hargreaves et al. (2002) and, for our planning purpose, mA¼50, mB¼40 and
mC¼60 but this time we will assume a linear response to x rather than just a
three-group comparison as previously. In this case equation (5.8) gives
cLinear&1.4. Using Figure 5.2 with g¼2, a¼5% and a power of 80% then the
trajectory leads to a cut at m&5 per group. This implies a total study size of
N¼g6m¼15 subjects is required. This is less than the 24 using the CI
indicated above, and the 18 when no structure to the three means was implied.

CHANGES OVER TIME

A cross-sectional study can be repeated on the same population type at different time
points to assess changes. However, in this case the new population sampled does not
comprise those same individuals but rather an entirely different sample.
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Example – repeated cross-sectional study obesity in adolescents

McCarthy, Ellis and Cole (2003) conducted a cross-sectional study
investigating measures of potential obesity in 776 adolescents aged 11–16 in
the UK in 1997. This was a repeat of similar studies that had been conducted in
1977 in boys and one in 1987 in girls. In these studies waist measurement was
taken of each child. Comparisons between the two dates suggested that waist
circumference had increased by an average of 6.9 cm in boys over the 20-year
period and 6.2 cm in girls over the 10-year period.

In this case, all members of the 1997 population are clearly different
individuals to those in the 1977 and 1987 cohorts. This contrasts with a
longitudinal study in which the same individuals are assessed a second or
further times.

COVARIATES

Although it is difficult to be precise in this respect, the careful recording of subject
characteristics that are known to modify the outcome measures should be made. These
are variables that, over and above any intrinsic effect of the different interventions or
group definitions, influence the value of the endpoint measures for an individual. For
example, there may be major differences in healing time of burns dependent on the cause
of the injury. Taking such characteristics into account (often using regression methods)
may then lead to a more sensitive final comparison of groups. Essentially this is because
some of the variability is ascribed to these characteristics so that the resulting, and
reduced, SD is more purely a measure of the random variation. Thus a key aspect of the
experimental design is the identification of such measures. However, investigators should
guard against the recording of too many ‘possible’ (modifier) variables that may only
affect outcome in a marginal way but focus on those that are ‘known’ to be influential.

At the end of a study, the estimated difference beween groups may be changed to
some extent by taking account of such covariates. In addition, even in circumstances
where there is little change in the estimate, the width of the corresponding CI may be
reduced, since the SD may be reduced, thereby providing more reliable information
with respect to the study question.

Design features – cross-sectional

Specify the study objectives

Identify the groups to be compared or the intervention proposed

Ensure a representative sample

Select the endpoints

Choice of covariates

Explore the options for study size
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5.3 LONGITUDINAL STUDIES

REPEATED MEASURES

In longitudinal studies a subject once recruited will be followed over time and successive
measurements taken. For example, the study may involve patients admitted to hospital
with suspected dengue fever for care during which time their platelets are monitored on
a daily basis. Once the platelet level recovers to (say) 1006109/L or more then the
patient is discharged. Such a repeated measures study investigating platelet changes is
longitudinal rather than cross-sectional in nature. It is a ‘repeated measures’ design as
platelets are monitored daily and there is also a ‘survival-time’ endpoint which is the
time from their admission to hospital to the time when their platelets recover
sufficiently for discharge.

This is a typical (laboratory-based) repeated-measures design using clinical material.
These often have repeated measures at convenient intervals during the ‘working 8-hour
day’ followed by an observation when getting back to work the next morning!

