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Foreword

An often puzzling, if not fearsome, aspect for an anaesthetist in training
or practice, is that of grappling with 'stats. Of course, a basic under-
standing of statisticsis necessary in our reading of a scientific paper or in
planning even the most modest research project. Books on statistics are
usually written by acclaimed statisticians, they are generally helpful only
to the extent that we can digest the heavy prose or the barrage of
unfamiliar terms and concepts. Thankfully, Statistical Methods for
Anaesthesia and Intensive Care will make our lives easier. The authors of
this book are Tony Gin and Paul Myles, both accomplished researchers
and anaesthetists. The book is written by anaesthetists for anaesthetists
and clinicians, and it will lead us through the minefield of statistics that
we have to cross.

Professor Teik E. Oh
President, Australian and New Zealand College of Anaesthetists
Professor, Department of Anaesthesia, University of Western Australia



Preface

‘Statistics' is the science of collecting, describing and analysing data that
are subject to random variation. It consists of two main areas: (i)
descriptive statistics, whereby a collection of datais summarized in
order to characterize features of its distribution, and (ii) inferential
statistics, whereby these summary data are processed in order to
estimate, or predict, characteristics of another (usually larger) group.

In most circumstances, the collection of datais from arestricted
number of observations (individuals, animals or any event subject to
variation); this chosen set of dataisreferred to asa sample and the
reference group from which it isderived isreferred to asa population. A
population does not necessarily include all individuals, but is most often
adefined group of interest, such as 'all adult surgical patients, 'all
women undergoing laparoscopic surgery' or 'patients admitted to
intensive care with a diagnosis of septic shock’.

So, for our purposes, statistics usually refers to the process of
measuring and analysing data from a sample, in order to estimate certain
characteristics of a population. These estimates of a population are most
commonly an average value or proportion; and these estimates are
usually compared with those of another group to determine whether one
group differs significantly from the other. In order to be confident about
estimation of population parameters, we need to be sure that our sample
accurately represents our intended population. The statistical methods
outlined in this book are meant to optimize this process.

Why is an understanding of statistics important for anaesthetists and
intensivists? Advances in anaesthesia and intensive care rely upon
development of new drugs, techniques and equipment. Evaluation and
clinical application of these advancesrelies critically upon statistical
methodology. However it is at this level that most anaesthetists and
intensivists lose interest or become sceptical - this can often be attributed
to the common belief that statistical analyses are misused or
misrepresented. Thisis actually ajustification for having at least a basic
understanding of statistics. Accurate, reliable descriptive statistics and
the correct use of inferential statistics are essential for good-quality
research, and their understanding is crucial for evaluating reported
advances in our specialty. In 1982, Longnecker wrote: 'If valid data are
analyzed improperly, then the results become invalid and the conclusions
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may well be inappropriate. At best, the net effect is to waste time, effort,
and money for the project. At worst, therapeutic decisions may well be
based upon invalid conclusions and patients' wellbeing may be
jeopardized."™

Medical statisticsis not just the use of clever mathematical formulae,
but a collection of tools used to logically guide rational clinical decision-
making. Our readers can be reassured that knowledge of statistics,
although an essential component of the process, does not displace
everyday clear thinking.

Asclinicians, we want to know what management options are
available for our patients, and what evidence there is to justify our
choices (our patients may also want this information). How convincing is
this evidence and how does it relate to our own clinical experience, or
'gut feelings? How can we compare our own results with those of
others? Under what circumstances should we change our practice?
How can we show that one drug or technique is better than another,
or whether a new diagnostic test adds to our clinical decision-
making? Research design and statistics are tools to help clinicians make
decisions. These processes are not new to medical practice, though they
have recently been formalized and embraced by 'evidence-based
medicine’.

Although there are many medical statistics books available on the
market, in our experience they are either too mathematical in their
approach or, when designed as a basic introductory textbook, use
examples that have little relevance to our specialty. The design of this
book is such that anaesthetists, intensivists, and trainees can
systematically learn the basic principles of statistics (without boredom or
frustration). This should enable the reader to successfully pass relevant
examinations, design aresearch trial, or interpret the statistical
methodology and design of a published scientific paper.

Each chapter begins with basic principles and definitions, and then
explains how and why certain statistical methods are applied in clinical
studies, using examples from the anaesthetic and intensive care
literature. More sophisticated information is presented in brief detail,
usually with reference to sources of further information for the interested
reader. Note that we have highlighted key words in bold print. Our
intention was to make it easier for readersto find specific topics within
the text.

As doctors, we are expected to apply our special knowledge and
training in such away that promotes healing and good health; for
anaesthetists and intensivists, this process can often be dramatic or life-
saving. Progress in our specialty is rapidly evolving and acquisition of
up-to-date knowledge should be based upon critical scrutiny. The aim of
this book isto explain avariety of statistical principlesin such away that
advances the application and development of our knowledge base, and
promotes the scientific foundations of our unique specialty: anaesthesia
and intensive care.

* David E. Longnecker. Support versusillumination: trendsin medical statistics. Anesthesiology
1982; 57:73-74.
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A cautionary tale

Three statisticians and three epidemiologists are travelling by train to a
conference. The statisticians ask the epidemiol ogists whether they have
bought tickets. They have. 'Fools!’, say the statisticians, 'We've only
bought one between us!' When the ticket inspector appears, the
statisticians hide together in the toilet. The inspector knocks and they
pass the ticket under the door. He clips the ticket and slides it back under
the door to the statisticians.

The epidemiologists are very impressed, and resolve to adopt this
technique themselves. On the return they purchase one ticket between
them, and share the journey with the statisticians, who again ask whether
they've all bought tickets. 'No', they reply, 'We've bought one to share.'
'Fools!’, say the statisticians, "We've not bought any.' 'But what will you
do when the inspector comes? 'Y ou'll see.’

This time when the inspector appears, the epidemiologists hide
together in the toilet. The statisticians walk up to the door and knock on
It. The epidemiologists slide their ticket under the door, and the
statisticians take it and use it as before - leaving the epidemiologists to be
caught by the inspector.

The moral of this story isthat you should never use a statistical
technique unless you are completely familiar with it.

Asretold by Frank Shann (Royal Children's Hospital, M elbourne,
Australia)
The Lancet 1996; 348: 1392.
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Data types

Types of data
-categorical
-ordinal
-numerical
Visual analogue scale (VAS)

Key points

e Categorical data are nominal and can be counted.

* Numerical data may be ordinal, discrete or continuous, and are usually
measured.

* VAS measurements are ordinal data.

Types of data

Before aresearch study is undertaken it is important to consider the
nature of the observations to be recorded. Thisis an essential step during
the planning phase, as the type of data collected ultimately determines
the way in which the study observations are described and which
statistical tests will eventually be used.

At the most basic level, it is useful to distinguish between two types of
data. The first type of dataincludes those which are defined by some
characteristic, or quality, and are referred to as qualitative data. The
second type of dataincludes those which are measured on a numerical
scale and are referred to as quantitative data.

The precision with which these data are observed and recorded, and
eventually analysed, is also described by a hierarchical scale (of
increasing precision): categorical, ordinal, interval and ratio scales
(Figure 1.1).

Categorical data

Because qualitative data are best summarized by grouping the
observationsinto categories and counting the number in each, they are
most often referred to as categorical (or nominal) data. A special case
exists when there are only two categories; these are known as
dichotomous (or binary) data.

Examples of categorical data
1. Gender

- male

- female
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‘Qualitative’ ‘Quantitative’
Categorical data Numerjgal data
(gender, adverse events) T
"7~~~ Ordinaldata "7~

(pain score, ASA status)

Discrete data
(respiratory rate,
post-tetanic count)

Continuous data

Interval data
(temperature in Celsius)

Ratio data _
(temperature in Kelvin, cardiac index)

Figure 1.1 Types of data

2. Type of operation (cardiac, adult)
- valvular
- coronary artery
- myocardial
- pericardial
- other
3. Type of ICU admission
- medical
- surgical
- physical injury
- poisoning
- other
4. Adverse events (major cardiovascular)
- acute myocardial infarction
- congestive cardiac failure
- arrhythmia
- sudden death
- other

The simplest way to describe categorical datais to count the number of
observations in each group. These observations can then be reported
using absolute count, percentages, rates or proportions.

Ordinal data

If there is a natural order among categories, so that there isarelative
value among them (usually from smallest to largest), then the data can be
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considered as ordinal data. Although there is a semiquantitative
relationship between each of the categories on an ordinal scale, thereis
not a direct mathematical relationship. For example, a pain score of 2
indicates more pain than a score of 1, but it does not mean twice as much
pain, nor is the difference between a score of 1 and O equal to the
difference between a score of 3 and 2.

For ordinal data, a numerical scoring system is often used to rank the
categories; it may be equally appropriate to use a non-numerical record
(A, B, C, D; or +, ++, +++, ++++). A numerical scoring system does,
however, have practical usage, particularly for the convenience of data
recording and eventual statistical analyses. Nevertheless, ordinal data
are, strictly speaking, atype of categorical data. Once again these
observations can be described by an absolute count, percentages, rates or
proportions. Ordinal data can also be summarized by the median value

and range (see Chapter 2).

Examples of ordinal data
1. Pain score
0O=nopan
1 =mild pain
2 = moderate pain
3 =severepan
4 = unbearable pain
2. Extent of epidural block:
A =lumbar (L1-L5)
B =low thoracic (T10-T12)
C = mid-thoracic (T5-T9)
D = high thoracic (T1-T4)
3. Preoperative risk:
ASA* /Il =low risk
ASA [l = mild risk
ASA |V = moderate risk
ASA V = highrisk

Numerical data

Quantitative data are more commonly referred to as numerical data;

these observations can be subdivided into discrete and continuous
measurements. Discrete numerical data can only be recorded as whole

numbers (integers), whereas continuous data can assume any value. Put
simply, observations that are counted are discrete numerical data and

observations that are measured are usually continuous data.

Examples of numerical data

1. Episodes of myocardial ischaemia (discrete)
2. Body weight (continuous)

3. Creatinine clearance (continuous)

4. Cardiac index (continuous)

* ASA = American Society of Anesthesiologists physical status classification.
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5. Respiratory rate (discrete/ continuous)
6. Post-tetanic count (discrete)

There are circumstances where data are recorded on a discrete scale,
but may be considered as continuous data, if it is conceptually possible to
achieve any value throughout the possible range of values (even if the
observations are not recorded as such, or eventual statistical analysis
does not consider this possible precision). For example, although
respiratory rate is generally considered to only have discrete values, and
isusually recorded as such, it is possible that any value may exist (at any
one time) and a value of, say, 9.4 breaths/ min is meaningful. This would
not be the case, for example, with number of episodes of myocardial
ischaemia.

It has to be admitted that the distinction between discrete and
continuous numerical data is sometimes blurred, so that discrete data
may assume the properties of continuous data if there is alarge range of
potential values. )

Continuous data can also be further subdivided into either an interval
or ratio scale, Whereby data on aratio scale have atrue zero point and
any two values can be numerically related, resulting in atrue ratio. The
classic example of thisis the measurement of temperature. If temper-
atures are measured on a Celsius scale they are considered interval data,
but when measured on a Kelvin scale they are ratio data: 0°C is not zero
heat, nor is 26°C twice as hot as 13°C. However, this distinction has no
practical significance for our purposes, as both types of continuous data
are recorded and reported in the same way, and are dealt with using the
same statistical methods.

Numerical data are usually reported as mean and standard deviation,
or as median and range (see Chapter 2).

In general, the observations of interest in aresearch study are also
referred to as variables, in that they can have different values (i.e. they
can vary). So that, for example, gender may be referred to as a categorical
or dichotomous variable, and cardiac index as a continuous variable.
Studies may include more than one type of data.

For example, in a study investigating the comparative benefits of
patient controlled analgesia after cardiac surgery, Myles et a. 1 recorded
the following outcomes: pain score, where O = no pain, 1 = mild pain, 2 =
moderate pain, 3 = severe pain and 4 = unbearable pain (these are ordinal
data); incidence of respiratory depression (categorical data); total
morphine consumption (continuous data) and serum cortisol level
(continuous data).

As another example, Gutierrez et a1. 2 investigated whether outcome in
the ICU could be improved with therapy guided by measurement of
gastric intramucosal pH (pHi). Outcomes of interest included number of
organs failed in each patient (discrete data), incidence of organ failure
(categorical data), pHi (continuous data) and blood pressure (continuous
data). They also recorded therapeutic interventions, including the
therapeutic intervention scoring system (TISS) (ordinal data), use of
inotrope infusions (categorical data) and bicarbonate administration
(yes/no: dichotomous, categorical data).
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Visual analogue scale (VAS)

A frequently used tool in anaesthesia research is the 100 mm visual
analogue scale (VAS).3 Thisis most commonly used to measure
postoperative pain, but can also be used to measure a diverse range of
(mostly) subjective experiences such as preoperative anxiety,
postoperative nausea, and patient satisfaction after I CU discharge.
Because there are infinite possible values that can occur throughout the
range 0-100 mm, describing a continuum of pain intensity, most
researchers treat the resulting data as continuous. 45 |f there is some
doubt about the sampl e distribution, then the data should be considered
ordinal.

There has been some controversy in the literature regarding which
statistical tests should be used when analysing VAS data.4,5 Some
statistical tests (‘parametrictests’) assume that sample data have been
taken from a normally distributed population. Mantha et al.4 surveyed
the anaesthetic literature and found that approximately 50%6 used
parametric tests. Dexter and Chestnuts used a multiple resampling (of
VAS data) method to demonstrate that parametric tests had the greater
power to detect differences among groups.

Myles et al.6 have recently shown that the VAS has properties
consistent with alinear scale, and thus VAS scores can be treated asratio
data. This supports the notion that a change in the VAS score represents
arelative change in the magnitude of pain sensation. This enhances its
clinical application.

Neverthel ess, when small numbers of observations are being analysed
(say, less than 30 observations), it is preferable to consider VAS data as
ordinal.

For a number of practical reasons, aVAS is sometimes converted to a
'verbal rating scale', whereby the subject is asked to rate an endpoint on
ascale of 0-10 (or 0-5), most commonly recorded as whole numbers. In
this situation it is preferable to treat the observations as ordinal data.

Changing data scales

Although data are characterized by the nature of the observations, the
precision of the recorded data may be reduced so that continuous data
become ordinal, or ordinal data become categorical (even dichotomous).
This may occur because the researcher is not confident with the accuracy
of their measuring instrument, is unconcerned about loss of fine detail, or
where group numbers are not large enough to adequately represent a
variable of interest. In most cases, however, it ssmply makes clinical
interpretation easier and thisisthe most valid and prevalent in the
medical literature.

For example, smoking status can be recorded as smoker/non-smoker
(categorical data), heavy smoker/light smoker/ex-smoker/non-smoker
(ordinal data), or by the number of cigarettes smoked per day (discrete
data).

Another example is the detection of myocardial ischaemia using ECG
ST-segment monitoring - these are actually continuous numerical data,
whereby the extent of ST-segment depression is considered to represent
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the degree of myocardial ischaemia. For several reasons, it is generally
accepted that ST-segment depression greater than 1.0 mm indicates
myocardial ischaemia, so that ST-segment depression less than this value
is categorized as 'no ischaemia’ and that beyond 1.0 mm as 'ischaemia. 7
Thisresultsin aloss of detail, but has widespread clinical acceptance (see
Chapter 8 for further discussion of thisissue).

References
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Descriptive statistics

Measures of central tendency Confidence intervals
-mode Frequengly distributions
-median -norm
-mean -binomial

Degree of dispersion -Poisson
-range | Data transformation
-percentiles Rates and proportions
-varlance Incidence and prevalence
-standard deviation Presentation of data
-standard error

Key points

+ The central tendency of afrequency distribution can be described by the
mean, median or mode.

e The mean is the average value, median the middle value, and mode the most
common value.

» Degree of dispersion can be described by the range of values, percentiles,
standard deviation or variance.

+ Standard error is a measure of precision and can be used to calculate a
confidenceinterval.

* Most biological variation has a normal distribution, whereby approximately
95% of observations lie within two standard deviations of the mean.

« Datatransformation can be used to produce a more normal distribution.

Descriptive statistics summarize a collection of data from a sample or
population. Traditionally summaries of sample data ('statistics) are
defined by Roman letters (z, s,,, etc.) and summaries of population data
(‘parameters’) are defined by Greek letters (y, ¢, €tc.).

Individual observations within a sample or population tend to cluster
about a central location, with more extreme observations being less
frequent. The extent that observations cluster can be described by the
central tendency. The spread can be described by the degree of
dispersion.

For example, if 13 anaesthetic registrars have their cardiac output
measured at rest, their results may be: 6.2, 4.9, 4.7,5.9, 5.2, 6.6, 5.0, 6.1, 5.8,
5.6, 7.0, 6.6 and 5.5 1 /min. How can their data be summarized in order to
best represent the observations, so that we can compare their cardiac
output data with other groups?

The most simple approach isto rank the observations, from lowest to
highest: 4.7, 4.9,5.0,5.2,5.5, 5.6, 5.8, 5.9, 6.1, 6.2, 6.6, 6.6 and 7.0/min. We
now have a clearer idea of what the typical cardiac output might be,
because we can identify a middle value or a commonly occurring value
(the smallest or largest value is least likely to represent our sample

group).
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Measures of central tendency

The sample mode is the most common value. In the example aboveit is
6.6 1/min. This may not be the best method of summarizing the data (in
our example it occurs twice, not much more frequent than other
observations).

If the sampleisranked, the median isthe middle value. If thereis an
even number of observations, then the median is calculated as the
average of the two middle values. In the example above it is 5.8 1/min.

The mean (or more correctly, the arithmetic mean) isthe average
value. It is calculated as the sum of (depicted by the Greek letter, Y,) the
observations, divided by the number of observations. The formulafor the
mean is:

_ Xx
mean, ¥ =<

where x = each observation, and n = humber of observations. In the
example, the mean can be calculated as 75.1/13 = 5.78 1/min.

The mean is the most commonly used single measure to summarize a
set of observations. It isusually areliable measure of central tendency.

Degree of dispersion

The spread, or variability, of a sample can be readily described by the
minimum and maximum values. The difference between them is the
range. In the example above, therangeis (7.0 - 4.7) 2.3 1/min. The range
does not provide much information about the overall distribution of
observations, and is also heavily affected by extreme values.

A clearer description of the observations can be obtained by ranking
the data and grouping them into percentiles. Percentiles rank obser-
vations into 100 equal parts. We then have more information about the
pattern of spread. We can describe 25%, 50%, 75%, or any other amount
of observations. The median is the 50th centile. If we include the middle
50% of the observations about the median (25th to 75th centile), we have
the interquartile range. |n the example above, the interquartile range is
5.2-6.1 I/min.

A better method of measuring variability about the mean is to see how
closely each individual observation clusters about it. The variance is such
amethod. It sums the sguare of each difference ('sum of squares’) and
divides by the number of observations. The formulafor variance is:

Y(x - %)

2_
sc =
x n-1

The expression within the parentheses is squared so that it removes
negative values. The formulafor the variance (and standard deviation,
see below) for a population has the value 'n' as the denominator. The
expression'n -1' is known as the degrees of freedom and is one less than
the number of observations. Thisis explained by a defined number of
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observations in a sample with a known mean - each observation is free to
vary except the last one which must be a defined value.

The degrees of freedom describe the number of independent observa-
tions or choices available. Consider a situation where four numbers must
add up to ten and one can choose the four numbers (n = 4). Provided that
one does not choose the largest remainder, it is possible to have free
choice in choosing the first three numbers, but the last number is fixed by
the first three choices. The degee of freedom was (n - 1).

The degrees of freedom is used when cal culating the variance (and
standard deviation) of a sample because the sample mean is a
predetermined estimate of the population mean (each individual in the
sample is arandom selection, but not the fixed sample mean value).

The variance is measured in units of x2. Thisis sometimes difficult to
comprehend and so we often use the square root of variance in order to
retain the basic unit of observation. The positive square root of the
variance is the standard deviation (SD or sx).

The formulafor SD is:

=y

In the example above, SD can be calculated as 0.7141/min.

Another measure of variability isthe coefficient of variation (CV).
This considers the relative size of the SD with respect to the mean. It is
commonly used to describe variability of measurement instruments. It is
generally accepted that a CV of less than 5% is acceptable reproducibility.

CV = SD/mean x 100%

There are many sources of variability in data collection. Biological
variability - variation between individuals and over time - isa
fundamental source of scatter. Another source of variability is
measurement imprecision (this can be quantified by the CV). These types
of variability result in random error. Lastly, there are mistakes or biases
in measurement or recording. Thisis systematicerror. Determined
efforts should be made to minimize random and systematic error.
Random error can be reduced by use of accurate measurement
instruments, taking multiple measurements, and using trained observers.
The ability to detect differences between groups is blurred by large
variance, and this inflates the sample size that is needed to be studied.
Systematic error cannot be compensated for by increasing sample size.

Another measure of variability isthe standard error (SE). Itis
calculated from the SD and sample size (n):

SD
SE=r

Standard error is a much smaller numerical value than SD and is often
presented (wrongly) for this reason. It is not meant to be used to describe
variability of sample data-1-5 It is used to estimate a population para-
meter from asample - it is ameasure of precision.
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Standard error is also known as the standard error of the mean. If one
takes a number of samples from a population, we will have a mean for
each sample. The SD of the sample means is the standard error.

In the example above we selected 13 individuals and measured their
cardiac outputs. If we now selected a second group of (say) 11 individuals
(n = 11), and then athird (n = 8), afourth (n = 13), and perhaps a fifth
(n = 15), we would have five different sample means. Each may have
sampled from the same population (in our example these may be
anaesthetic registrars within aregional training programme) and so each
sample could be used to estimate the true popul ation mean and the SD.
The five sample means would have their own distribution and it would
be expected to have less dispersion than that of all the individualsin the
samples, i.e.

sample A (n = 13) mean 5.78 I/ min
sample B (n = 11) mean 5.54 1/min
sample C (n = 8) mean 5.99 1/min
sample D (n = 13) mean 6.12 1/min
sample E (n = 15) mean 5.75 1/min
mean (of 5 samples): 5.841/min

SD of the 5 sample means: 0.23 1/min

The SE represents the SD of the sample means (0.23 1/min). But we do
not generally take multiple samples and are left to determine the SE from
one sample. The example above (sample A) has an SD of 0.714 and an SE
of (0.714/3.61) = 0.201/min.

In general we are not interested in the characteristics of multiple
samples, but more specifically how reliable our one sampleisin
describing the true population. We use SE to define a range in which the
true population mean value should lie.

Standard error is used to calculate confidenceintervals, and soisa
measure of precision (of how well sample data can be used to predict a
population parameter). If the sampleisvery large (with alarge value of
n), then prediction becomes more reliable. Large samples increase
precision. We stated above that random error can be compensated for by
increasing sample size. Thisis an inefficient (and possibly costly) method,
as ahalving of SE requires afour-fold increase in sample size (sg4 = 2).

Confidence intervals

Confidence intervals are derived from the SE and define a range of values
that are likely to include a population parameter. The two ends of the
range are called confidence limits.

The width of the confidence interval depends on the SE (and thus
sample size, n) and the degree of confidence required (say 90, 95 or
99%) : 95% confidence intervals (95% CI) are most commonly used. The
range, 1.96 standard errors either side of the sample mean, has a 95%
probability of including the population mean; and 2.58 standard errors
either side of the sample mean has a 99%o probability of including the
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population mean, i.e.
95% CI of the mean = sample mean + (1.96 x SE)

The 95% CI should be distinguished from a property of the normal
distribution where 95%b of observations lie within 1.96 standard
deviations of the mean. The 95% CI relates to the sample statistic (e.g.
mean), not the individual observations. In asimilar way, the SD indicates
the spread of individual observations in the sample, while the SE of the
mean relates the sample mean to the true population mean.

In our example above, 95% CI can be calculated as the mean (5.78) +
(1.96 x 0.198), that is5.39 to 6.171/min. This states that the probability (P)
of the true population cardiac output lying within thisrangeis P = 0.95,
or 95%. It can also be stated that 95% of further sample means would lie
in this range.

Confidence intervals can be used to estimate most popul ation
parameters from sampl e statistics (means, proportions, correlation
coefficients, regression coefficients, risk ratios, etc. - see later chapters).
They are all calculated from SE (but each has a different formulato
estimate its SE).

Example 2.1 A set of observations: creatinine clearance values (x, ml/min)in 15
critically ill patients. IQR = interquartile range, Cl = confidence interval

Patient X (X- x)2

1 76 8.54 72.9

2 100 32.54 1059

3 46 -21.46 4620

4 65 _2.46 6.1 range = 81 (26 to 107)
5 89 11.54 133 mode = 76

6 37 -30.46 928 median = 68

7 59 -8.46 71.6 IQR = 52.5t0 82.5
8 68 0.54 0.25

9 107 39.54 1563
10 26 -41.46 1719
11 38 -29.46 868
12 90 22.54 508
13 75 7.54 56.9
14 76 8.54 72.9
15 60 -7.46 55.7

total (sum) = 1012 7930

mean, x =1012/15 = 67.46

SD = sq(7930/14) =23.8
SE=23.8/3.87=6.14

95% CI of the mean = 55.4t0 79.5

Frequency di stri butions

It is useful to summarize a number of observations with a frequency

distribution. Thisis aset of all observations and their frequencies. They
may be summarized in atable or agraph (see also Figures 2.1 and 2.2).
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Frequency

0-20 21-40 41-60 61-80 81-100 101-120

Creatinine clearance (mi/min)

Figure 2.1 A bar diagram of the distribution of creatinine clearance valuesin
criticaly ill patients

Example 2.2 From Example 2.1 we can summarize the frequency distribution of
creatinine clearance values (CrCl, ml/min) when categorized into intervals

CrCl Relative Cumulative
interval Frequency frequency frequency
0-20 0 0 0
21-40 3 0.2 0.20
41-60 3 0.2 0.40
61-80 5 0.33 0.73
81-100 3 0.2 0.93
101-120 1 0.07 1.0
>
Q
c
Q
3
o
o
u

Creatinine clearance (ml/min)

Figure 2.2 A frequency distribution curve of creatinine clearance values in
critically ill patients

Normal distribution

Most biological variation has atendency to cluster around a central value,
with a symmetrical positive and negative deviation about this point, and
more extreme values becoming less frequent the further they lie from the
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central point. These features describe a normal distribution and can be
plotted as a normal distribution curve. It is sometimes referred to
as a Gaussian distribution after the German mathematician, Gauss
(1777-1855).

If we now look at the formulafor the normal distribution, we can see
that there are two parameters that define the curve, namely p (mu, the
mean) and 6 (sigma, the standard deviation); the other terms are
constants:

) =—7 12n ol - e

The standard normal distribution curve (Figure 2.3) is a symmetrical
bell-shaped curve with amean of 0 and a standard deviation of 1. Thisis
also known asthe z distribution. It can be defined by the following
eauation:

1 gyR
fix) = T e-1/2x?)
A ztransformation convertsany normal distribution curveto a
standard normal distribution curve, with mean =0, SD = 1. Theformula
forzis.

_X-u

“=73D
wherey = mean. Thisresultsin a standardized score, z, i.e. the number
of standard deviations from the mean in a standard normal distribution
curve. It can be used to determine probability (by referringto az tablein
areference book).

Using Example 2.1 above, we can determine the probability of a
creatinine clearance value less than 40 ml/min if we assume that the
sample data are derived from a normal distribution and the sample mean
and SD represent that popul ation:

_40-675

=38 - 1.16

Figure 2.3 The standard normal distribution curve (mean 0, standard deviation
1.0)
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l.Iv L:viie~1Yeiiutl uw a wile-Laiieuf r value Or U.rZ. rnis means mat to
probability of acritically ill patient having a creatinine clearance of les
than 40 mI/minis 0.12 (or 12%0). In other words, it would not b,
considered a very uncommon event in this population.

Asthe number of observations increases (say, h > 100), the shape of
sampling distribution will approximate a normal distribution curve eve]
if the distribution of the variable in question is not normal. This i
explained by the central limit theorem, and indicates why the norma
distribution is so important in medical research.

The normal distribution curve has a central tendency and a degree o
dispersion. The mode, median and mean of this curve are the same. The
probability is equal to the area under the curve. In a normal distribution
one SD either side of the mean includes 68% of the total area, twc
standard deviations 95.4%, and three standard deviations 99.7%. 95% o
the population lie within 1.96 standard deviations.

Many statistical techniques have assumptions of normality of the data
It is not necessary for the sample data to be normally distributed, but i
should represent a population that is normally distributed -56 |t i;
preferable to be able to demonstrate this, either graphically or by using i
'goodness of fit' test (see Chapters 5 and 11).

In some circumstances there is an asymmetric distribution (skew), sc
that one of the tailsis elongated. If adistribution is skewed, then the
measures of central tendency will differ. If the distribution is skewed tc
the right, then the median will be smaller than the mean. The median i;
a better measure of central tendency in a skewed distribution. If sampef
data are skewed, they can first be transformed into a normal distribution
and then analysed (see below). Kurtosis describes how peaked thf
distribution is. The kurtosis of anormal distribution is zero.

A bimodal distribution consists of two peaks and suggests that the
sampl e is not homogeneous but possibly represents two different
populations.

Binomial distribution
A binomial distribution existsif a population contains items which
belong to one of two mutually exclusive categories (A or B), e.g.

male/female
complication/no complication

It has the following conditions:

1. There are afixed number of observations (trials)

2. Only two outcomes are possible

3. Thetrials are independent

4. Thereis aconstant probability for the occurrence of each event

The binomial distribution describes the probability of eventsin afixed
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number of observations, i.e.
if P(A)=m, then P(B)=1-1x

if no. of observations = n and number of A = r, then number of
B=n-r

The probability of any event in a binomial distribution can be
calculated from this formula:

P(r) = (’:)nr(l N

Example 2.3 If previous experience suggests that 20% of patients require overnight
admission to hospital after laparoscopic surgery, what will be the likelihood of
exactly two patients being admitted after a list of nine cases?

i.e.m=020,n=9,r=2

PE) = (2)0.22(1 ~02y

P@) = %-?0.22(1 - 0.2)7 = 36.(0.04).(0.21) = 0.30

In this example, the probability of two patients being admitted is approximately 30%.

If the number of observations is very large, and the probability of an
event is small, then calculation of binomial probabilities can be quite
tedious. An approximation known as the Poisson distribution can be
used.

Poisson distribution

A Poisson distribution is calculated from an exponential formula, and
calculates the probability of events in a fixed time interval. It is used to
describe rare, random processes. It has a single parameter, A, which is
both the mean and the variance:

P(r) = %T et

The Poisson distribution has the following conditions:

1. Events occur randomly
2. Events occur independently
3. Events occur uniformly and singly

Example 2.4 If there were 122 late (after 8 pm) admissions to a post-anaesthetic
recovery room over a one-year period (thus mean rate, A = 0.33/day), what is the
probability of (say) more than one late admission occurring on any one day? (This
query may have relevance if planning staffing levels)

A=0.33 r>1
P0) =038 =0.72 and P(1) = 033(1 + 0.33) = 0.24
thus, P(0 or 1) = 0.96 and so P(> 1) = 0.04

Thus, the probability that more than one patient would be admitted after
8 pm is 4%.
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Data transformation

In some circumstances it may be preferable to transform a distribution so
that it approximates a normal distribution. This generally equalizes
group variances, and makes data analyses and interpretation easier.6 This
is auseful approach if sample data are skewed.

The most commonly used transformation is a log transfor mation. This
can result in a mean that is independent of the variance, a characteristic
of anormal distribution.6

The antilog of the mean of a set of logarithmsisa geometric mean. It
is agood measure of central tendency if adistribution is skewed.

Rates and proportions

A rate isameasure of the frequency of an event. It consists of a numerator
(number of events) and a denominator (number in the population). For
example, if 14 colorectal surgical patients have died in a hospital
performing 188 cases in the previous 12 months, the reported mortality
rate would be 14/174 (= 0.0805), or 8.05%. Note that a rate does not
include the number of events in the denominator.

A proportion includes the numerator within the denominator. It has a
value between O and 1.0, and can be multiplied by 10096 to give a
percentage. In our colorectal surgical example, the proportion of deaths
is14/188 (= 0.0745), or 7.45%. Rates are sometimes used interchangeably
with proportions (e.g. mortality 'rates often include the deathsin the
denominator). Thisisacommon practice that is generally accepted.

Two proportions may be compared by combining them as a ratio. For
example, a risk ratio isthe incidence rate of an event in an exposed
population versus the incidence rate in a non-exposed population. If the
risk ratio is greater than 1.0, there is an increased risk with that exposure.

Incidence and prevalence

Incidence and preval ence are often used interchangeably, but they are
different and this difference should be understood. Incidence isthe
number of individuals who develop a disease (i.e. new case) in agiven
time period. The incidence rate is an estimate of the probability, or risk,
of developing a disease in a specified time period.

Prevalence isthe current number of cases (pre-existing and new).
Prevalence is a proportion, obtained by dividing the number of indi-
viduals with the disease by the number of people in the population.

Presentation of data

The mean is the most commonly used single measure to summarize a set
of observations. It is usually areliable measure of central tendency. This
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is because most biological variation is symmetrically distributed about a
central location. Mean and SD are the best statistics to use when
describing data from a normal distribution.

It has been suggested that the correct method for presentation of
normally distributed sample data variability is mean (SD) and not mean
(= SD).7 The '+' symbol implies that we are interested in the range of one
SD above and below the mean; we are generally more interested in the
degree of spread of the sample data.

One of the weaknesses of the mean isthat it is affected by extreme
values. In these circumstances it may be preferable to use median or
geometric mean as a measure of central tendency, and range or inter-
quartile range for degree of spread. The mode is best used if the data have
a bimodal distribution.

Ordinal data should be described with mode or median, or each
category as number (%6). Categorical data can be presented as number

A box and whisker plot (Figure 2.4) can be used to depict median,
interquartile range and range. For example, we can use our data from
Example 2.1 and depict the median (line through box), interquartile range
(box) and whiskers (5% and 95% centiles, or minimum and maximum).

Tables and diagrams are convenient ways of summarizing data. They
should be clearly labelled and self-explanatory, and as simple as possible.
Most journals include specific guidelines and these should be followed.

Tables should have their rows and columns labelled. Excessive detail
or numerical precision (say, beyond 3 significant figures) should be
avoided. Graph axes and scal es should be labelled. If the axis does not
begin at the origin (zero), then a break in the axis should be included.

On some occasions it may be acceptable to use standard error bars on
graphs (for ease of presentation), but on these occasions they should be
clearly labelled.
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Figure 2.4 A box and whisker plot of creatinine clearance datain criticaly ill
patients
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Principles of probability and

Inference
Samples and populations Confidence intervals
Inferential statistics Sample size and power calculations
-definition of probability Parametric and non-parametric tests
-null hypothesis Permutation tests
-Pvalue Bayesian inference
-type 1 and type I error

Key points

A sampleisagroup taken from a population.

Data from samples are analysed to make inferences about the population.
The null hypothesis statesthat there is no difference between the population
variablesin question.

Atypel or alphaerror iswhere one rejectsthe null hypothesisincorrectly.

A typell or betaerror iswhere one accepts the null hypothesisincorrectly.

The P valueisthe probability of the event occurring by chanceif the null
hypothesisistrue.

A Confidenceinterval indicates where the true population parameter
probably lies.

Power isthelikelihood of detecting a difference between groupsif one exists.
Samplesizeisdetermined by a, (delta, the difference between groups)
and sigma2 (variance).

Samples and populations

A

sampleisagroup taken from a population. The population may be all

human beings on the earth, or just within a specific country, or all
patients with a specific condition. A population may also consist of
laboratory animalsor cell types. A population, therefore, is not defined
by geography, but by its characteristics. Examples of populations studied

in
1
2.
3.

4.
5.

anaesthesia include:

All day stay surgical patients undergoing general anaesthesia
Low-risk coronary artery bypass graft surgery patients
Critically ill patientsin ICU with septic shock

Women undergoing caesar ean section under spinal anaesthesia
Skeletal muscle fibres (from quadriceps muscle biopsy)

A clinical trial involves selecting a sample of patients, in the belief that

the samplerepresentsthe response of the aver age patient in the
population. Therefore, when applying theresults of atrial to your

pr

actice, it remainsimportant first to decideif the patientsrecruited in

thetrial (thetrial ‘sample’) are similar to those that you wish to apply the
resultsto (your clinical practice'population’).

i

|
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Clear description and consideration of inclusion and exclusion criteria
are therefore required.

Sample data are estimates of population parameters. Sampling
procedures are therefore very important when sel ecting patients for
study, so that they ultimately represent the population. Two common
methods are to sequentially select all patients until the required number
is obtained, or to randomly select (thisis preferable) from alarger
population. If patients are selected by other criteria, then it may bias the
sample, such that it does not truly represent the population. In general,
the larger the sample size, the more representative it will be of the
population, but this involves more time and expense.

|nferential statistics

Inferential statisticsis that branch of statistics where data are collected
and analysed from a sample to make inferences about the larger
population. The purpose is to derive an estimate of one or more
popul ation parameters, so that one may answer questions or test
hypotheses.

The deductive philosophy of science attributes man with an inquiring
mind that asks questions about himself and the environment. Each
question is refined to produce a specific hypothesis and logical
implications of the hypothesis that can be specifically tested. A scientific
method is used to collect evidence, either by observation or controlled
experiment, to try to support or refute the hypothesis.

Hypothesis tests are thus procedures for making rational decisions
about the reality of observed effects. Most decisions require that an
individual select a single choice from a number of alternatives. The
decision is usually made without knowing whether or not it is absolutely
correct. A rational decision is characterized by the use of a procedure
which ensures that a probability of successisincorporated into the
decision-making process. The procedure is strictly proscribed so that
another individual, using the same information, would make the same
decision.