Example – repeated measures – ciliary beat frequency

The study of Lyons, Djahanbakhch, Saridogan et al. (2002) is a repeated
measures study in that the ciliary beat frequency (Hz) of the ampullary region
was recorded at 0.5, 2, 4, 8 and 24 hours. The results are summarised in
Figure 5.4 where the bars show the standard error (SE) at each point. These
indicate the need for an appropriate analysis of a longitudinal study which
would consist of a comparison of the whole patterns over time (or some
important features), not just a series of repeated statistical tests at every
observation point.
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Figure 5.4 Effect of duration of incubation on the between-group difference in ciliary beat
frequency (from Lyons, Djahanbakhch, Saridogan et al., 2002, 360, 1221–1222, Figure 1;

reproduced by permission of the Lancet)



Clearly, this is an ‘experimental’ situation for which material for study is strictly
limited and difficult to obtain. However, in such situations, even more care has to be
taken in selecting the best design to answer the question posed as repeating such an
experiment may not be feasible. In less ‘difficult situations’ a badly chosen design can
always be repeated but this too is best avoided if at all possible as it is clearly wasteful of
resources. In this example, the choice of design is entirely in the hands of the
investigators, as the ‘experimental’ material, once collected from the donor women, is
freely available to sample at times stipulated by the design team. In fact a better choice
of design may have been to take more observations when the curves appear to separate,
at about 4 hours, but the design team may not have anticipated this feature.
Alternatively a choice of observations times taken on a logarithmic scale at 0.5, 1, 2, 4, 8
and 16 hours may have been closer to optimal.

In other situations, the investigators may be more limited in their range of options as
the subjects may not be able or willing to provide unlimited samples on repeated
occasions.

Example – repeated measures – creatinine levels post renal transplant

Calne, Moffatt, Friend, et al. (1999) studied the mean creatinine levels (mmol/L)
in 31 cadaveric renal allograft recipients with values observed at transplant and
then at 1, 3, 6, 9 and 12 months. Their results are summarised in Figure 5.5 but
in this case the bars shown around each point are not defined.

In this situation, although the design team will determine when the samples are taken,
exigencies of the clinical situation will have to be considered when choosing the
frequency and spacing of these repeat observations. Also individual patients may refuse
to participate on certain occasions. Here it is more difficult to be optimal with the
statistical design.

Example – repeated measures – sexual function after radiotherapy for cervical
cancer

In the longitudinal study of Jensen, Groenwold, Klee et al. (2003) investigating
sexual function after radiotherapy for early-stage cervical cancer, 118 women
who were disease-free following external beam radiotherapy (EBRT) were
asked to complete an SVQ, part of which we described in Figure 2.5.
Consenting patients were given the first questionnaire, with a stamped
addressed envelope, to be completed at the termination of their EBRT.
Thereafter, they received identical, mailed questionnaires at 1, 3, 6, 12, 18 and
24 months after RT but only if they remained disease-free. This repeated
measures study is dependent on the women remaining disease-free, returning
the fully completed questionnaires and on time. So, in comparison to the
designs summarised in Figures 5.4 and 5.5, there is a real challenge for the
investigators to maintain the basic stucture of the design throughout the course
of the study.
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AUTOCORRELATION

One important aspect of longitudinal data with repeated measures on the same subject
is that successive observations are unlikely to be independent. This contrasts with cross-
sectional designs in which there is, for the particular endpoint under consideration, a
single variable whose value in a subject will not depend on the magnitude of the
corresponding value in other subjects.

A key consideration then in planning a study involving repeated measures is the
nature and strength of this correlation. Correlation coefficients are a measure of the
degree of association between two variables and that for measuring the association
between successive measures in time is

rTð1,2Þ ¼

P
ðy1 � �yy1Þðy2 � �yy2ÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
ðy1 � �yy1Þ

2 P
ðy2 � �yy2Þ

2
q . ð5.9Þ

Here y1 and y2 represent the values of two successive assessments of the same measure
made on the same subject (or on specimens taken from the subject). For example, these
may be the different ciliary beat frequencies (Hz) of the ampullary region of the
fallopian tubes taken over time. Equation (5.9) is termed the auto- or serial-correlation.
The expression is symmetric in terms of y1 and y2, and hence rT(1, 2)¼rT(2, 1); the T is
included here to emphasise the time element.
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Figure 5.5 Campath 1H mean creatinine after transplant (from Calne, Moffatt, Friend et al.,
1999, Figure 1; reproduced by permission of Lippincott, Williams & Wilkins)



The problem for the investigators is that the properties of a repeated measures design
depend on rT. The value of this, and how it changes with the time interval between
observations, may be hard to pinpoint. Despite this, simplifying assumptions can often
be made to facilitate the design process. For example, it is often assumed that the serial
correlation between measurements made on any two arbitrarily chosen times, say time t
and time t’, have the same value of rT(t, t’) whatever values of t and t’ we happen to
choose. In this case we can write rT(t, t’)¼r since it does not depend on the choice of
these times. When this form of autocorrelation structure applies this is termed as
‘compound symmetry’.