The effects under study may be quantitative or qualitative, and can be
summarized as various statistics (differences between means,
contingency tables, correlation coefficients, etc.), each requiring an
appropriate hypothesis testing procedure.

Inlogic, it is preferable to refute a hypothesis rather than try to prove
one. Thereason for thisisthat it is deductively valid to reject a hypothesis
if the testable implications are found to be false (a method of argument
known as modustollens), but it is not deductively valid to accept a
hypothesis if the testable implications are found to be true (known as the
fallacy of affirming the consequent).

The specific implications may be found true (because of other
circumstances) even though the general hypothesis may be false.
Hypotheses may however be generally accepted based on weight of
supporting evidence and lack of contrary evidence. A hypothesis can be
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associated with a certain probability, P, also known asthe P value, which
indicates the likelihood that the result obtained, or one more extreme,
could have occurred randomly by chance, assuming that H 0 istrue.

If Pislessthan an arbitrarily chosen value, known as a or the
significance level, the H0 isrejected. However the H0 may be incorrectly
rejected and thisis known as amaking a type| error. By convention, the
avalueis often set at 0.05 which means that one accepts a 5% probability
of making atype | error. Other values for a can be chosen, depending on
circumstances.

Note that if multiple comparisons are made, then there isincreased
likelihood of atype error: the more you look for adifference, the more
likely you are of finding one, even by chance (see Chapter 11)!

A typell error occurs when one accepts the HO incorrectly and the
probability of this occurring istermed p, Thiswill be discussed later
when we talk about power.

Having rejected the H(, it isusual to accept the complementary
alternative hypothesis (H1), in this case that the drug does cause some
effect, (although strictly speaking we have not logically proved the HI or
asserted that it isin fact true). We accept the H| but should remember that
thisis specifically for the experimental conditions of the trial and the
sample tested. It is hoped that the results are generalizable to the
population. However, it is up to the researchers and readers to decide
whether or not thisisvalid.

In the example above, HI isthat there is a difference in mean heart rate.
The drug effect could be either to increase or decrease heart rate. Thisis
known as a two-tailed hypothesis and the two-tailed form of the sig-
nificancetest is used. We can just be interested in one direction of effect,
for example that the drug increases heart rate. In this case the
complementary H0 would state that these is no increase in heart rate, and
a one-tailed test is used.

The two-tailed test is so named because when we specify an a of 0.05
in atwo-tailed hypothesis, we are interested in results similar to or more
extreme than that observed (with no indication of direction). Thus we are
using the extremes at both ends or tails of the distribution, each tail
containing half the total a probability, in this case, 2.5%.

A one-tailed test at an a of 0.05 would use just one end of the
distribution and use different critical values to compare against the test
statistic. Two-tailed tests should usually be used unless there are clear
reasons specified in advance as to why one-tailed tests are appropriate for
that study !

We must remember that, based on our experiment, we make an
inference based on likelihood. A statistically significant result may or
may not be real becauseit is possible to make type | and type Il errors.
However, even if the result isreal, we still need to decide whether or not
the result isimportant. A very small effect may be real and shown to be
statistically significant, but may also be clinically unimportant or
irrelevant. The important finding is the likely size of the treatment effect
(see Chapter 11).

Some investigators conduct trials and report only the result of
significance tests; the null hypothesisis rejected, areal effect is observed
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and a P value is given indicating that the probability of this effect
occurring by chanceisvery low.

However, the use of only P values has been criticized because they do
not give an indication of the magnitude of any observed differences and
thus no indication of the clinical significance of the result. Confidence
intervals are often preferred when resenting results because they also
provide this additional information.

Confidence intervals

When estimating any population parameter by taking measurements
from a sample, there is always some imprecision expected from the
estimate. It is obviously helpful to give some measure of thisimprecision.

Thereis an increasing tendency to quote confidenceintervals(Cl),
either with P values or instead of them. Thisis preferable asit gives the
reader a better idea of clinical applicability. If the 95% CI describing the
difference between two mean values includes the point zero (i.e. zero
difference), then obviously P > 0.05.

A 95% CI for any estimate gives a 95% probability that the true
population parameter will be contained within that interval. Any % ClI
can be calculated, although 95% and 99% are the most common. Cls can
be calculated for many statistics such as mean, median, proportion, odds
ratio, slope of aregression line, etc.23

For example, in a study comparing the dose requirements for thio-
ﬁentone in pregnant and non-pregnant patients, 4 the ED5 (95% ClI) for

ypnosis in the pregnant group was 2.6 (2.3-2.8) mg/kg. Thus we can be
95% certain that the true population EDY is some value between 2.3 and
2.8 mg/kg. In addition, the pregnant to non-pregnant relative median
potency (95% ClI) for hypnosis was 0.83 (0.67-0.96). Because the 95% Cl
does not contain 1.0, we conclude that there is a significant differencein
median potency between the two groups.

The lowest and highest values of the Cl are also known as the lower
and upper confidence limits.

It is commonly thought that the 95% CI for the population mean is the
sample mean * (1.96 x SEM), where SEM isthe standard error of the
mean. However thisis only true for large sample sizes. If the sample size
issmall, the t distribution is applicable (see Chapter 5) and the 95% ClI
for the sample mean in small samplesis calculated as the mean of the
sample * (the appropriate t value corresponding to 95% x SEM).

Cl can be used to indicate the precision of any estimate. Obviously the
smaller the ClI the more precisely we assume the sample estimate
represents the true population value. Cl can also be used for hypothesis
testing.

For example, if the Cl for the difference between two means contains
zero, then one can conclude that there is no significant difference between
the two populations from which the samples were drawn at the
significance % of the Cl. Thusif we use a 95% Cl, thisis similar to
choosing an a value of 0.05.
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10

Troponin-|

Group A Group B Group C

Figure 3.1 Theoretical plots of the mean and 95% confidence intervals (Cls) for
troponin-1 levels (wg/1) in three patient groups after major surgery. The 95% CI
of group C do not overlap those of groups A and B, and so the differencein
means is statistically significant (P < 0.05). The 95% CI of group B overlapsthe
mean value of group A and so it is not statistically significantly different (at

P < 0.05)

It is possible to graphically illustrate the use of CI for hypothesis
testing in alimited manner (Figure 3.1). If we show three sample means
and their respective Cls, there is a significant difference between the
group means if the respective Cls do not overlap. There is no difference
if one CI includes the mean of the other sample. However, if the Clsjust
overlap, it is not easy to determine graphically whether or not thereis a
statistical difference between means and a statistical test is used.

For example, in a study comparing propofol requirements in normal
patients with that in patients with small and large brain tumours, 5 the
dose-response curves show that the 95% Cls for the control and small
brain tumour contain the ED50 for the other group (Figure 3.2). Thereis
thus no differencein ED, for these two groups. However, these 95% Cls
do not overlap the 95% CI for the large tumour group and so thereisa
differencein the ED,, of the large tumour group compared with the othgr
two. Note however that there is overlap of the 95% CI for the EDgs and it
is not clear from the graph whether or not this represents a significant
difference. In this example, the authors also used a statistical test of
significance.5

Cls can indicate statistical significance but, more importantly, by
illustrating the accuracy of the sample estimates, presenting the resultsin
the original units of measurement and showing the magnitude of any
effect, they reveal more information. This enables the investigator (or
reader) to determine whether or not any difference shown isclinically
significant.

Sample size and power calculations

The difference between a sample mean and population mean is the
sampling error. A larger sample size will decrease the sampling error.
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Figure 3.2 Calculated dose-response curves (log dose scale) for loss of response
to verbal command in patients with brain tumour and patients undergoing
non-cranial surgery. The 95% confidence intervals for the ED50 and ED % are
also displayed, slightly offset for clarity. Fraction of patients (out of ten) who
failed to respond to verbal command are shown as (¢) for patients with large
brain tumour, (X) for patients with small tumour and (.) for control patients
(From Chan et al. 5)

When designing atrial, two important questions are:

1. How large a sample is needed to allow statistical judgments that are
accurate and reliable

2. How likely is a statistical test able to detect effects of agiven sizein a
particular situation

Earlier we mentioned that it was possible to reject the HO incorrectly (a
type | error), or accept the H0 incorrectly (atype Il error). The investigator
sets athreshold for both these errors, often 0.05 for the type | or aerror,
and between 0.05 and 0.20 for the type 11 or beta error.

Power isthe likelihood of detecting a specified differenceif it exists
and it isequal to 1-beta For example, in a paper comparing the duration of
mivacurium neuromuscular block in normal and postpartum patients .6
power analysis téa = 0.1, a= 0.05) indicated that a sample size of 11 would
be sufficient to detect a three-minute difference in clinical duration of
neuromuscular block.

Performing power analysis and sample size estimation is an important
aspect of experimental design, 7,8 because without these cal culations
sample size may be too large or too small. If sample sizeistoo small, the
experiment will lack the precision to provide reliable answers to the
questions being investigated. If sample size istoo large, time and
resources will be wasted, often for minimal gain.

It is considered unethical to conduct atrial with low power because it
wastes time and resources while subjecting patients to risk. The simplest
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way to increase power in astudy isto increase the sample size, but power
isonly one of the factors that determine sample size.

There are various formulae for sample size depending on the study
design and whether one is looking for difference in means, proportions,
or other statistics.79 Nomograms8 and computer programs are also
available.

Asan example, if oneisinterested in calculating the sample size for a
two-sided study comparing the means of two populations, then the
following approximate formula can be used: 9

n > 21 Zzzl_ﬁ)z o
where 1 = the sample size required for each group, z,_,,, = the value for
the standard normal distribution for the 100(1-¢t/2) percentile, Z1.= the
value for the standard normal distribution for the 100(1-f) percentile, A
= the effect size, or difference, that one wishes to detect, and o® = the
variance in the underlying populations.

Useful values for a two-sided study are:

if o= 0.05, then 21 g2 = 1.96; if a=0.01, then 2y g = 2.58
if §=0.20, then zy_p=0.84; if $=0.10, then z;_5=1.28

It is evident that the sample size depends on these four factors:

1. Value chosen for a: a smaller a means a larger sample size

2. Value chosen for f: smaller B (higher power) means larger sample size

3. A (effect size): smaller A means larger sample size

4. o (variance) in the underlying populations: larger ¢ means larger
sample size

When using the sample size formula, the investigator can choose a, and
A .

delta. Traditionallg, many researchers choose beta = 0.2, but thisimpliesthat the
study only has 80% power (1 - 0.2), i.e. an 80% probability to detect a
difference if one exists. Why should we accept alower probability for a,
typically 0.05, than heta? Isit more important to protect against atype | or
type Il error? It has been argued that we should be more concerned about
type | error because rejecti nlg the H0 would mean that we are accepting
an effect and may incorrectly decide to implement a new therapy. It is
generally important not to do thislightly.

Committing atype I error and concluding falsely that there is no effect
will only delay the implementation of a new treatment (although this
presupposes that some satisfactory alternative exists). However both
errors are important and a and beta values should be considered carefully,
depending on the hypothesis being tested.

Delta, theeffect size, isthe difference that one wishesto detect. It is
more difficult to detect a small difference than alarge difference. Here the
investigator is called upon to decide what isa clinically significant
difference. Thisisarbitrary but should be plausible and acceptable by
most peers.

For example, a muscle relaxant may truly increase serum potassium by
0.05 mmol/l. However we may decide that a clinically significant
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increase in potassium is 0.3 mmol/l. Thus the sample sizeis set so that a
rise of 0.3 mmol/1 is detectable. In this case, we may well fail to detect the
true increase in serum potassium, but this isinconsequential because a
rise of 0.05 mmol/1 is not important. We have not however committed a
type Il error because the H 0 was that there is no difference as great as 0.3
mmol/I.

In another example, comparing postoperative morphine requirements
after ketamine induction compared with thiopentone induction, 10 the
effect size chosen was a 40% decrease in 24-hour morphine consumption.
This was the expected effect size from a previous study in a different
population. This effect was thought to be clinically relevant, although the
authors would not dispute that some others might consider 30% or 50%
to be thresholds for clinical relevance. Given the historical variance in
morphine requirement derived from their acute pain database, a sample
size of 20 was eventually calculated at a= 0.05 and beta = 0.2.

The effect size can be related to the standard deviation (deltalsigma) ad
cat eorized as small (< 0.2), medium (0.2-0.5) or large (> 0.5).

o thevariance inthe underlying populations, isthe only variable that
the investigator cannot choose. An estimate for this can be obtained from
pilot studies or other published data, if available. The greatest concernis
that if the variance is underestimated, on completion of the study at the
given sample size, the power of the study will be diminished and a
statistically significant difference may not be found.

The variance can also be minimized by maximizing measurement
precision. For example, estimation of cardiac output using the thermo-
dilution method has been shown to be mcmfrecise using measurements
in triplicate and with iced injectate. *+** Thus, inclusion of these
thermodilution methods in the study design can reduce the study cardiac
output variance, and so limit the sample size required.

Note from the above formulathat if one chooses delta equal to sigma thesetwo
would then cancel mathematically in the sample size formula. However
thisis not arecommended technique for calculating sample size when
one does not have an estimate of 0'.

Having calculated a sample size, one usually increases the number by
afactor based on projected dropouts from the study, and allowing for a
reasonable margin of error in the estimate of sigma. It is useful to recalculate
sample size for greater estimates of sigma because at times a surprisingly
large sample size is required for a small change in sigma and the feasibility of
the whole study may be in doubt.

Sample size estimations for numerical data assume a normal
distribution and so if the study data are skewed or non-parametric it is
common to increase the sample size estimate by at |east 10%.

The sample size formula for atwo-sided comparison of proportionsis: 9

(Z1_an + 71p)" P11 * P2
n> Az

where n = the sample size required for each group, z;_,, = the value for
the standard normal distribution for the 100(1-a/2) percentile, Z18= the
value for the standard normal distribution for the 100(1-f) percentile, p,
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and p2 = the expected proportions in the two groups, ¢l and 3, =1-pl and
1-p2 respectively, delta = the effect size, which is pl-p2.

Thus, the sample size for a difference in proportions depends on four
factors:

1. Vaue chosen for a: asmaller a means alarger sample size

2. Value chosen for beta: smaller beta (higher power) means larger sample size
3. A (effect size, p1 5y. smaller A means larger sample size

4. Number of study endpoints (pl): rare eventsrequire larger sample size

There may also be several outcomes of interest and the sample size
calculations for each of these outcomes may be different. Good trial
design dictates that the sample size should be based on the Primary
endpoint, though it may be further increased if important secondary
endpoints are also being studied.

Although asample size is calculated, apriori, before the study begins,
it is also useful to use the same formulato calculate the power of the
study, a posteriori, after the study has been completed. This can be useful
when the H( is accepted because it indicates how likely a given difference
could have been detected using the actual standard deviation from the
final study samples, rather than the original estimate.

Previous authors have noted that many published studies had failed to
study an adequate number of patients, such that they were unlikely to
have reliably determined atrue treatment effect if it existed. /21314 This
has been a common error in anaesthesia studies (see Chapter 11).

Parametric and non-parametric tests

In the previous discussion of statistical inference and hypothesis testing,
it was necessary to determine the probability of any observed difference.
This probability is based on the sampling distribution of atest statistic. It
isimportant to realize that there are assumptions made when using these
test statistics (see also Chapters 5 and 6).

Parametric tests are based on estimates of parameters. In the case of
normally distributed data, the tests are based on sampling distributions
derived from p or Sigma Parametric tests are based on the actual magnitude
of values (quantitative, continuous data), and can only be used for data
on a numerical scale (cardiac output, renal blood flow, etc.). The
parametric tests discussed later in this book have many inherent
assumptions and thus should only be used when these are met.

Non-parametric tests were developed for situations when the
researcher knows nothing about the parameters of the variable of interest
in the population. 1s Non-parametric methods do not rely on the
estimation of parameters (such as the mean or the standard deviation).
Non-parametric tests should generally be used to analyse ordinal and
categorical data (rating of patient satisfaction, incidence of adverse
events, etc.).

A common criticism of non-parametric testsis that they are not as
powerful as parametric tests. This means that they are not as likely to
detect a significant difference as parametric tests, if the conditions of the
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parametric test are fulfilled. When the parametric assumptions are not
met, non-parametric tests often become more powerful. 1

Proponents of parametric tests agree that non-parametric methods are
most appropriate when the sample sizes are small. However, the tests of
significance of many of the non-parametric statistics described here are
based on asymptotic (large sample) theory and meaningful tests often
cannot be performed if the sample sizes become too small (say, n < 10).
When the data set is large (say, n > 100), it often makes little sense to use
non-parametric statistics because the sample means will follow the
normal distribution even if the respective variable is not normally
distributed in the population, or is not measured very well. Thisisa
result of an extremely important principle called the central limit
theorem.

The central limit theorem states that, as the sample size increases, the
shape of the sampling distribution approaches normal shape, even if the
distribution of the variable in question is not normal. For n = 30, the
shape of that distribution is'almost’' normal. Ordinal data can be
analysed with parametric tests in large samples, particularly if the sample
data represent a population variable on a continuous scale. 16

Proponents of the non-parametric tests argue that the power of these
testsis very close to the parametric tests even when all conditions for the
parametric test are satisfied. When the parametric assumptions are not
met, non-parametric tests actually become more powerful. Power
efficiency isthe increase in sample size necessary to make the test as
powerful at an alphalevel and given sample size. Asymptotic relative
efficiency isthe same concept for large sample sizes, and is independent
of the type | error. The power for the common non-parametric testsis
often 95% of the equivalent parametric test. 15

Permutation tests17.18

There has been renewed interest in athird approach for testing signifi-
cance, apart from using the common parametric and non-parametric
statistics. One important assumption of statistical inference is that the
samples are drawn randomly from the population. In reality, thisis
almost never the case. Our samples are mostly not truly random samples
from the population but are instead comprised only of subjects to which
we have access and are then able to recruit. Thus the subjects who enter
atrial conducted in a hospital will depend on many geographical and
social aswell as medical factors influencing admissions to a particular
hospital. In aimost all clinical trials, we actually study a non-random
sample of the population that undergoes random allocation to
treatments. It could be argued then that the results of the trial cannot be
generalized to the population at large and it is inappropriate to determine
the probability of any differences based on sampling theory from the
population. 17.18

An alternative per mutation test works out all the possible outcomes
given your sample size, determines the likelihood of each of them and
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then calculates how likely it is to have achieved the given result or one
more extreme.

As asimple example, consider tossing a coin six times to determine
whether or not the coin was biased. If the outcome of interest isthe
number of heads, the probabilities range from: P(0 heads) to P(6 heads).
We can thus work out the probability of getting aresult as extreme as 1
head by P(0 heads) + P(1 head) + P(5 heads) + P(6 heads) = 14/64! This
being greater than an arbitrary P value of 0.05 would lead us to conclude
that the coin was not biased. However if we got 0 heads, the probability
of aresult this extreme is P(0 heads) + P(6 heads) = 2/64, that is less than
an arbitrary P value of 0.05 would lead us to conclude that the coin was
biased. Note that we have used a two-tailed hypothesis in these
examples.

Thus the permutation tests provide aresult exactly applicable to the
samples under study and make no assumptions about the distribution of
the underlying (and remaining) population. We are however usually
interested in generalizing our specific sample results to the population
and it appears that permutation tests do not permit this. However, if
other researchers replicate the trial with different samples and achieve
similar conclusions, then the weight of evidence would lend us to
support (or reject) the overall hypothesis.

The only permutation test in common use is Fisher's exact test
(Chapter 6). Thisis because the permutations are very time intensive and
only ¥ece_rt1)ltly has the advent of personal computers made these tests
more feasible.

Bayesian inference

Use of Pvalue to o_IeterrBiﬂe whether an observed effect is statistically
significant hasits critics. %< Thisis because a P value is a mathematical
statement of probability; it both ignores how largeisthe treatment effect,
and conclusions based solely on it do not take into consideration prior
knowledge. Thus, an observed effect that is not statistically significant,
but is consistent with previous study results, is more likely to be true than
asimilar treatment effect observed that had not been previously reported.

Clinicians do not consider atrial result in isolation. They generally
consider what isal ready known and judge whether the new trial
information modifies their belief and practice. Thisis one explanation
why clinicians may reach different conclusions from the same study data.

A Ba¥esian approach incorporates prior knowledge in its con-
clusion. %22 |t has been developed from Bayes theorem*, aformula used
to calculate the probability of an outcome, given a positive test result (see
Chapter 8). It combinesthe prior probability and the study P value, to
calculate a posterior probability.

For example, if anew alpha2agonist istested to seeif it reduces the
rate of myocardial ischaemia, it would be a plausible hypothesis because
of what is known about other alpha2agonists. The resultant P value is

Thomas Bayes (1763): “An essay towards solving a problem in the doctrine of chances'.
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0.04. There are two possible explanations for this result. Either, it was a
chance finding (1 in 25) or it was atrue effect of the new drug. The second
option makes much more sense because of prior knowledge (this would
still be the case if the P value was 0.06).

Alternatively, if the same study also found that the new alpha2 agonist
reduced the rate of vomiting (P = 0.04), thiswould be more likely to be a
chance finding. This is because prior knowledge suggests that, if
anything, other alpha2agonists increase the risk of nausea and vomiting.

Bayesian inference has appeal because it considers the totality of
knowledge. 1923 |1y fact, there are literally two opposing camps of statis-
ticians: frequentists and Bayesianists!

One of the criticisms of Bayesian inference is that the methods used to
determine prior probability areill-defined.
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4
Research design

Bias and confounding Randomization techniques
-randomization and stratification -block randomization
Types of research design -stratification
-observation vs. experimentation -minimization
-case reports and case series Blinding
-case-control study Sequential analysis
-cohort study Interim analysis
-association vs. causation Data accuracy and data checking
-randomized controlled trial Missing data
-self-controlled and crossover trials Intention to treat
Key points

. Bias is a systematic deviation from the truth.

« Randomization and blinding reduce bias.

« Confounding occurs when another factor also affects the outcome of interest.

« Observational studies may be retrospective, cross-sectional or prospective.

* The gold standard study is a double-blind randomized controlled trial (RCT).

* Sequential analysis (interim analysis) allows the early stopping of a trial as
soon as a significant difference is identified.

* Analysis of patients in an RCT should be by intention to treat'.

In the past, large dramatic advancesin medicine (e.g. discovery of ether
anaesthesia) did not require aclinical trial to demonstrate benefit. Most
current advances have small-to-moderate benefits, and areliable method
of assessment is required to demonstrate a true effect.

Bias and confounding

In aresearch study, an observed difference between groups may be a
result of treatment effect (atrue difference), random variation (chance), or
adeficiency in the research design which enabled systematic differences
to exist in either the group characteristics, measurement, data collection
or analysis.' These deficiencieslead to bias, a systematic deviation from
the truth. There are many potential sources of biasin medical research.
Examplesinclude:

1. Selection bias - where group allocation leads to a spurious improved
outcome because one group is healthier or at lower risk than another

2. Detection bias - where measurements or observations in one group are
not as vigilantly sought as in the other

3. Observer bias - where the person responsible for data collection is able
to use their judgment as to whether an event occurred or not, or
determine its extent
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surgical or anaesthetic techniques, or other aspects of the patients'
perioperative care. Ideally such reports should only be used to generate
hypotheses that should then be tested with more advanced research
designs.

Case-control study

A case-control study is an observational study that begins with a
definition of the outcome of interest and then looks backward in time to
identify possible exposures, or risk factors, associated with that outcome
(Figure 4.1).3 Patients who experienced this outcome are defined as
‘cases’; patients who did not are defined as 'controls. This study design
is particularly useful for uncommon events, as cases can be collected over
along period of time (retrospective and prospective) or from specialist
units which have a higher proportion of patients with these outcomes.
The case-control study has been under-utilized in anaesthesia and
intensive care research. It should become more popular as large
departmental and institutional databases are established, thereby
allowing exploratory studies to be undertaken.

In most case-control studies the control patients are matched to the
cases on some criteria, usually age and gender. The aim of this matching
process is to equalize some baseline characteristics so that confounding is
reduced. This allows a more precise estimate of the effect of various
exposures of interest. It isimportant to understand that matched

(@)

Step 3. Measure exposure Step 2. Look back in time  Step 1. ldentify cases and controls

~ffe—
Prior exposure Yes (‘case’)
to risk factors - QOutcome <
No (‘control’)
(b)
Step 1. Identify a cohort Step 2. Look forward in time Step3. Measure outcome
ﬁ
Patient group with Yes
exposure to risk 3 Outcome <:
factors (now or in future) No

(c)
Step 1. Identify patient group
Step 2. Measure characteristics at present time

\

Patient group

Figure 4.1 Types of observational studies: (a) case-control study; (b) cohort
study; (c) cross-sectional study
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characteristics cannot then be compared, because they will have equal
values for cases and controls! Another way of reducing the effects of
confounding is to use multivariate statistical adjustment (see Chapter 8).
It is common to increase the sample size of a case-control study by using
ahigher proportion of controls than cases. Hence 1:2, 1:3 or 1:4 matching
is commonly used.
~ Once the cases and controls have been selected, the aimisto look back
Intime at specific exposures that may be related to the outcome of interest.
The exposures may include patient characteristics (such as severity of
illness, pre-existing disease, age group* or smoking status), drug admin-
istration, and type of surgery (or surgeon!). In order to minimize bias, the
definition of each of these exposures should be defined before the data
are collected and efforts used to acquire them should be equivalent for
cases and controls. 3

Rebollo et al.4 investigated possible factors that were associated with
infection following cardiac surgery. Over a 12-month period they
identified postoperative infection in 89 patients (‘cases) and these were
matched to 89 controls. They then retrospectively identified the following
perioperative characteristics which were significantly associated with
infection: patient age > 65 years, urgent surgery, prolonged surgery and
use of blood transfusion.

Cohort study

A cohort study observes a group of patients forward in time in order to
record their eventual outcome. A specific group of patients are identified
(a 'cohort’), and these can be matched to one or several other control
groups for comparison (Figure 4.1). Because cohort studies are usually
performed prospectively, the accuracy of the data can be improved and
so results are generally accepted as being more reliable than in
retrospective case-control studies.5 But because the outcome of interest
may occur infrequently, or take along time to develop, this design may
reguire alarge number of patients to be observed over along period of
time in order to collect enough outcome events. A cohort study is
therefore relatively inefficient.

Observational studies can be used to estimate the risk of an outcomein
patients who are exposed to arisk factor versus those not exposed. In
prospective cohort studiesthis is described by the risk ratio (also known
asrelativerisk). If exposureis not associated with the outcome, the risk
ratio is equal to one, if thereis an increased risk, the risk ratio will be
greater than one, and if there is a reduced risk, the risk ratio will be less
than one. For example, if the risk ratio for smokers acquiring a
postoperative wound infection is 10,6 then smokers have a 10-fold
increased risk of wound infection compared to non-smokers. If the risk
ratio for men reporting postoperative emesisis 0.6, then men have a 40%
reduction (1.0 - 0.6 = 0.4) in postoperative emesis compared with women.

Therisk ratio can be expressed with 95% confidenceintervals(Cl).7 If
thisinterval does not include the value of one, the association between

*Only if age was not used to match cases and controls.



38 Statistical Methods for Anaesthesia and Intensive Care

Outcome
Yes No
: . _ala+b)
Yes a b Risk ratio = d_(c T
Exposure
No Odds ratio = a/b =+ ¢/d = %

where a = number of cases exposed
b = number of controls exposed
¢ = number of cases not exposed
d = number of controls not exposed

Figure 4.2 In prospective cohort studies the risk ratio is equal to the risk of an
outcome when exposed compared to the risk when not exposed. For case-
control studies (outcome 'yes = cases, outcome 'no’ = controls), the value for
thsekdenomi nator is unreliable and so the odds ratio is used as an estimate of
ri

exposure and outcome is significant (P < 0.05). Because accurate
information concerning total numbers is unavailable in a retrospective
case-control study (because sample size is set by the researcher),
incidence rate and risk cannot be accurately determined, and the odds
ratio is used as the estimate of risk (Figure 4.2). Odds ratios can also be
expressed with 95% CI.7 The statistical methods used to analyse case-
control and comparative cohort studies are presented in more detail in
Chapter 6.

An example of a case-control study by Myles et al.8 was one designed
to investigate the potential role of calcium antagonists and ACE
inhibitors in causing persistent vasodilatation after cardiac surgery.
Overall, 42 cases (patients with persistent low systemic vascular
resistance) were identified in a 12-month period and these were matched
for age and sex to 84 controls. Looking back at their preoperative
medications (‘exposure’), 11 cases and 19 controls had been given ACE
inhibitors, and 22 cases and 62 controls had been given calcium
antagonists. Univariate (‘'unadjusted’) odds ratios were 1.21 and 0.39,
respectively. These were 'adjusted’ using a multivariate statistical
technique in order to balance for possible confounding - there was no
significant association for either ACE inhibitors (odds ratio 1.33, 95% CI:
0.53-3.34) or calcium antagonists (odds ratio 0.49, 95% Cl: 0.21-1.13).

An example of a cohort study was one designed by Strom et a.,9 who
investigated the adverse effects of the non-steroidal drug, ketorolac, on
postoperative outcome. They compared 10 272 patients who received
ketorolac, and matched them to 10 247 treated with opiates, investigating
the risk of gastrointestinal and operative site bleeding. The risk (odds)
ratio of gastrointestinal bleeding in those exposed to ketorolac was 1.3 (or
30% greater risk), 95% Cl: 1.11-1.52. Thisrisk was increased in patients
treated longer than 5 days, and in those over 70 years of age. Because
their study design enabled them to include very large numbers of
patients, they were able to give a precise estimate of risk (i.e. narrow 95%
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Cl). Nevertheless, because patients were not randomized to each
treatment group (ketorolac or opiates), concern over potential bias and
confounding remain.

Association vs. causation

Because observational studies do not require a specific intervention, and
many departments and institutions now manage extensive patient
databases, it isrelatively easy to obtain information on large numbers of
patients. Such studies form the basis of much epidemiological research
(‘study of the health of populations) and their value liesin their
efficiency, in that 100s or 1000s of patients can be analysed. But it must be
recognized that the results of observational studies depend heavily on
the accuracy of the original data set ('gigo': garbage in, garbage out). Bias
and confounding are difficult to avoid and should always be considered
as alternative explanations to an observed relationship between drug
exposure (or intervention) and outcome.

Even if arelationship between exposure and outcome is beyond doubit,
it does not prove that exposure caused the outcome: 'association does not
imply causation'. In order to demonstrate causati on requi re%%‘nﬁ
collective weight of evidence from a number of potential sources. ™™
All the available evidence should be processed:

1. Isthe evidence consistent?

2. Isthere a demonstrated temporal sequence between drug exposure
and adverse outcome? Thisis particularly relevant for case-control
studies and case reports.

3. Isthere a dose-response relationship (greater risk if exposed to higher
doses, or for longer periods)?

4. Isthere biological plausibility?

It is the mounting body of supportive evidence that finally supports
causation.

Randomized controlled trial

The gold standard experimental research design isthe prospective
randomized controlled trial. Here patients are allocated to a treatment
group and their outcome is compared with a similar group allocated to
an alternative treatment. This reference group is called the control group
and itsrole is to represent an equivalent patient group who have not
received the intervention of interest. A controlled trial therefore allows
meaningful conclusions concerning the relative benefits (or otherwise) of
the intervention of interest. There may be one or more control groups,
consisting of patients who receive a current standard treatment or
placebo.

A randomized controlled trial is sometimes referred to as a parallel
groupstrial, inthat each group is exposed to treatment and then
followed concurrently forwards in time to measure the relative effects of
each treatment (Figure 4.3).
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(a)

Treatment A (n = 40) —
n = 80 pts Measure
response
Treatment B (n = 40) -
(b)
1st Period 2nd Period
Crossover*
Treatment A (n = 16) ———— Treatment B —
n=232pts Measure Measure
response response
Treatment B (n = 16) ——— Treatment A —»

Figure 4.3 Comparing two treatments (A and B) with a standard parallel trial
design or acrossover trial design: (a) parallel groupstrial; (b) crossover trial

Trials which compare an active treatment to placebo can demonstrate
whether the active treatment has some significant effect and/or to
document the side-effects of that active treatment (relative to placebo). If
the control group isto receive another active treatment (usually current
standard treatment), then the aim of the trial isto demonstrate that the
new treatment has a significant advantage over current treatment. This
often has more clinical relevance.

For example, Suen et al.l2 enrolled 204 women undergoing
laparoscopic gynaecological surgery and randomly allocated each to
receive ondansetron or placebo, and measured the incidence of nausea
and vomiting. Patients were followed up for 24 hours. The investigators
clearly demonstrated that ondansetron was an effective anti-emetic in
that it reduced emetic symptoms by approximately 50%.

Fujii etal. 3 randomized 100 women undergoing major gynaecolgical
surgery into two groups (domperidone 20 mg, or granisetron 2 mg). They
chose domperidone as the comparator because it was a commonly used
anti-emetic. They clearly demonstrated that granisetron was more
effective in their patient population. This provides additional, clinically
useful information.

Self-controlled and crossover trials

It isdifficult to detect a significant difference between groupsin trials
when the observation of interest is subject to alot of variation
(‘background noise’). This variance can be reduced by restricting trial
entry (excluding patients who have extreme val ues or who may react
differently to the intervention) or by improving measurement precision.
Stratification and blocking can be used to equalize potential confounding
variables (see later).

Another way of reducing variance isto allow each patient to act as
their own control and so all patient characteristics affecting the outcome
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of interest are equalized. Thisis a suitable design to test the effect of a
new drug or treatment on a group of patients and is known asa self-
controlled, or before and after study. Here, baseline measurements are
taken, the treatment is then given and after an appropriate period of time
measurements are repeated. Assuming that the patients were otherwise
in a stable condition, then any change in the observation can be attributed
to the effect of the treatment. The appropriate methods to analyse this
'paired' data are presented in Chapters 5 and 6.

When two or more interventions are to be compared in patients who
act as their own control, they need to be exposed to each of the
treatments. This requires they be crossed ove{ from one treatment group
to the next; thisis known as a crossover trial. 141 Thisis best achieved by
randomizing patients to each treatment, measuring the effect, and then
giving them the alternative treatment, followed by another set of
measurements (see Figure 4.4).

Crossover trials are most useful when assessing treatment for a stable
disease, or where the intervention being tested has a short period of onset
and offset and the effect can be measured quickly. Each treatment period
can be separated by a 'washout period', enabling the effect of the first
treatment to dissipate before testing the second treatment.

Thisisavery powerful research design asit avoids the confounding
effect of patient characteristics, thereby markedly reducing variance and
maximizing the likelihood of detecting atreatment effect. It isavery
efficient design: the sample size required to show a difference between
groups can often be substantially reduced.

Neverthel ess, readers must be aware of potential problemsin using
this design. /%1% These include avoiding a carry-over effect (where the
effects of the first treatment are still operating when the next treatment is
evauated), period effect (wherethereis atendency for the group either
to improve or deteriorate over time - the second treatment evaluation
will be confounded by this) and sequence effect (where the order of
treatments also has an effect on outcowf?. There are statistical methods
available to investigate these effects. *+*° Patient dropouts also have a
potent adverse impact on study power (because each patient contributes
dataat all periods, for each treatment), and because each patient requires
at least two treatments, trial duration usually needs to be extended.
Despite these concerns, crossover trials are avery efficient method to
compare interventions, when well designed and correctly analysed. If
possible, the crossover point should be blinded to reduce bias.

In general, crossover trials have been under-utilized in anaesthesia
research. If readers are considering employing, a crossover trial design,
we would recommend two excellent reviews.1 > Some examples can be
found in the anaesthetic and intensive care literature. 11

When interest is focused on one patient and their response to one or
more treatments, thisis known asan 'n-of-1trial'. Thisisusually per-
formed in the setting of clinical practice when treating a specific patient
(who may be resistant to standard treatment, or who warrants a new or
experimental treatment). 18 The results are not intended to be generalized
to other patients. Ideally, an n-of-1 trial should be performed under
blinded conditions. Thistrial design may be useful when optimizing, say,
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an anaesthetic technique for a patient requiring repeated surgical
procedures or a course of electroconvulsive therapy. It may also be used
in intensive care, say to optimize a sedative or analgesic regimen for a
problematic patient. Obviously the trial result will only apply to that
patient, but thisis a useful method of objectively measuring individual
response to changes in treatment.

Randomization techniques

To minimize bias, the allocation of patients to each treatment group
should  pe randomized. The commonest method is simple
randomization, which allocates patients in such away that each has an
equal chance* of being allocated to any particular group and that process
is not affected by previous allocations. Thisis usually guided by referring
to atable of random numbers or a computer-generated list. This
commonly used method has the value of simplicity, but may result in
unequal numbers of patients allocated to each group or unequal
distribution of potential confounding factors (particularly in smaller
studies).

Block randomization is a method used to keep the number of patients
in each group approximately the same (usually in blocks with random
sizes of 4, 6 or 8). As each block of patients is completed, the number in
each group will then be equal.

Stratification s a very useful method to minimize confounding.21%21
The identified confounding factors act as criteria for separate
randomization schedules, ensuring that the confounding variables are
equalized between groups. Here, the presence of a confounding variable
divides patients into separate blocks (with and without the confounder),
and each block of patientsis separately randomized into groups, so that
ultimately equal numbers of patients with that particular confounder will
be allocated to each group. This allows a clearer interpretation of the
effect of an intervention on eventual outcome. Common stratifying
variables include gender, patient age, risk strata, smoking status (these
depend on whether it is considered they may have an effect on a
particular outcome) and, for multi-centred research, each institution.

For example, in a study investigating the potential benefits of lung
CPAP during cardiopulmonary bypass in patients undergoing cardiac
surgery, Berry et al.2 first stratified patients according to their
preoperative ventricular function in order to balance out an important
confounding factor known to have an effect on postoperative recovery.
The patients were then randomly allocated into groups. This method
resulted in near-equal numbers of patients in both groups having poor
ventricular function (Figure 4.4).