‘Before-and-after’ Design

Now we can extend the simple ‘before-and-after’ design of Figure 5.1 both backwards
in time and forwards in time, to make v repeated observations on each subject before
the intervention, and w observations after. Thus the options for this ‘repeated-
measures’ design relate to the choice of v and w. For the study of Lyons,
Djahanbakhch, Saridogan et al. (2002) there can be no observations made before the
specimens are collected, v¼0, and they set w¼5. Thus there is no other design option
than to set v¼0. On the other hand the first creatinine value is taken from patients of
Calne, Moffatt, Friend et al. (1999) at baseline, that is at a time just before the renal
allograft, in which case v¼1 and they also set w¼5.

In the simplest form of design, the intervention is assumed to change the level of the
outcome variable by a fixed amount (which may be zero and so has no effect), and the
new level is then maintained over the post-intervention observation period. One
statistical summary measure for such a design is to compute the mean of the ‘before-
intervention’ observations of each subject, and then the corresponding means of the
‘after-intervention’ observations. The difference beween these two forms the unit of
analysis. Thus for subject i, this difference is di ¼ �yywi � �xxvi where �yywi and �xxvi are the
respective post- and pre-intervention means for that subject. In a single-group study,
the null hypothesis is that the mean of these differences is zero.

This repeated format for pre- and post-intervention measurements can be utilised in,
for example, a parallel two-group study. In this case, the model for comparing the two
groups may be written as

di ¼ b0 þ b1tþ ei , ð5.10Þ

where t¼0 for one group and t¼1 for the other. The object of the study is to estimate
b1. Since di is a difference, b1 estimates a difference of differences. A more flexible
alternative to equation (5.10) is

�yywi ¼ b0 þ b1tþ b2 �xxvi þ ei , ð5.11Þ

where �xxvi is the covariate. If b2 is set at 1 then equation (5.11) becomes (5.10), an
analysis of differences. However, if we allow the regression coefficient, b2, to be
estimated from the data (rather than imposing a specific value for it of unity) then an
analysis of covariance can be conducted leading to a more efficient analysis. In addition
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b1 now represents the difference between the means of the �yywi obtained from each
(intervention) group, adjusted for values of �xxvi.

Study Size

For planning purposes we assume that the observations taken in a proposed repeated
measures design are equally spaced in time, both before and after the intervention and
there is compound symmetry. For a parallel two-group design for continuous
observations from a Normal distribution, and anticipated standardised effect size
DPlan, the sample size for each group required for two-sided test size a and power
17b is

mRepeated ¼ R

��
1þ

1

l

�2
ðz1�a=2 þ z1�bÞ

2

D2
Plan

þ
z21�a=2

4

�
. ð5.12Þ

This is the same as equation (3.14) except for the multiplier R, where

R ¼

�
1þ ðw� 1ÞrT

w
�

vr2
T

½1þ ðv� 1ÞrT�

�
ð5.13Þ

and v50 and w51.
From these equations nRepeated¼lmRepeated and the total study size is NRepeated¼

mRepeatedþnRepeated.
Table T7 gives the values of the multiplier R of equation (5.13) for use in equation

(5.12) to determine study size. It can be seen that sample size in a repeated measures
design depends critically on each of v, w and rT. In general R decreases as v, the number
of pre-intervention observations, increases. It also decreases quite rapidly as the
number of post-intervention observations w increases. However, the pattern with
increasing rT is a little more complex, but with a general decline in R for rT40.3.

If no pre-intervention measures are taken, then v¼0 and R comprises only the first
term in equation (5.13). If in addition w¼1, then there are no repeated measures and so
R¼1.