A Latin squaredesign js a more complex method to control for two or
more confounding variables. Here the levels of each confounding

*|n some trials there may intentionally be an uneven allocation to each treatment group, so that
thereis afixed (known) chance other than 0.5. Thisis avalid method to increase the sample size of
aparticular group if its variance is to be more precisely estimated.
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61 patients
1. Stratify
Good LV function Poor LV function
(n = 40) (n=21)
2. Randomize ‘// \ / \\
No CPAP  Air-CPAP 0,-CPAP No CPAP Air-CPAP  O,-CPAP
(n=11) (n=15) (n=14) (n=16) (n=7) (n=28)

Figure 4.4 An example of stratified randomization adapted from Berry et al. 22
Here, patients are first stratified, or divided, into blocks (according to left
ventricular function) and then separately randomized in order to equalize the
numbers of patients in each group with poor ventricular function. This reduces
confounding

variable make up the rows and columns of a square and patients are
randomized to each treatment cell.23

Minimization is another method of equalizing baseline characteristics.
Here the distribution of relevant patient (or other) factors between the
groups is considered when the next patient is to be enrolled and group
allocation is aimed at minimizing any imbalance. Minimization is a
particularly useful method of group allocation when thereis awish to
equalize groups for several confounding variables. 24

Minimization also has advantages in situations where randomization
is unacceptabl e because of ethical concerns (see Chapter 12).

However, because group allocation is no longer randomly determined,
minimization may expose atrial to bias. For example, a selection bias
may occur whereby 'sicker' patients are placed into a control group. A
solution to this can be achieved by retaining random allocation, but
modifying the ratio of random allocation (from 1:1 to, say, 1:4), to increase
the chance the next patient will be allocated to the desired group.

Knowledge of group allocation should be kept secure (blind) until after
the patient isenrolled in atrial. Prior knowledge may affect the decision
to recruit a particular patient and so distort the eventual generalizability
of the trial results. The commonest method is to use sealed, opaque
envelopes.

Blinding

Blinding of the patient (single-blind), observer (double-blind), and
investigator or person responsible for the analysis of results (sometimes
referred to as triple-blind) can dramatically reduce bias. It is otherwise
tempting for the subject or researcher to consciously or unconsciously
distort observations, measurement, recordings, data cleaning or analyses.
In a case-control study, the person responsible for identification and
recording of exposure should be blinded to group identity.4 Similarly, in
a comparative cohort study, the observer should be blinded to group
identity when identifying and recording outcome events. In clinical trials,
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adouble-blind design should be used whenever possible. If, because of
the nature of the intervention, it isimpossible to blind the observer or
investigator, then a separate person who remains blinded to group
identity should be responsible for identifying eventual outcome events. If
apatient cannot be blinded to their treatment group, then outcome events
should be objectively and clearly predetermined in order to reduce
detection and reporting bias. Efforts made to maximize blinding in trial
design are repaid by improved scientific credibility and enhanced impact
on clinical practice.

Sequential analysis

If theresults of aclinical trial are analysed and it is found that there is no
significant difference between groups, then some investigators continue
the trial in order to recruit more patients, hoping that the larger numbers
will eventually result in statistical significance. Thisis grossly incorrect. 23
Some investigators do not even report that they have done this and so the
reader remains unaware of this potent source of bias. The more 'looks' at
the data, the greater the chance of a typel error (i.e. falsely rgecting the
null hypothesis and concluding that a difference exists between
groups).2>-30

Sequential analysis isacollection of valid statistical methods used to
repeatedly compare the outcome of two groups while atrial isin
progress.'s Thisallowsaclinical trial to be stopped as soon as a
significant difference between groups isidentified. Thisisauseful trial
design to investigate rare conditions, as the traditional randomized
controlled trial could take avery long time to recruit sufficient numbers
of patients, or would need to be multi-centred (and this requires much
greater effort to establish and run). Sequential analysisis also a good
method to investigate potential treatments for serious life-threatening
conditions, as once again, by the time atraditional trial is completed, it
may be found that many patients were denied life-saving treatment.
Sequential analysisisalso useful if there are ethical concerns about added
risk of a new treatment. 26-28 In these cases, se?uential analysisisavalid,
cost-efficient approach used to detect a signiticant difference between
groups as soon as possible.

As the outcome of each patient (or pair of patients) is established, a

uential lineis plotted on a graph with preset boundary limits (Figure

4.5). If either of the two limitsis broached, a conclusion of differenceis
made and the trial stopped (so, in effect, thereis a statistical comparison
made each time a preference is determined). If the boundary limits are
not broached and the plotted line continues on to cross the right-hand
boundary (the preset sample size limit), the trial is stopped and a
conclusion of no difference is made. Boundary limits can be calculated for
different significance levels (usually P < 0.05 or P < 0.01), using binomial
probability (see Chapter 2) or a paired non-parametric test (see Chapters
5and 6).

There are several other ways of developing and using boundary limits
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fA>B

Limits: type | error = 0.05

5 10 15 20 25 Number of preferences

if B >A

Figure 4.5 A sequential design comparing two treatments (A and B), using aP
value of 0.05 as the stopping rule. A preference for A leads the line upwards
and to the right; a preference for B leads the line downwards and to the right.
When a boundary limit is crossed, a conclusion of significant difference is made

in sequential analysis. Some examples can be found in the anaesthetic
literature; these include investigation of anaesthetic drug thrombo-
phlebitis, 31 treatment of postoperative nausea and vomiting,3 and use of
low molecular weight heparin to prevent deep venous thrombosis after
hip surgery 33

The above method of sequential analysisis seldom used in current
medical research (unfortunately, College and Board examiners persist in
asking about it!). A more appropriate modification is interim analysis.

Interim analysis

Interim analysisis also a method of repeatedly comparing groups while
atrial isstill in progress. But, in contrast to sequential analysis, these are
preplanned statistical comparisons between groups (usually) on a
restricted number of specified occasions during the trial. This approach
has become the most common method to use when there is a requirement
to stop atrial early, once sufficient evidence of significant differenceis
obtained, without jeopardizing statistical validity. A significant difference
isinferred if one of these comparisonsresultsin aP value that is smaller
than a pre-specified value and the trial is generally stopped. Thus, each
pre-specified type | error can be described as a 'stopping rule'. Most
commonly, two to four comparisons are made (usually after a certain
proportion of patients are enrolled). The number and timing of these
comparisons should be determined before the trial is commenced.
Interim analysisis universally employed in large, multi-centred trials.
In many cases the interim analyses are performed blind, independent of
the investigators, by a Data and Safety M onitoring Committee. 26,21 This
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be lost to follow-up. They may also refuse the allocated treatment,
unintentionally receive the comparator treatment, or receive other
treatments which may affect the outcome of interest. Some investigators
(and clinicians) only analyse those patients who received the study
treatment (per protocol analysis). This approach seems intuitively
obvious to many clinicians, asthey are only interested in the effect of the
actual treatment (not what happened to those who did not receive it). But

a per protocol analysis can be misleading, particularly if the allocated
treatment has side-effects or isineffective in some patients. Per protocol

analysis may then over-estimate the true benefit and under-estimate
adverse effects. The most valid method isto use intention to treat
analysis, so that al patients who were enrolled and randomly allocated
to treatment are included in the analysis. This givesamore reliable
estimate of true effect in routine practice because it replicates what we
actually do - we consider atreatment and want to know what is most
likely going to happen (thus accommodating for treatment failure, non-
compliance, additional treatments, and so on).

Thus, if 20% of epidurals are ineffective, say because of failed insertion,
displacement or inadequate management, 6 and atheoretical study
demonstrates a reduction in major complications on per protocol
analysis, it may be explained by an actual shift in group identity (Table
42). A real exangg?le can be found in the recent anaesthetic literature,
where Bode et a. °' found no significant effect of regional anaesthesiain
peripheral vascular surgery on intention to treat analysis, but that those
who had afailed regional technique had a higher mortality than those
who did not.

A per protocol analysisis sometimes used appropriately when
analysing adverse eventsin drug trials, asit can be argued that the side-
effects of the actual treatment received is clinically relevant in that
circumstance.

Table 4.2 Effect of how groups are analysed if four patientsdid not receive their
allocated (epidural) treatment and wer e treated with patient-controlled anaesthesia
(PCA) (and three of these had major complications). A per protocol analysis would
consider these patientsin the PCA group. The recommended approach isto useintention
totreat analysis. Theresultant P value of 0.33 suggests that the observed difference could
be explained by chance

A. Per protocol analysis

Epidural group (n = 16) PCA group (n=24) Pvalue

Complicati ans 3(19%) 13(54%) 0.047

B. Intention to treat analysis

Epidural group (n=20) PCA group (n = 20) Pvalue

Complications  6(3004) 10(50%) 0.33
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5}
Comparing groups: numerical data

Parametric tests Non-parametric tests
-Student's Mest -Mann-Whitney U test (Wilcoxon rank
-analysis of variance (ANOVA) sumtest)
-repeated measures ANOVA -Wilcoxon signed ranks test

-Kruskal-Wallis ANOvA
-Friedman two-way ANOVA

Key points
Numerical datathat are normally distributed can be analysed with parametric
tests.
Student's Mest is a parametric test used to compare the means of two
groups.
The unpaired t-test is used to compare two dependent groups.
A one-tailed t-test is used to look for a difference between two groupsin only
one direction (i.e. larger or smaller). )
Analysis of variance |ANOVA) iSa parametric test used to compare the
means of two or more groups.
Mann-Whitney U test Is a non-parametric equivalent to the unpaired Mest.

+ Kruskal-Wallistest is a non-parametric equivalent of ANOVA.

Numerical data may be continuous or ordinal (see Chapter 1).
Continuous data are sometimes further divided into ratio or interval
scales, but this division does not influence the choice of statistical test.
This chapter is concerned with the various methods used to compare the
central tendency of two or more groups when the data are on a numerical
scale.

Numerical datathat are normally distributed can be analysed with
parametric tests. These tests are based on the parameters that define a
normal distribution: mean and standard deviation (or variance).

Parametric tests

The parametric tests assume that:

. Data are on anumerical scale

. Thedistribution of the underlying population is normal

. The samples have the same variance ('homogeneity of variances)
. Observations within a group are independent

. The samples are randomly drawn from the population

O wWdNPEF

If it isuncertain whether the data are normally distributed they can be
plotted and visually inspected, and/or tested for normality, using one of
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anumber of goodness of fit tests. One exampleisthe Kolmogorov-
Smirnov test.1 This compares the sample data with a normal distribution
and derivesa P value; if P> 0.05 the null hypothesisis accepted (i.e. the
sample data are not different from the normal distribution) and the data
are considered to be normally distributed.

Non-normal, or skewed, data can be transformed so that they
approximate a normal distribution.24 The commonest method isa log
transformation, whereby the natural logarithms of the raw data are
analysed to calculate a mean and standard deviation. The antilogarithm
of the mean of this transformed data is known as the geometric mean. If
the transformed data are shown to approximate a normal distribution,
they can then be analysed with parametric tests. )

Large sample (studies with, sﬁ/ n > 100) data approximate a
normal distribution and can nearly aways be analysed with parametric
tests.

The requirement for observations within a group to be independent
means that multiple measurements from the same subject cannot be
treated as separate individual observations. Thus, if three measurements
are made on each of 12 subjects, these data cannot be considered as 36
independent samples. Thisis a special case of repeated measures and
requires specific analyses (see later). The requirement for samplesto be
drawn randomly from a population is rarely achieved in clinical trials, 5
but thisis not considered to be a mgjor problem as results from inferential
statistical tests have proved to be reliable in circumstances where this rule
was not followed.

Student's t-test

Student's t-test is used to test the null hypothesis that thereis no
difference between two means. It is used in three circumstances:

« to test if a sample mean (as an estimate of a population mean) differs
significantly from a given population mean (thisisa one-sample
t-test)

« to test if the population means estimated by two independent samples
differ significantly (the unpaired t-test)

« to test if the population means estimated by two dependent samples
differ significantly (the paired t-test).

The t-test can be used when the underlying assumptions of parametric
tests are satisfied (see above). However the t-test is considered to be a
robust test, in that it can accommodate some deviation from these
assumptions. Thisis one of the reasons why it has been a popular test in
clinical trials, where small samples (say n < 30) are commonly studied.

The t-test only compares the means of the two groups. Without
formally testing the assumption of equal variance, it is possible to accept
the null hypothesis and conclude that the samples come from the same
population when they in fact come from two different populations that
have similar means but different variances. The group variances can be
compared using the F test. The F test isthe ratio of variances (var | /var2);
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Normal distribution

t distribution (for n = 10}

Figure 5.1 How at distribution (for n = 10) compares with a normal
distribution. A t distribution is broader and flatter, such that 95% of
observations lie within the range mean = t x SD (t = 2.23 for n = 10) compared
with mean = 1.96 SD for the normal distribution

if Fdifferssignificantly from 1.0 then it is concluded that the group
variances differ significantly.*

The t distribution was calculated by W.L. Gosset of the Guinness
Brewing Company under the pseudonym Student (company policy
prevented him from using his real name). A sample from a popul ation
with a normal distribution is also normally distributed if the sample size
islarge. With smaller sample sizes, the likelihood of extreme valuesis
greater, so the distribution 'curve' isflatter and broader (Figure 5.1). The
t distribution, like the normal distribution, is also bell shaped, but has
wider dispersion - this accommodates for the unreliability of the sample
standard deviation as an estimate of the population standard deviation.

Thereisat distribution curve for any particular sample size and thisis
identified by denoting thet distribution at a given degree of freedom.
Degrees of freedom is equal to one less than the sample size (d.f. = n -1).
It describes the number of independent observations available. Asthe
degrees of freedom increases, the t distribution approaches the normal
distribution. Thus, if you refer to at-table in areference text you can see
that, as the degrees of freedom increases, the value of t approaches 1.96 at
aPvalue of 0.05. Thisis analogous to a normal distribution where 5% of
values lie outside 1.96 standard deviations from the mean.

The t-test is mostly used for small samples. When the sample sizeis
large (say, N > 100), the sampling distribution is nearly normal and it is
possible to use a test based on the normal distribution (a test).
Theoretically, the t-test can be used even if the sample sizes are very small
(n < 10), aslong as the variables are normally distributed within each
group and the variation of scoresin the two groups is not too different.

*The value of F that defines a significant difference (say P < 0.05) depends on the sample
size (degrees of freedom); this can be found in reference tables (F table) or can be
calculated using statistical software.
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The simplified formulae for the different forms of the t-test are:

1. One-sample t-test

X-n
SE

where X = sample mean, |, = population mean, and SE = standard error.

t=

2. Unpaired t-test

X%

- SEg, _%,

where X, — X, is the difference between the means of the two groups, and
SE denotes the standard error of this difference.*

3. Paired t-test

_d
—SE‘;

where d is the mean difference, and SE denotes the standard error of this
difference.

In each of these cases a P value can be obtained from at-tableina
reference text. More commonly now, a P value is derived using statistical
software. The P value quantifies the likelihood of the observed difference
occurring by chance alone. The null hypothesis (no difference) is rejected
if the P value isless than the chosen typel error (a). Thus, it can be
concluded that the sample(s) are subsets of different populations.

The t value can also be used to derive 95% confidenceintervals (95%
CI).7 In Chapter 3 we described how 95% CI can be calculated as the
mean £ (1.96 x standard error). In small samplesit is preferable to use the
value of t rather than 1.96:

1. 95% CI of the group mean = mean + (t value x SE)
2. 95% Cl of the difference between groups = mean difference + (t value
x SE of the difference).

_ If the 95% CI of the difference between groups does not include zero
(i.e. no difference), then there is a significant difference between groups
at the 0.05 level. Thus, the 95% CI gives an estimate of precision, as well
asindirectly giving the information about the probability of the observed
difference being due to chance.

For example, Scheinkestel et al.$ studied the effect of hyperbaric oxygen
(HBO) therapy in patients with carbon monoxide poisoning. They
reported the following results for a verbal learning test (with higher
scores indicating better function): HBO group 42 vs. control (normal

t

*The SE is calculated from a pooled standard deviation that is a weighted average of the
two sample variances:

SE = \jVarl(n1 —1) + Var,(n, - 1) \j}_ . 1_
ny+n,—2 ’ ny Ny
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oxygen) group 49.2. The mean difference was -7.2 and the 95% ClI of the
difference was-12.2 to -2.2. Thus, the 95% CI did not include the zero
value, and so it can be concluded that there was a statistically significant
difference between groups. Theinterval 2.2-12.2 was fairly wide and so
the study did not have high precision for this estimate of effect. The
authors concluded that HBO therapy does not improve outcome in
carbon monoxide poisoning.

Unpaired vs. paired tests

Unpaired tests are used when two different (‘independent’) groups are
compared. Paired tests are used when the two samples are matched or
paired (‘dependent’): the usual setting is when measurements are made
on the same subjects before and after a treatment.

It isuseful to try and reduce variability within the sample group to
make more apparent the difference between groups. In the t-test, this has
the effect of reducing the denominator and making thet value larger.
With all samples, thereisvariability of inherent characteristics that may
influence the variable under study. For example, in a two-group unpaired
comparison of adrug to lower blood pressure, different patients will
have avariety of factors that may affect the blood pressure immediatel
before intervention. These initial differences contribute to the tot
variability within each group (variance). By using the same subjects twice
ina before and after treatment design, there is reduced individual and total
within group variance.

Another example of a paired design is a crossover design of two
treatments when instead of using two groups, each receiving one
treatment, the same group receives the two drugs on two separate
occasions (see Chapter 4). Because the same group of patientsis used,
thereislessvariability.

In the analysis of paired designs, instead of treating each group
separately and analysing raw scores, we can look only at the differences
between the two measures in each subject. By subtracting the first score
from the second for each subject and then analysing only those
differences, we will exclude the variation in our data set that results from
unegual baseline levels of individual subjects. Thus a smaller sasmple size
can be used in a paired design to achieve the same power as an unpaired
design.

It isuseful to take another view of the t-test procedure because it may
be helpful in understanding the basis of analysis of variance. When
comparing central location between samples, we actually compare the
difference (or variability) between samples with the variability within
samples. Intuitively, if the variability between sample meansisvery large
and the variability within a sample is very low, then it will be easier to
detect a difference between the means. Conversely if the difference
between meansis very small and the variability within the sampleisvery
large, it will become more difficult to detect a difference.

If welook at the formulafor the t-test, the difference between meansis
the numerator. If thisis small relative to the variance within the samples
(the denominator), the resultant t value will be small and we are less
likely to reject the null hypothesis (Figure 5.2).
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(a)

(b)

(@

Figure 5.2 The effect of variance: when comparing two groups, the ability to
detect a difference between group means s affected by not only the absolute
difference but also the group variance. (a) Two curves of sampling distributions
with no overlap and easily detected difference; (b) means now closer together
causing overlap of curves and possihility of not detecting a difference; (c) means
same distance asin B but smaller variance so that there is no overlap and
difference easy to detect
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If there isreason to look for a difference between mean valuesin only
one direction (i.e. larger or smaller), then a one-tailed t-test can be used.
This essentially doubles the chance of finding a significant difference (i.e.
increases power) (Figure 5.3). Some investigators have used a one-tailed
t-test because atwo-tailed test failed to show a significant (P < 0.05)
result. This should not be done. A one-tailed t-test should only be used if
there is avalid reason for investigating a difference in only one
direction .9 Ideally this should be based on known effects of the treatment
and be outlined in the study protocol before results are analysed (a
priori).

Comparing more than two groups

The t-test should not be used to compare three or more groups. 10,11
Although it is possible to divide three groups into three different pairs
and use the t-test for each pair, this will increase the chance of making a
type | error (conducting threet tests will have approximately a 3a-fold
chance of making atype | error).

If we consider a seven-group study, there are 21 possible pairs and an
aof 0.05, or 1/20 for each would make it likely that one of the observed
differences could have easily occurred by chance. The probability of
getting at least one significant result is 1-0.9521 = 0.66. There is a better
way to conduct multiple comparisons.

It is possible to divide the a value for each test by the number of
comparisons so that overall, the type | error islimited to the original a. 1
For example, if there are three t-tests, then an a of 0.05 would be reduced
to 0.0167 for each test and only if the P value was less than this adjusted
awould we reject the null hypothesis. This maintains a probability of
0.05 of making atype | error overall. Thisis known asthe Bonferroni
correction.

However, it is apparent that as the number of comparisons increases,
the adjusted a becomes so small that it could be very unlikely to find a

(@) {b)

Figure 5.3 Two-tailed and one-tailed t-tests. A one-tailed t-test is used to look
for a difference between mean values in only one direction (i.e. larger or
smaller). Thisincreases the likelihood of showing a significant difference
(power). (@) For two-tailed a= 0.05, and a normal distribution the critical z
valueis 1.96; (b) for one-tailed a= 0.05, and a normal distribution, the critical z
valueis 1.645
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difference and we risk making more type Il errors. Thus the Bonferroni
correction is a conservative approach. The best way to avoid thisisto
limit the number of comparisons.

The comparison of means from multiple groupsis better carried out
using afamily of techniques broadly known as analysis of variance
(ANOVA).61l "Thus one important reason for using ANOVA methods
rather than multiple t-testsis that ANOVA is more powerful (i.e. more
efficient at detecting atrue difference).

Analysis of variance (ANOVA)

In general, the purpose of ANOVA isto test for significant differences
between the means of two or more groups. 6 It seems contradictory
that atest that compares meansis actually called analysis of variance.
However, to determine differences between means, we are actually
comparing the ratio of two variances- ANOVA is based on the F test of
variance.

From our discussion of the t-test, a significant result was more likely
when the difference between means is much greater than the variance
within the samples. With ANOV A, we also compare the difference
between the means (using variance as our measure of dispersion) with
the variance within the samples. The test first asks if the difference
between groups can be explained by the degree of spread (variance)
within agroup. It divides up the total variability (variance) into the
variance within each group, and that bet ween €ach group. If the observed
variance between groups is greater than that within groups, then thereis
asignificant difference.

These two variances are sometimes known as the between-group
variability and within-group variability. The within-group variability is
also known as the error variance because it is variation that we cannot
readily account for in the study design, being based on random differ-
encesin our samples. However we hope that the between-group, or effect
variance, isthe result of our treatment. We can compare these two
estimates of variance using the F test.

There are many types of ANOVA and the only two we will consider
here are the extensions of the unpaired and paired t-test to circumstances
where there are more than two groups. Like the t-test, ANOVA uses the
same assumptions that apply to parametric tests. A ssimplified formula
for the F statistic is:

po M,
MS,
where M S is the mean sguares between and within groups.

The formulae for mean sgquares are complex. If k represents the number
of groups and N the total number of results for all groups, the variation
between groups has degrees of freedom k-1, and the variation within
groups has degrees of freedom N-k. Thusif one uses reference tablesto

look at critical value of the F distribution, the two degrees of freedom
must be used to locate the correct entry.
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If only two means are compared, ANOV A will give the same results as
the Nest.* In an analogous manner to the Mest described earlier, the F
statistic calculated from the samples is compared with known values of
the F distribution. A large F value indicates that it is more unlikely that
the null hypothesisis true. Decisions on accepting or rejecting the null
hyrpotheﬁis are based on preset choices for a, the chosen type | error.

f we simply compare the means of three or more groups, the ANOVA
is often referred to as a one-way or one-factor ANOVA. Thereis also two-
way ANOVA when two grouping factors are analysed, and multiple
analysis of variance (MANOVA) when multiple grouping factors are
analysed. Another method isthe general linear model (GLM), aform of
multivariateregression. The GLM calculates R2, a measure of effect size.
R2 is mathematically related to F and t.

An example of one-way ANOV A would be to compare the changesin
blood pressure after the administration of three different drugs. One may
then consider additional contributory factors by looking at, for example,
agender-based difference in effect. This would be a two-factor (drug
treatment and gender) ANOVA. In such a case the ANOVA will return a
P value for the difference based on drug treatment and another P value
for the difference based on gender. There will also be a P value for the
Interaction of drug treatment and gender, indicating perhaps, for
example, that one drug treatment may be more likely to cause an effect in
female patients.

ANOVA isa multivariate statistical technicque because it can test each
factor while controlling for al other factors and also enable us to detect
interaction effects between variables. Thus more complex hypotheses can
be tested and this is another reason why ANOV A is more powerful than
using multiple t-tests.
~ However, if the ANOVA returns asignificant result, the ANOVA by
itself will only tell usthat there is adifference, not where the difference
lies. So if we are comparing three samples, a significant result will not
identify which sample mean is different to any other. Clearly thisis not
that useful and we must make use of further tests (post hoc tests) to
identify the differences.b

One confusing aspect of ANOVA isthat there are many post hoc tests
and there is not universal agreement among statisticians as to which tests
are preferred.b Statistical software packages often provide alimited
selection. Of the common tests, the Fisher Protected L east Significant
Difference (LSD) isthe least conservative (i.e. most likely to indicate
significant differences) and the Scheffe test is the most conservative but
the most versatile because it can test complex hypotheses involving
combinations of group means. For comparisons of specifically selected
pairs of means, tests such as Tukey's Honestly Significant Difference
(HSD) and Newman-Keuls are often used. Dunnett'stest is used
spr(]ecifically when one wishes to test just one sample mean against al the
others.

*Numericaly F = tz.
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Repeated measures ANOVA

As an extension of the paired t-test, we can imagine situations where we
take repeated measurements of the same variable under different
conditions or at different pointsin time. It is very common to have
repeated measures designs in anaesthesia, but the analysis of theseis
complex and fraught with hazard. 11

An example is a study by Myles et al.,2 who measured quality of
recovery scores on each of three days after surgery in four groups of
patients (Figure 5.4). They found areduction in quality of recovery scores
early after surgery in all groups, followed by a gradual improvement.
There were no significant differences between groups with ANOV A and
so post hoc tests looking at each time interval were not performed.

Although repeated measures designs can be very useful in analysing
this type of data, some of the assumptions of ANOV A may not be met
and this casts doubt on the validity of the analysis. Il Homogeneity of
variance can be a problem because there is usually greater variation at
very low readings (assays at the limit of detection) or very high readings.
Transformation of data can be a possible solution.2 A more important
consideration is analysis of residuals. Here the difference between the
group mean and individual values (‘'residuals’) are analysed to check that
they are normally distributed.
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Figure 5.4 P%rioperative changes in mean quality of recovery (QoR) score (after
Myles et al.12 From this graph, one can easily imagine all the possible
comparisons that one could make between different points on the curves,

with the attendant problems of multiple comparisons. Time periods

0 = preoperative, 1 = recovery room discharge, 2 = at 2-4 h postoperatively,
3=day 1 (am), 4 =day 1 (pm), 5 =day 2 (am), 6 = day 2 (pm), 7 = day 3 (am),
8=day 3 (pm)
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One of the assumptions of repeated measures ANOV A is compound
symmetry, also known as multisample sphericity. This means that the
outcome data should not only have the same variance at each time but
also that the correlations between all pairs of repeated measurementsin
the same subject are equal. Thisis not usually the case. In the typical
repeated measures examples above, values at adjacent dose or time
points are likely to be closer to one another than those further apart. If
uncorrected, the risk of type | error isincreased. Correction factors
include the Greenhouse-Geisser and Hunyh-Feldt. 11

It is often possible to simplify the data and use summary measures of
the important features of each curve to compare the groups. 13 A simple
unpaired t-test can then be used to compare these summary measures
between groups. Some measures include: 13

 time to peak effect
e area under atime-response curve
« mean effect over time.

For example, drug absorption profiles are conventionally summarized
by three results: (a) the time to peak concentration (t a), (b) the actual
peak concentration ( cjpax ’ (c) the area under the curve (AUC) to acertain
time point as a measure of overall absorption. In a comparison of the
interpleural injection of bupivacaine with and without adrenaline, 4 a
Mann-Whitney U test was used to show that tmax was delayed and Cmax
was decreased in the adrenaline group (Figure 5.5). The conclusion was
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Time (min)
Plain Adrenaline P value
Cnax (Hg/ml) 3.22 (0.27) 2.57 (0.61) 0.037
1ax (MiN) 15 (10-20) 25 (15-30) 0.018

Figure 5.5 Absorption of bupivacaine after interpleural administration with
(empty symbols) and without (plain, full symbols) adrenaline. The addition of
adrenaline delays systemic absorption of bupivacaine. 14 Mean (SD) and median
(range) pharmacokinetic data are detailed bel ow
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that the addition of adrenaline did decrease systemic absorption of
bupivacaine.

As another example, when paracetamol was used as a measure of
gastric emptying in intensive care patients, 15 the AUC to 30 min was less
in patients with intracranial hypertension, indicating delayed emptying
when compared with patients without intracranial hypertension.

As amore complex example, we may want to compare the haemo-
dynamic stability of two induction agentsin a special patient group. We
might inject the drug and measure systolic arterial pressure for the first 5
min after injection. For each drug we might want to know: (a) the timeto
maximum effect, and (b) the greatest change from baseline. These would
be analogous to the ,,, and -.x in the previous example. However we
may also want to know: (a) when the blood pressure first changes from
the baseline (latency), (b) when the blood pressure returns to normal, and
() whether or not these variables are different for each drug.

Rather than conduct multiple paired t-tests against the baseline blood
pressure, a repeated measures ANOVA is more appropriate. Note that
within each group, one can perform arepeated measures ANOVA to
compare the baseline data with subsequent readings. To test whether or
not there are any differences between groups, one would conduct a
repeated measures ANOV A on both groups at the same time, using
group|> as afactor. One can see that ANOV A designs can become quite
complex.

Note that these patients will have different baseline blood pressures.
Repeated measures ANOV A will take into account the different baseline
blood pressures when comparing subsequent differences. However, if the
baseline blood pressure is quite variable, then absolute changes may be
sightly misleading. A drop in blood pressure of 30 mmHg is probably
more significant in someone with a baseline of 100 mmHg than one with
a baseline of 150 mmHg. This has led some authors to convert absolute
differencesinto percentage changes from baseline before analysis.

Another c]u&:tion may be to determine if, overall, there is a greater
change in blood pressure in one group than the other. This can pose
further problems. In a manner similar to the AUC for the drug absorption
examples, one could calculate the AUC or other summary measures such
as the mean or sum of the blood pressure readings in each patient.
However if the time limit chosen is too long, one may not detect any
differences between groups because the blood pressure has long returned
to normal and this would obscure any initial differences. It is not
appropriate to recalculate the summary measure at every time point to
find significant differences (‘data dredging’).

The ANOVA and summary measures can also obscure extreme data.
We may have to make aclinical judgment on whether it isimportant to
distinguish arapid but short duration of severe hypotension in one group
from amore sustained less severe drop in blood pressure in the other
group. Similarly, we would be interested if one drug occasionally causes
very severe hypotension.

From this discussion of a common and apparently simple question, one
can see that there are many possible multiple comparisons that would
inflate the type | error, even with ANOVA - and we have not even
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considered mean arterial pressure, heart rate and other cardiovascular
variabless Theinvestigator is well advised to precisely define the
important hypothesesin advance (apriori) So that the appropriate
selected analyses are undertaken.

A dose-response study of an analgesic presents similar problems. We
may want to know the onset of action, maximal effect, duration and
overall efficacy of each dose. If the primary measureis apain visual
analogue score (VAS), then non-parametric ANOVA tests may be more
appropriate. In a dose-response study of epidural pethidine,16 pain
scores were measured at 3-minute intervals and the onset of action was
defined as the time taken to decrease the initial pain score by 50%. This
summary measure was then compared among groups using a Kruskal-
Wallistest followed by Mann-Whitney U tests. Overall postoperative
analgesia was also analysed by comparing the area under the curve of the
pain VAS among the three groups. In both cases, a repeated measures
analysis of the pain scores (to determine when the pain score was
different from the baseline) could have been theoretically used but would
have added complexity without any further useful clinical information.
In both these studies, non-parametric tests were used to compare VAS
measurements because these data were considered ordinal data.
However, the use of parametric t-tests and ANOVA is considered
acceptable (see Chapter 1).

ANOVA isapowerful statistical technique and many complex
analyses are possible. However there are also many pitfalls, especialy
with repeated measures ANOVA. Advice and assistance from an experi-
enced statistician is highly recommended. Other computer-intensive tests
have also been advocated for comparing means.s

Non-parametric tests

When the assumptions for the parametric tests are not met, there are
many non-parametric alternatives for the parametric tests described
above.l Theseinclude:

1. Mann-Whitney U test (identical to the Wilcoxon rank sum) is anon-
parametric equivalent to the unpaired Student's t-test

2. Wilcoxon signed ranks test is a non-parametric equivalent to the
paired Student's Mest

3. Kruskal-Wallistest is a non-parametric equivalent of one-way
ANOVA

4, Friedman'stest is a non-parametric repeated measures ANOVA

5. Spearman rank order (rho) is a non-parametric version of the Pearson

correlation coefficient r (see Chapter 7)

Many other non-parametric tests are available, 1 but these are not often
used in anaesthesia research. Non-parametric tests do not assume a
normal distribution and so are sometimes referred to as distribution-free
tests. They are best used when small samples are selected because in
these circumstancesit is unlikely that the data can be demonstrated to be
normally distributed.
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Non-parametric tests do however have some underlying assumptions:

1. Dataarefrom acontinuousdistribution of at least ordinal scale
2. Observationswithin a group are independent
3. Samples have been drawn randomly from the population

Non-parametric tests convert the raw resultsinto ranks and then
perform calculations on these ranksto obtain atest statistic. The calcu-
lations are generally easier to perform than for the parametric tests.

However, non-parametric tests may fail to detect a significant
difference (which a parametric test may). That is, they usually have less
power.

Just asdescribed above for the parametric tests, the test statisticis
compar ed with known values for the sampling distribution of that
statistic and the null hypothesisis accepted or rejected. With these tests,
the null hypothesisisthat the samples come from populations with the
same median.

Statistical programs may use approximationsto determinethe
sampling distribution of the test statistic, especially when the sample size
islarge. For example, in the case of the Mann-Whitney U test, one
approach hasbeen to perform an unpaired t-test on theranks (rather than
the original raw scores) and, strictly speaking, thisnormal approximation
actually comparesthe mean ranks of the data between two groupsrather
than the medians.

Mann-Whitney U test (Wilcoxon rank sum test)

Thistest isused to determine whether or not two independent groups
have been drawn from the same population. It isa very useful test
because it can have high power (= 0.95), compar ed with the unpaired t-
test, even when all the conditions of the latter are satisfied. 1 It has fewer
assumptions and can be mor e power ful than the t-test when conditions
for thelatter are not satisfied. The test has several names because Mann,
Whitney and Wilcoxon all described teststhat wer e essentially identical
in analysis but presented them differently.

The Mann-Whitney U test isthe recommended test to use when
comparing two groupsthat have data measured on an ordinal scale. 17
However, if the datarepresent avariablethat is, in effect, a continuous
quantity, then at-test may be used if the data are normally distributed.
Thisismore likely with large samples (say, n> 100).17

In the Wilcoxon rank sum test, data from both the groups are combined
and treated asonelarge group. Then the data are ordered and given
ranks, separated back intotheir original groups, and theranksin each
group arethen added to give the test statistic for each group. Tied data
are given the samerank, calculated asthe mean rank of the tied
observations. The test then deter mines whether or not the sum of ranks
in one group isdifferent from that in the other. The sum of all theranks
is N(N + 1)/2, where N isthe total number of observations.

For example, a hypothetical study investigating the effect of gender on
postoper ative headache may measur e this pain on a 100 mm visual
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analogue scale. Each patient would have their pain score recorded and
they would be ranked from lowest to highest (Table 5.1).

Wilcoxon signed ranks test

It isimportant to distinguish thistest from the similar sounding unpaired
test above. Thisisalso avery valuable test with good efficiency (power

Table 5.1 A hypothetical study investigating the effect of gender on postoper ative
headache in 30 patients (16 male, 14 female). Pain is measured on a 100 mm visual
analogue scale. Each patient hastheir pain scoreranked from lowest to highest. Tied
data ar e given the samerank, calculated asthe mean rank of the tied observations

Male group Female group
Patients Pain score rank Patients Pain score rank
1 8 5 1 16 12
2 1 8 2 28 19.5
3 5 2 3 68 28
4 12 9 4 37 22
5 6 35 5 21 16
6 22 17 6 40 23
7 46 25 7 28 19.5
8 14 10 8 27 18
9 6 35 9 43 24
10 31 21 10 60 27
11 15 1 11 90 30
12 20 15 12 4 1
13 18 14 13 78 29
14 9 6 14 53 26
15 17 13
16 10 7
Sum of ranks W, =170 W, =295
Mean rank R, =1044 R, =2107
Standard deviation 6.67 7.79

1. Exact method
Use the group sum of ranks and consult areference table for group sizes 16 and 14.
Because W, lies outside the quoted range (at P < 0.05), the null hypothesis can be rejected.

2. Normal approximation

The mean rank in the male group (n = 16) is 10.44, with a standard deviation of 6.67. The
mean rank in the female group (n = 14) is 21.07, with a standard deviation of 7.79. The
pooled standard deviation (see footnote on page 54) is 7.21. The degrees of freedom are 16
+ 14 - 2 = 28. Thet statistic based on ranksis:

_ Difference between ranks
"~ SE of the rank difference

0 2107-1044
T 7.21N(1/16 + 1/14)

10.63
2.64

4.03
= 4.03 is greater than the ¢ value (2.048) for d.f. = 28,s0 P < 0.05

t

It
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= 95%) compared with the paired t-test.] Asin the paired t-test, the
differences between pairs are calculated but then the absolute differences
are ranked (without regard to whether they are positive or negative). The
positive or negative signs of the original differences are preserved and
assigned back to the corresponding ranks when calculating the test
statistic. The sum of the positive ranks is compared with the sum of the
negative ranks. If there is no difference between groups, we would expect
the sum of the positive ranks to be equal to the sum of the negative ranks.