An important situation is when v¼1 and w¼1, that is when a baseline measure is
taken immediately before the intervention, followed by a single observation after – this
is now a cross-sectional design. In this case R ¼ 1� r2T and unless rT¼0, R is always
less than 1. This therefore implies that compared to equation (3.14) the number of
subjects required is less. From this one can conclude that for a given fixed study size,
including a baseline measure of the endpoint (if possible) will improve the statistical
efficiency of the design. In effect, the width of the relevant CIs will be reduced.

The calculation of R requires that an anticipated value for the correlation coefficient
rT needs to be specified. Experience suggests that these correlations are often between
0.60 and 0.75. For example, Draper, Brodaty, Low et al. (2002) reported rT¼0.63 for
the autocorrelation between morning and evening total scores of the Harmful
Behaviour Scale, obtained approximately 12 hours apart, amongst residents of nursing
homes.
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An exploratory approach when making sample-size calculations is to try out various
values of rT to see what influence these will have on the proposed sample size. It is
unlikely that rT would be negative, consequently, if we set rT¼0 in this exploration, we
obtain a minimum estimate of the required sample size.

Example – sample size for a repeated measures design – ciliary beat frequency

Suppose we had been planning a study similar to that conducted by Lyons,
Djahanbakhch, Saridogan et al. (2002) of Figure 5.4, and thought the mean
ciliary beat frequency in controls, averaged out over a 24-hour incubation
period, would be 5Hz, with SD of approximately 0.75Hz. Further we
anticipate this may be higher in those with endometriosis by approximately
0.5Hz. Assuming two-sided a¼0.05 and 17b¼0.8, the investigators wish to
review the design options with respect to the number of repeated measures w
and the effect of the autocorrelation rT.

First using R¼1, with a¼0.05, 17b¼0.8 and anticipated standardised
effect size DPlan¼0.5/0.75¼0.67, equation (5.10) with l¼1, gives m¼36. Their
usual design is to have v¼0, w¼5, so R¼ (1þ4rT)/5 which with rT¼0.5, 0.6
and 0.7 gives R¼0.60, 0.68 and 0.76 which can also be obtained from Table
T7. This range of rT then suggests that the sample sizes per group to consider
are 0.60636&22, 0.68636&25 and 0.76636&28. After discussion, a
compromise sample size may be set as mRepeated&25 and hence set
NRepeated¼50.

Suppose we wish to design a repeated measures trial of a blood-sugar-level-reducing
drug against a placebo control in which two pre-randomisation measures were planned
but it was not clear how many were to be taken post-randomisation. We assume
compound symmetry with r¼0.7 and a standardised effect size of DPlan¼0.4, two-sided
a¼0.05 and 17b¼0.8.

Table T7 gives for r¼0.7, v¼2 and w¼1, 2, 3 and 4 the successive values for R as
0.42, 0.27, 0.22 and 0.20. This immediately suggests that little will be gained in terms of
reducing the sample size by having more than w¼3 for the design. From equation
(5.12) with R¼1 gives mRepeated¼100 then different designs reduce this to
10060.42¼42, 27, 22 and 20 respectively with total sample size, N, of twice this
number. Thus if we finally choose the design with v¼2, w¼3 and N¼44 patients, the
number of observations that are required is T¼N6(vþw)¼4465¼220. This is not
very different from 200, the number of patients that would be required if only a single
observation had been made per patient. So this design would be very attractive if
patients were not easy to recruit but once recruited would be happy to undergo
investigation on five separate occasions.

Even if compound symmetry cannot be assumed, calculations made on the above
basis will provide a guide to appropriate study size. A pragmatic approach would then
be to inflate the sample size by (say) 10% to account for the unknown influence of the
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autocorrelation structure. If a programme of studies is planned then as experience is
accumulated this cautious approach may be refined.