Kruskal-Wallis ANOVA

This tests the null hypothesis that k independent groups come from
populations with the same median. A formulafor the Kruskal-Wallis test
statistic is]

12 "= =,

KW=+ 1 i; 1{R; = R)
where N = the total number of cases, k = the number of groups, nj - the
number of casesin the jth sample, Rj - the average of the ranksin the jth
group, and R= the average of all the ranks (and equal to [N + 1]/2).

If asignificant difference is found, post hoc comparisons are usually
performed with the Mann-Whitney U test with a Bonferroni correction.
This approach does not consider all group data and a method based on
group mean ranks can also be used.]

Friedman two-way ANOVA

This tests the null hypothesisthat k repeated measures or matched
groups come from populations with the same median. Post hoc tests need
to be performed if a significant difference is found. These tests are
unfortunately not available with most statistical software packages but
can be found in specialized texts.]
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6
Comparing groups: categorical data

Chi-square Risk ratio and odds ratio

-Yates' correction Number needed to treat
Fisher's exact test Mantel-Haenszel test
The binomial test Kappa statistic

McNemar's chi-square test

Key points

The chi-square test is used to compare independent groups of categorical

data.

Yates' correction factor should be used when the sample size is small.

The results from two group comparisons with two categories are set out in a

2 X 2 contingency table.

* Fisher's exact test is a recommended alternative for analysing data from 2 x
2 tables.
McNemar's test is used to compare paired groups of categorical data.
The risk ratio is the proportion of patients with an outcome who were
exposed to a risk factor vs. the proportion not exposed.

* Odds ratio is an estimate of risk ratio, used mostly in retrospective case-
control studies.

* The number needed to treat (NNT) is the reciprocal of the absolute risk
reduction.

* The kappa statistic is a measure of agreement.

.

Categorical data are nominal and can be counted (see Chapter 1). This
chapter is concerned with various methods to compare two or more
groups when the data are categorical. Extensive further reading is
évagtiéﬁ\grhelin atextbook on non-parametric statistics by Siegal and

Chi-square 2

The Pearson chi-square (X2) test is the most common significance test
used for comparing groups of categorical data. It compares frequencies
and tests whether the observed rate differs significantly from that
expected if there were no difference between groups (i.e. the null
hypothesis).

The calculated value of the Pearson X,2 test statistic is compared to the
chi-squaredistribution, a continuous frequency distribution, and the
resultant significance level (P value) depends on the overall number of
observations and the number of cellsin the table. The X2 distribution is
derived from the square of standard normal variables (X) and provides a
basis for calculating the t and F distributions described in the previous
chapter. It consists of afamily of curves, each of which, like the t-test, has
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The Pearson X statistic is calculated as:
(O-E)y?
P=Ll—F—

where O = the observed number in each cell, and E = the expected
number in each cell.

The expected number in each cell is that expected if there were no
differences between groups so that the ratio of outcome 1 to outcome 2 is
the same in each group. Thus for outcome 1, we would expect (a+ b)/N
as theratio in each group, the expected number for group A is([a+ b])/N
X [a+ c]), and the expected number for group B is ([a+ b])/N) x [b + d]).
All four expected numbers are calculated and the X! is then the sum of the
four [(O- E)2]/E terms.

The degr ees of freedom is equal to: (number of rows -1) x (number of
columns-1). In a2 x 2 table, given fixed row and column totals, thereis
only free choice for one of the inner numbers because, in doing so, the
others are calculated by subtraction. The degrees of freedom was
(2-1)(2-1) = 1. Thus, in a2 x 2 table, the result is compared to known
values of the X2 distribution at 1 degree of freedom.

For example, consider a clinical trial investigating the effect of pre-
operative beta-blocker therapy in patients at risk of myocardial ischaemia
(Example 6.1).

Example 6.1 An observational study of 20 patients at risk of myocardial ischaemia.
Group A is receiving beta-blockers whereas group B is not. The outcome of interest is
myocardial ischaemia

Observed:

Group A Group B Row total
Ischaemia 5 12 17
No ischaemija 15 8 23
Column total 20 20 40
Expected (if there was no difference between groups):

Group A Group B Row total
Ischaemia 85 85 17
No ischaemia 115 115 23
Column total 20 20 40

X2 = (12.25/8.5) + (12.25/8.5) + (12.25/11.5) + (12.25/11.5) = 5.013

The P value can be obtained in a X2-table in a reference text and is equal to 0.025, and so
one would reject the null hypothesis. Thus, patients in group A had a statistically significant
lower rate of myocardial ischaemia.

TheX2X2 distribution is actually a continuous distribution and yet each
cell can only take integers. When the total number of observationsis
small, the estimates of probabilitiesin each cell become inaccurate and
therisk of typel error increases. It is not certain how large N should be,
but probably at least 20 with the expected frequency in each cell at least
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5. When the expected frequencies are small, the approximation of the x2
statistic can be improved by a continuity correction known as Yates
correction. The formulais:

In Example 6.1, the continuity corrected x2 is:
x2=(9/8.5)+(9/8.5)+(9/11.5)+(9/11.5)=3.68

This has an associated P value of 0.055 and one would accept the null

hypothesis! Y ates' correction is considered by some statisticians to be an
overly conservative adjustment. It should be remembered that the X2 test
is an approximation and the derived P value may differ from that
obtained by an exact method. We stated above that the Pearson X2 test
may not be the best approach and thisis more so if small numbers of
observations are analysed. If there are multiple categories it may be
useful to combine them so that the numbers in each cell are greater. With

small numbersin a2 x 2 table, the best approach is to use Fisher's exact
test.

Fisher's exact test

Thisisthe preferred test for 2 x 2 tables described above. It calculates the
probability under the null hypothesis of obtaining the observed
distribution of frequencies across cells, or one that is more extreme. It
does not assume random sampling and instead of referring a calculated
statistic to a sampling distribution, it calculates an exact probability. The
test examines all the possible 2 x 2 tables that can be constructed with the
same marginal totals (i.e. the numbersin the cells are different but the
row and column totals are the same). One can think of this as analogous
to the problem of working out all the possible combinations of heads and
tails if one tosses a coin afixed number of times. The probability of
obtaining each of these tablesis calculated. The probability of all tables
with cell frequencies as uneven or more extreme than the one observed is
then added to give the final P value. This test was not common before the
use of computers because the calculation of probability for each cell was
arduous. After constructing all possible tables, the probability of each
tableis:

Where! denotes factorial.

In Example 6.1, the P value for Fisher's exact test is 0.054, similar to that
obtained using Y ates' correction factor, and again we would accept the
null hypothesis. Current statistical packages are able to calculate
Fisher's exact test and it seems logical to use the exact probability

rather than approximate *2 tests. Further discussion can be found
elsewhere.1,2
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Analysis of larger contingency tables

If there are more than two groups and/or more than two categories, one
can construct larger contingency tables. However, if there are more than
two categories, it is often the case that some rank can be assigned to the
categories (e.g. excellent, good, poor) and tests such asthe Mann-
Whitney U test may be more appropriate (see Chapter 5).3 An alternative
isto use avariation of z2 known asthe x2 test for trends.4 This test will
give asmaller P valueif the variation in groups is due to atrend across
groups.4

The analysis of larger tables can also be carried out using the Pearson
x2 test as indicated above, with more cells contributing to the test statistic.
Theresult isreferred to the X2 distribution at (m -1)(n -1) degrees of
freedom, if there are m rows and n columns. For a4 x 3 table there are
3 X 2 = 6 degrees of freedom. All cells should have an expected frequency
greater than 1 and 80% of the cells should have an expected frequencies
of at least 5. If thisis not the case, it is better to combine some of the
categories to have a smaller table.

In the analysis of alarge table, for example two categoriesin three
groups, asignificant result on X2 testing will not indicate which group is
different from the others. It is not appropriate to partition the 2 x 3 table
into several 2 x 2 tables and perform multiple comparisons. Three 2 x 2
tables are possible and atest on each table at the original a may give a
spuriously significant result. One approach isto do an initial X2 test and,
if Pislessthan 0.05, perform separate tests on each pair using a
Bonferroni correction for multiple comparisons.5

The binomial test

The binomial distribution was briefly described in Chapter 2. Data that
can only assume one of two groups are called dichotomous or binary
data. Thus, if the proportion in one group is equal to p, then in the other
it will be 1 - p. The binomial test can be used to test whether a sample
represents a known dichotomous population.l It is a one-sample test
based on the binomial distribution. A normal approximation based on
the z test can be used for large samples.1

The binomial test could test whether a single study site in a multi-
centred trial had a similar mortality to that obtained from the entire study
population.

McNemar's chi-square test

McNemar's X2 test is used when the frequenciesin the 2 x 2 table
represent paired (dependent) samples. The null hypothesisis that the
paired proportions are equal. The paired contingency table is constructed
such that groups A and Y pairs that had an event (outcome 1) would be
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Table6.2 A 2 x 2 contingency table for paired groups

Group Y: Group Y.
Outcome 1 Outcome 2 Row totals
Group A:
Outcome 1 a b a+b
Group A:
Outcome 2 c d c+d
Column totals at+c b+d at+b+c+d=N

counted in the a cell, those pairs that did not have an event (outcome 2)
would be counted in the d cell, and the respective pairs with an event at
only one periodin cellsb and ¢ (Table 6.2). ) _

Groups A and Y denote either matched pairs of subjects, or asingle
group of patientsin a beforeand after treatment design. The calculation
of McNemar's ., is different from that described above for the Pearson
x2.1 The value of the McNemar's x2 is referred to the X2 distribution with
1 degree of freedom. There is a continuity correction similar to Y ates
correction and an exact version of the test that is similar to the Fisher's
exact test. If available, the exact test is preferred.

For example, if we had used the group A patients (n = 20) described in
Example 6.1, but on this occasion had then given them a new treatment,
such as low molecular weight heparin, so that we now label them as pre-
treatment (group A) and post-treatment (with heparin, group Y), we
would get the following table (Example 6.2), still preserving the same
distribution of outcomes after each treatment.

Example 6.2 A randomized controlled trial of low molecular weight heparin (LMWH)
in 20 patients at risk of myocardial ischaemia who are receiving beta-blockers. The
outcome of interest is myocardial ischaemia

Group Y Group Y
P P s

Ischaemia No ischaemia Row totals
Group A
(pre-LMWH):
Ischaemia 3 2 5
GrouEA
(pre-LMWH):
No ischaemia 9 6 15
Column totals 12 8 20

The McNemar P value is 0.065 (using SPSS V9.0 software). The conclusion from this small
before and after study is that LMWH is not effective in the prevention of myocardial
ischaemia in patients receiving beta-blockers.

The Cochran Q test can be used if there are more than two groups.1
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Risk ratio and odds ratio

The P value derived from a X2 statistic does not indicate the strength of an
association. As clinicians, we are usually interested in how much more
likely an outcome will be when a treatment is given or arisk factor is
present. This can be described by the risk ratio (also known as relative
risk) and it can be calculated from a2 x 2 table (Table 6.3). It is equal to
the proportion of patients with a defined outcome after an exposure to a
risk factor (or treatment) divided by the proportion of patients with a
defined outcome who were not exposed. If exposure is not associated
with the outcome, therisk ratio is equal to one; if there is an increased
risk, therisk ratio will be greater than one; and if there is a reduced risk,
the risk ratio will be less than one.

Because accurate information concerning all patients at risk in a
retrospective case-control study is not available (because sample sizeis
set by the researcher), incidence rate and risk cannot be accurately
determined, and the oddsratio is used as the estimate of the risk ratio
(Table 6.3). It is equal to the ratio of the odds of an event in an active
group divided by the odds of an event in the control group. Itisa
reasonabl e estimate of risk when the outcome event is uncommon (say,
< 10%). If the outcome event occurs commonly, the odds ratio tends to
overestimate risk.6 Odds ratios are mostly used in case-control studies
that investigate uncommon events.

The risk ratio and odds ratio can be expressed with 95% confidence
intervals (Cl).1 If thisinterval does not include the value of 1.0, then the
association between exposure and outcome is significant (at P < 0.05).
These methods not only tell you if there is a significant association, but
also how strong this association is.

For example, data from Example 6.1 can be reanalysed using these
methods (Example 6.3); note that the axes have been switched.

Table 6.3 In prospective cohort studies and clinical trialstherisk
ratio isequal to therisk of an outcome when exposed compar ed
to therisk when not exposed. For retrospective case-control
studies (outcome 'yes = cases, outcome 'no' = controls), the value
for the denominator isunreliable and so the oddsratio isused as
an estimate of risk. |f an outcome event isuncommon the g and c
cells have very small numbersrelativeto the h and d cells, and so
therisk ratio can be approximated by the oddsratio, using the
fraction alb divided by cld; this can berewritten as adlbc.

Risk factor Outcome
(or treatment) Yes No
Yes a b
No ¢ d
Risk ratio = a/(a+b) QOdds ratio = ad
c/(c+d) bc
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Example 6.3 An observational study of 20 patients at risk of myocardial ischaemia.
Group A is receiving beta-blockers, whereas group B is not. The outcome of interest is
myocardial ischaemia. The incidence of myocardial ischaemia is high in this study
group and so the odds ratio overestimates risk reduction

Ischaemia No ischaemia Row total
Group A
-blocker therapy 5 15 20
Group B
No therapy 12 8 20
Column total 17 23 40
. 5/20 0.25
Risk ratio = ——=——-=0.42
SKTal0 = 15720 T 0.6
. 5x8 40
= =——=0.22
Odds ratio 5x12 - 180

Thus, using risk ratio, patients receiving /3-blocker therapy have a 58% reduction in risk of
myocardial ischaemia.

The estimation of risk ratios and odds ratios have been used in
epidemiological research for many years where the relationship between
exposure to risk factors and adverse outcomes is frequently studied. They
are now being used more commonly in anaesthesia research.

For example, Wilson et al. 8 investigated the benefits of preoperative
optimization and inotropes in patients undergoing major surgery. They
randomized 138 patients to receive adrenaline, dopexamine or control
(routine care). There was a significant reduction in the proportion of
patients who had complications in the dopexamine group compared with
those in the control group. Therisk ratio (95% CI) was 0.30 (0.11-0.50),
indicating a significant 70% reduction in risk.

Number needed to treat

A risk ratio describes how much more likely it isfor an event to occur, but
thisinformation is limited unless we consider the baseline level of risk, or
incidencerate. Anincreaseinrisk of avery rare event is still very rarel
Thus the change in absoluterisk isof clinical importance. Thisisthe
difference in the probabilities of an event between the two groups. If an
event has an incidence of 12% and risk is reduced by 33% (i.e. risk ratio
0.67), then the expected incidence will be 8%; this gives an absolute risk
reduction of 4%, or 0.04. If the baseline incidence were 60%, a 25% risk
reduction would result in an absolute risk reduction of 15%, or 0.15.

The number needed totreat (NNT) isthe reciprocal of the absolute
risk reduction. 910 It describes the number of patients who need to be
treated in order to avoid one adverse event. Thus an absolute risk
reduction of 0.04 transatesto aNNT of 25 (1/0.04) - about 25 patients
need to be treated in order to avoid one adverse event. An absolute risk
reduction of 0.15 trandatesto aNNT of 6.7.



76  Statistical Methods for Anaesthesia and Intensive Care

For example, data from Example 6.3 can be used to calculate aNNT
of 2.9, suggesting that two or three patients need to be treated with
beta-blockers in order to prevent one patient from having myocardial
ischaemia.

For example, Lee et al. Il investigated the use of acupuncture/
acupressure to prevent postoperative nausea and vomiting. They
performed a meta-analysis of all relevant trials and found that
acupuncture/ acupressure were better than placebo at preventing early
vomiting in adults, with an RR (95% CI) of 0.47 (0.34-0.64). If the
incidence of early vomiting is 35% (proportion = 0.35), then these results
suggest that acupuncture/ acupressure, with an RR of 0.47, would reduce
the proportion to 0.17, or an absolute risk reduction of 0.18 (incidence
decreased from 35% to 17%). The NNT, or reciprocal of the absolute risk
reduction (1/0.18), is 5.5. Therefore, it can be concluded that five to six
adult patients need to be treated in order to prevent one patient from
vomiting.

A 95% CI can also be estimated for the NNT. It is calculated as the
reeEteuNslef the two 95% confidence limits of the absolute risk

Mantel-Haenszel test

If agroup response is affected by more than one variable, then it may be
of interest to determine the relative impact that each of the variables may
have on a group outcome. The Mantel-Haenszel X2 test can be used to
analyse several grouping variables (i.e. it isa multivariate test) and so
can adjust for confounding.2 3 It stratifies the analysis according to the
nominated confounding variables and identifies any that affect the
primary outcome variable. If the outcome variable is dichotomous, then
logistic regression can be used (see Chapters 7 and 8). Both these tests are
used most often in outcome studies where there may be several
independent (predictor) variables. They can therefore calculate adjusted
oddsratios.

Kappa statistic

Kappa W measures the agreement between two observers when both are
rating the same variable on a categorical scale.l, 14 The kappa statistic describes
the amount of agreement beyond that which would be due to chance. 14
The difference between the observed proportion of casesin which the
raters agree and the proportion expected by chance is divided by the
maximum difference possible between the observed and expected
proportions, given the marginal totals. The formulafor the kappa statistic is:

_A-E
“1-E

where A = the proportion of times the raters agree, and E = the proportion
of agreement expected by chance.
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A value of 1.0 indicates perfect agreement. A value of O indicates that
agreement is no better than chance and the null hypothesisis thus kappa =
A kappa value of 0.1-0.3 can be described as mild agreement, 0.3-0.5 as
moderate agreement, and 0.5-1.0 as excellent agreement. The value of kappa
can be transformed and tested for statistical significance.1

A common situation where kappa is used in anaesthesia studiesis to
measure agreement between researchers when recording data in clinical
trials. Reproducibility isavery important issue in clinical research. For
example, Higgins et al.15 developed arisk score from their cardiac
surgical database. They measured the reliability of their research nurses
data coding and entry by measuring agreement with a sample of
reabstracted data checked by study physicians. The kappa statistics were
0.66-0.99, indicating very good agreement, and this supported the
validity of their study.
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Regression and correlation

Association vs. prediction Non-linear regression

Assumptions Multivariate regression
Correlation Mathematical coupling
Spearman rank correlation Agreement

Regression analysis

Key points

+ Correlation and regression are used to describe the relationship between
two numerical variables.

+ Correlation is a measure of association.

+ Spearman rank order (rho) is a non-parametric version of the Pearson
correlation coefficient.

* Regression is used for prediction.

+ Agreement between two methods of measurement can be described by the

Bland-Altman approach or the kappa statistic.

Association vs. prediction

There are many circumstances in anaesthesia research where the strength
of arelationship between two variables on anumerical scaleis of interest.
For example, the relationship between body temperature and oxygen
consumption. The commonest methods for describing such arelationship
are correlation and regression analysis, yet these are both frequently
misunderstood and misused techniques. One of the reasons for thisis
that they are used in similar circumstances and are derived from similar
mathematical formulae. The main distinction between them is the pur-
pose of the analysis.