Interrupted-time-series Design

An interrupted-time-series design takes the same form as a ‘before-and-after’ design but
the type of ‘events’ recorded are not necessarily amongst individuals directly recruited
to the study and the endpoints are usually counts. Such a design was used to test the
efficacy of introducing compulsory seat-belt wearing in cars – comparing injury rates
and severity before and after the change of law. Thus the design includes all the
members of a national population (some of whom may never travel by car) and records
the numbers who have a severe injury before and after the change in the legislation. In
theory at least, an individual member of the population could have several accidents
prior to the law change and several afterwards. As a consequence the observations may
be correlated to some extent although the injuries will in general occur in different
individuals at the different times. Clearly this design is longitudinal and assessments are
repeated over time but it is not a ‘repeated-measures’ design in the sense we have used
the term previously.

Example – interrupted-time-series design – air-pollution control

Clancy, Goodman, Sinclair and Dockerty (2002) showed reductions in
respiratory and cardiovascular death rates in Dublin, Ireland. This reduction
followed the control of particulate air pollution after the sale of coal for
burning on domestic fires was prohibited by law. They showed, for example,
that the age-standardised death rate for respiratory deaths fell after the ban by
15.5% (95% CI 12 to 19%). The structure of their design is given in Figure 5.6.

The main design aspects for an interrupted-time-series are: What period of time
constitutes a unit? and: How long should we measure before and after the intervention?
Clancy, Goodman, Sinclair and Dockerty (2002) used death rates that are reported
annually. They chose an equal number of units before and after the intervention. In
general balancing the number of units in this way will optimise the statistical efficiency
of the design. Finally there is the question of how many units. Usually this will depend
on data availability, but it is wise to choose at least three before and three after, so that
the variance of the outcome can be estimated. One could apparently increase the
number of units by reducing the time interval of each unit. Thus Clancy, Goodman,
Sinclair and Dockerty (2002) could have doubled the number of units by measuring
over 6 months (and totalling) rather than once a year (and totalling). However, this can
introduce greater fluctuations into the data and is unlikely to improve statistical
efficiency.
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Design features – longitudinal studies

Specify the study objectives

Identify the groups to be compared or the intervention proposed

Achieve a representative sample

Select the endpoints

Choice of covariates

Choice of numbers of baseline and longitudinal measures

Explore the options for study size

Choice of suitable autocorrelation structure

Choice of the number of repeated measures

5.4 TECHNICAL DETAIL

COMPOUND SYMMETRY

In fact equation (5.10) is a rather simplified version of the model for a repeated measure
design. In some instances the error structure represented by ei in that model is more
complex, and so are some of the regression coefficients themselves. In particular b0,
instead of being thought of as a fixed quantity representing the common and fixed value
for all subjects should b1¼0, is considered to have a different or random value for each
individual, termed ai, with its own SD, sa. This leads to the following random effects
model

yij ¼ ai þ bxij þ eij , ðT5.1Þ

where yij is the jth observation on subject i, ai is the random effect of subject i and eij are
random error terms with SD, s. If the eij are all independent then it can be shown that
the correlation between two measurements yij and yik made on the same individual is

r ¼
s2
a

s2
a þ s2

. ðT5.2Þ
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Before Intervention After

Pre-ban 6 years Ban on Post-ban 6 years

01 Sep 1984–31 Aug 1990 coal sales 01 Sep 1990–31 Aug 1996

Figure 5.6 Interrupted-time-series ‘before-and-after’ design (based on Clancy, Goodman,
Sinclair and Dockery, 2002, 360, 1210–1214; reproduced by permission of the Lancet)



Thus one implication from model (T5.1) is that observations have the same correlation
irrespective of how far apart in time the observations are made. This is known as
compound symmetry.

AUTOREGRESSIVE MODEL

There are occasions when the assumption that the eij of equation (T5.1) are not
independent. For example, in interrupted-time-series it would seem sensible to allow a
model where the autocorrelation reduced as the time gap increased. The most common
one is to allow for what is termed a first-order autoregressive model. In this case, we
assume

eij ¼ reij�1 þ Zij , ðT5.3Þ

where the Zij are independently identically distributed error terms and r is the
autocorrelation which must lie beween 71 and þ1. The term ‘first order’ is used since
equation (T5.3) connects the observation at time ( j71) with the next after it, at
observation time, j.
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