Usually one of the variablesis of particular interest, whereby we wish
to determine how well it isrelated to the other. Thisvariable of interest is
called the dependent variable, but is also known as the outcome or
response variable. The other variable is called the independent variable,
but is also known as the predictor or explanatory variable.

The first step in correlation and regression analyses should be to plot a
scatter diagram (thisisessential if misleading conclusions are to be
avoided). Here, the dependent (outcome) variable is placed on the y-axis
and the independent (predictor) variable is placed on the x-axis, and the
plotted data represent individual observations of both variables. For
example, if we wanted to describe the relationship between body
temperature and total body oxygen consumption (Vo?2), we would first
plot the respective measurements obtained from each individual: 'a
scatterplot' (Figure 7.1).

It appears from this scatterplot that Vo2 increases with increasing body
temperature. But how can the relationship between them be described in
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Figure 7.1 A scatterplot of oxygen consumption (V02) and temperature. Each
data point represents a single observation in each individual patient (n = 16)

more detail: how strongly are they associated and, if relevant, are we able
to predict V02 from body temperature? These are two different questions.
The first is described by the Pearson correlation coefficient (denoted
by r): correlation is a measure of the strength of association. The second
question is answered by calculating aregression equation: regression is
used for prediction. Thus, one of the major distinctions between
correlation and regression is the purpose of the analysis.

Assumptions

Before describing correlation and regression any further, it isimportant to
be aware of their underlying assumptions. First, the relationship between
the dependent and independent variable is assumed to be linear. This
implies that a unit change in one variable is associated with a unit change
in the other. The Pearson correlation coefficient describes the degree of
scatter of data around a straight line - it is a measure of linear association.
Two variables can have a strong association but a small correlation
coefficient if the relationship is not linear. Similarly, regression is most
often used to describe a linear relationship and so ssimple linear
regression is used. Thisis one of the main benefits of first plotting the
data. It allows a visual inspection of the pattern of the scatterplot: if a
non-linear relationship is suggested, then alternative techniques can be
used which do not assume a linear relationship (some of these are briefly
described below).

The data should also be independent. This means that each data point
on the scatterplot should represent a single observation from each
patient. Multiple measurements from each patient should not be
analysed using simple correlation or regression analysis as this will lead
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to misleading conclusions (most often an over-inflated value of r, or a
misleading regression equation). This is perhaps the most common error
relating to correlation and regression in anaesthesia research. Repeated
measures over time should also not be simply analysed using correlation,
as once again this often results in an over-inflated value for r (time trends
require more advanced statistical methods). Statistical methods are
available which can accommodate for such trial designs. 1,2

These analyses also assume that the observations follow a normal
distribution (in particular, that for any given value of the independent
variable, the corresponding values of the dependent variable are
normally distributed). Thisis known as homoscedasticity. If doubt
exists, or if the distribution appears non-normal after visualizing a
scatterplot, then the data can be transformed (commonly using log-
transformation) or a non-parametric method used (e.g. Spearman rank
correlation, see below).

Neither correlation nor regression should be used to measure
agreement between two measurement techniques (see below).

Correlation

The Pear son correlation coefficient (r) isameasure of how closely the
data points on a scatterplot assume a straight line. It is a measure of
association. The statistic, r, can have any value between -1.0 and + 1.0.*
A value of 1.0 describes a perfect positive linear association; a value of
-1.0 describes a perfect negative linear association (i.e. as the
independent variable increases, the dependent variable decreases). A
vaue of O describes no association at all, and this would appear on a
scatterplot as a (roughly) circular plot (Figure 7.2). In general, if r has an
absolute value between 0.2 and 0.4, it may be described as a mild
association; a value of 0.4-0.7 would be a moderate association, and
0.7-1.0 a strong association. This distinction is an arbitrary one, however,
with the final descriptors of the extent of association being determined
more by the intended clinical application.

There is obviously a degree of uncertainty for any calculated value of
r. Thiswill depend largely on the number of observations (sample size),
but is also influenced by various other factors (such as measurement
precision, the range of measurements and presence of outliers). The
degree of uncertainty can be described by the standard error of r and its
95% confidence interval.3 Perhaps the most useful measure is the value
r2, the coefficient of determination. Thisis an estimate of how much a
change in one variable influences the other (and 1 - r2 js the proportion
of variance yet to be accounted for). For example, from Figure 7.2: 53%
[(0.73)2] of the variability in body weight is explained by age, and 30%

< 3-9e-p
V-2 Sy - )2

where x = value of independent variable, y = value of dependent variable, and x = mean
value of x and y = mean value of y (several forms of this equation exist).
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Figure 7.2 Examples of scatterplots demonstrating a variety of correlation
coefficients (r)

[(-0.55)2] of the variability in urine osmolarity is explained by a changein
urine flow. Knowledge of r2 therefore has clinical application. It tells us
how influential one factor isin relation to another (and perhaps more
importantly, the effect of other factors- using 1 - r2).

Hypothesis tests can also be applied to correlation; the most common
test used is Student's t-test.* The t-test is used to compare the means of
two groups; for correlation, the resultant P value describes the likelihood
of no correlation (r = 0) - it does not describe the strength of that
association. Although uncommon, hypothesis tests can also be used to
determine if a correlation coefficient is significantly different from some
other specified value of r.

An important characteristic of correlation isthat it isindependent of
units of measurements. Again, referring to Figure 7.2, the r values would
not be altered whether body weight was measured in pounds or
kilograms, or if mean BP was measured in mmHg or kPa. The value of r
will, however, be markedly influenced by the presence of outliers (if the
range is increased by an outlier there is atendency for r to increase).
Similarly, if the range of valuesisrestricted, then r will usually be
reduced. Data should be randomly selected from a specified target
population and measurement precision should be optimized.

A partial correlation coefficient can also be calculated. Thisis an
adjusted r value which takes into account the impact of athird variable,
which may be associated with both the dependent and independent
variables (this third variable is called a covariate). For example (referring

* N-2
t= .
er_rZ
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to Figure 7.2), the relationship between age and weight may be influ-
enced by the gender of the patient, or their nutritional status. Similarly,
renal blood flow may be affected by changes in cardiac output (which is
related to mean blood pressure). If multiple independent (predictor)
variables are used to describe a rel ationship with a dependent (outcome)
variable, then a multiple correlation coefficient can be calculated
(denoted as R) using multivariate regression (see below).

One remaining point should not be forgotten: association does not
imply causation. A strong association does not, of itself, support a
conclusion of cause and effect. This requires additional proof, such as a
biologically plausible argument, demonstration of the time sequence
(discerning cause from effect) and exclusion of other confounding
influences (i.e. athird variable associated with the two variables of
interest, that is actually the causative factor).' Unfortunately, these issues
have been rarely addressed in the anaesthetic literature and this often
leads to unsubstantiated conclusions (see also Chapter 11).

Spearman rank correlation

If the distribution of the data is skewed (i.e. not normally distributed),
then it can be transformed, typically using the logarithm of each value to
create a more normal distribution to the data so that correlation and
regression analyses can then be performed reliably. Alternatively, or if the
data are ordinal, a non-parametric version of correlation, such as
Spear man rank correlation should be used. Because one of the
assumptions used in correlation is that the data are normally distributed,
then it is also preferable to use Spearman rank correlation when
analysing small data sets, say n < 20 (asit isdifficult to demonstrate a
normal distribution with a small number of observations). This
calculation is based on the ranking of observations and is denoted by the
Greek letter, rho (p). It isthe ordered rank values, rather than the actual

values, that are correlated against one another (Table 7.1). In fact, if
Spearman s p isasimilar value to r, then the distribution of the data
approximates normal; if not, then it suggests non-normality and the
Spearman p value should be preferentially used to describe association.

Other aspects of correlation apply equally to both. These include use of
the t-test (to derive a P value in order to determine if the correlation is
significantly different from zero), standard error, 95% confidence
intervals and the coefficient of determination.

There are other non-parametric correlation methods - Kendall's tau
(r), Kendall's coefficient of concordance W, Cramer coefficient (C),
and lambda (L). Further details of these methods can be found
elsewhere.5

Regression analysis

If the aim of the investigation is to predict one variable from another, or
at least describe the value of one variable in relation to another, then
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Table 7.1 Actual values and their ranking of patient weight and mor phine consumption
at 24-48 hours after cardiac surgery. Theseresults are a subgroup (n = 23) taken from a
study investigating the efficacy of patient-controlled analgesia after cardiac surgery.6
Spearman'srho (p)is calculated by measuring the association between the rank values
(if actual values are equal, therank is calculated as the aver age between them)

Subject Weight Weight Total dose of Morphine
(kg) rank morphine (mg) rank
1 82 13 13 3
2 86 17 52 19
3 90 9 54 21
4 64 3 29 9
5 83 14 24 7
6 65 4 26 8
7 74 10 38 14
8 53 2 9 1
9 80 12 46 16
10 46 1 19 55
11 91 20 53 20
12 69 6 34 12
13 84 15 32 1
14 105 23 30 10
15 78 11 48 175
16 73 9 41 15
17 88 18 14 4
18 70 8 36 13
19 97 22 55 22
20 92 21 48 175
21 85 16 60 23
22 69 5 12 2
23 89 19 19 55

p = 0.54 (P=0.031)

regression analysis can be used. Here the dependent (outcome) variable
is again placed on the y-axis of a scatterplot and the independent
(predictor) variableis placed on the x-axis. A line of best fit, called a
regression line, can then be calculated using a technique known as the
method of least squares. Thisiswhere the perpendicular difference
between each data point and the straight line (this difference is called the
residual) is squared and summed - the eventual line chosen is that with
the smallest total sum (hence the term 'least squares method' or 'residual

sum of squares).

The general formulafor the line of best fitisy = a + bx, where'b" isthe
measure of slope and 'a isthe y-intercept.* For example, referring to our
original scatterplot of V02 and body temperature (Figure 7.1), a
regression line can be derived which enables prediction of V02 after
measuring body temperature (Figure 7.3). Thislineis described by the
equation, Vo2 (in ml/min) = 6.8 + 6.0 x temp. (in °C). This equation states
that for each 1°C increase in temperature thereisa 6 ml/min increasein
voz2. From this we are able to predict that if a patient has a body

* _ T(x=-X)(y=1)

b S 77 anda =y -bx
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temperature of 32°C, then the best estimate for V02 would be
199 ml/min, and if their body temperature was 38°C, then v02 would be
expected to be 235 ml/min.

Hence regression is avery useful way of describing alinear
relationship between two numerical variables. Nevertheless there
remains some uncertainty about how accurate this equationisin
representing the population: it is unlikely that a derived equation will be
able to perfectly predict the dependent variable of interest in the
population. This uncertainty can be described by the standard error of
the slope (b) and its 95% confidenceinterval.3 Asthe study sample size
increases, the standard error of b decreases and so the uncertainty
decreases (and the more reliable the regression equation will become).
For the population, the general form of the equation is actually Y' = beta0+
beialX, where Y' is the predicted value of the dependent variable and beta: iS
the slope. Hence, the slope of our sample regression line (b) is an estimate
of betal; betal is known asthe regression coefficient.

In our example (Figure 7.3), the standard error of b can be calculated
from aknown formula, SE(b) = 2.65. From this we can now calculate a
95% confidence interval for betal (after first looking up at-table, using 14
degrees of freedom [n - 2], t = 2.15, d.f. = 14): the 95% confidence interval
for betal is6.0 + ([2.15x 2.65] =5.7), that i, from 0.3 to 11.7. Because the 95%
confidence interval for betal does not include the value zero, it is statistically
significant at the 5% level (P < 0.05?. Similarly, a hypothesis test can be
performed to test whether a value of betal isequal to zero by dividing the
value of b by its standard error and looking up at-table (degrees of
freedom = n - 2). Because the level of uncertainty increases the further we
are from the mean value of x (our independent variable), the width of the
95% confidence interval increases towards the extreme values. For this
;el?)son, 95% confidence intervals for aregression line are curved (Figure

Vo,
(ml/min)

300 b

200

100

10 20 30 40 Temperature
°C)
Figure 7.3. A regression line (‘line of best fit') for regression of vo: on body

temperature. Note that the line should not extend beyond the limits of the data
(where accurate prediction becomes unreliable)
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Figure 7.4 A regression line for regression of VO 2 on body temperature, showing
the 95% confidence intervals (broken lines)

Just as hypothesis testing can be used to determine whether a
regression line (slope) is statistically significant (from zero), two
regression lines can also be compared to see whether they differ in their
Y -intercept or slope (i.e. do they represent two different populations?).

The difference between a predicted value for y and the actual observed
value is known as the residual. There are methods available which can
analyse the distribution of the residuals across arange of values for X in
order to determine if the data are normally distributed. The residuals can
also be used to describe the 'goodness of fit' of aregression equation, or
"model’ (i.e. doesit predict well?).

The assumptions stated earlier for correlation are also important for
regression. However, it is not necessary for the independent (predictor)
variable to be normally distributed. It isimportant to remember that the
scale of measurement in regression analysis determines the magnitude of
the constants (a and b) in the regression equation, and so units should be
clearly stated.

Other, non-linear versions of regression can be used (the aboveis called
simple linear regression). These obviously do not plot a straight line
through the scatterplot.

Non-linear regression

An example of non-linear regression is the common classical phar-
macokinetic problem of fitting a polyexponential curve to drug
concentration-time data.7 Specialized pharmacokinetic programs are
usually used to determine an exponential function that has minimal sum
of squares for a set of data points.

Because drug concentrations may vary by several orders of magnitude,
and variance is proportional to the concentration, a differential weighting
factor is often used for each data point in determining the regression
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estimates. Several polyexponential solutions are possible and a variety of
criteria (e.g. Schwarz, Akaike) can be used to determine the most likely
model. Rather than fit individual curves with polyexponential equations,

it is becoming common nowadays to carry out population
pharmacokinetic modelling that combines all the data points in one
overall regression analysis.

The calculation of quantal dose-response curves is another exampl e of
the use of non-linear regression. In this case a procedure known as probit
analysis is often used. In quantal dose-response experiments, several
doses of a drug are chosen and the observed response must be
dichotomous. (For alog dose-response curve, the doses are best chosen
so that the logarithm of the doses are approximately equally spaced.) At
each dose, a number of subjects are exposed to the drug and the response
observed.

For example, in a comparison of thiopentone requirements between
pregnant and non-pregnant patients ,% the numbers of patients found to
be unconscious at each dose was determined (Table 7.2 and Figure 7.5).

The shape of the dose-response curve is expected to be sigmoid and
thus the raw proportions of responses in each group must undergo an
appropriate transformation. In the probit transformation, the proportion
responding (y) is transformed using the inverse of the cumulative
standard normal distribution function.10 The basisfor thisisthat a
cumulative normal distribution curve is sigmoid in shape. In the logit
transfor mation, the proportion responding (y) is transformed using the
natural log of the oddsratio: In(y/[1 - y]). Either transformation can be
used and they give similar results. The probit analysis procedure also
provides methods to compare the median potency (ED50), and
parallelism of two curves, as well as providing confidence limits for the
likelihood of response at any dose.

With graded dose-response curve data, a common related method of
analysisisto model the data pointsto fit asigmoid gyax Model (i.e. the
Hill equation):

E _ [DF

E_ . [DI"+ECY,

where E = effect, ..« = the maximum effect, [D] = the drug concentration

EC50 = the concentration yielding 50% of maximal effect, and ydescribes
the slope of the curve.

Table 7.2 Number of patients (n = 10) with hypnosis at different
doses of thiopentone 1°

Dose (mg/kg) Non-pregnant Pregnant
2.0 0 1
24 1 5
2.8 4 6
33 7 8
38 7 10
4.5 10 10
53 10 10
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Figure 7.5 Dose-response curves in pregnant and non-pregnant women. The
95% confidence intervals for ED50 and ED% are displayed, slightly offset for
clarity. Data points are the original proportions in groups of 10 patients

Multivariate regression

Multiple linear regression is a more complex form of regression used
when there are several independent variables, using the general form of
the equation, Y' = betd) + betalX1 + betaX2 +...

Using this method, many independent (predictor) variables can be
included in a model, in order to predict the population value of the
dependent (outcome) variable. It is not necessary for the independent
variables to be normally distributed, nor even continuous.

For example, Boyd et al. Il measured arterial blood gases and gastric
tonometry (intramucosal pHi) in 20 ICU patients. As part of their
analyses, they used multivariate linear regression to describe the
rel ationship between pHi (their dependent variable) and a number of
cardiorespiratory (independent) variables. They found mild negative
associations with heart rate (r = -0.29), systolic pulmonary artery
pressure (r = -0.25), diastolic pulmonary artery pressure (r = -0.22) and
blood lactate (r = -0.36). Because they also found a strong correlation
between blood base deficit and pHi (r = 0.63), they concluded that routine
blood gas measurements could be used instead of gastric tonometry.
Interestingly, they have recently reanalysed their data and included the
variable (Pr-Pa)CO , the gap between gastric mucosal and arterial carbon
dioxide tensions.12 They found that (Pr-Pa)CO2 was not correl ated with
arterial blood gas data and so may be a unique measure of splanchnic
perfusion.

Stepwise regression analysisis a type of multivariate analysis used to
assess the impact of each of several (independent) variables separately,
adding or subtracting one at atime, in order to ascertain whether the
addition of each extra variable increases the predictive ability of the
equation (model) - the '‘goodness of fit'. It does this by determining
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whether there has been an increase in the overall value of R2 (Where R =
multiple correlation coefficient).

For example, Wong and Chundu used stepwise multiple linear
regression to describe factors associated with metabolic alkalosis after
paediatric cardiac surgery13 Here, the dependent variable was arterial
pH, and several patient characteristics and biochemical measures were
included as independent variables. They found that patient age and
serum chloride concentration were the only significant (negative)
associations with arterial pH, and explained 42% of the variability in
postoperative arterial pH (i.e. R2 = 0.42). They concluded that chloride
depletion may be afactor in the pathogenesis of metabolic alkalosisin
that population.

Analysis of covariance is acombination of regression analysis and
analysis of variance (used to compare the mean values of two or more
groups), that adjusts for baseline confounding variables (also known as
covariates). This method can be used when several groups being
compared have an imbalance in potentially important baseline
characteristics which may influence the outcome of interest. Here the
relationship between each baseline factor and the endpoint of interest is
first determined, leading to an adjusted comparison (i.e. so that the
groups are 'equalized' before comparison).

Logistic regression isatype of regression analysis used when the
outcome of interest isa dichotomous (binary, oOr yes/no) categorical
variable. It generates a probability of an outcome from O to 1, using an
exponential equation.* This technique is commonly used in outcome
studies in anaesthesia and intensive care, where the outcome of interest
is adichotomous variable - typically an adverse event or mortality 14 As
with multivariate linear regression, a number of independent (predictor)
variables can be included in the equation, so that their specific effect on
outcome can be adjusted according to the presence of other variables.
Each independent (predictor) variables may be included in the equation
in a stepwise method (one at atime), or all entered together.

If any of the independent variables are also dichotomous, then their
relationship to the outcome of interest can be expressed by the risk ratio,
or its estimate, oddsratio (OR) (see Chapter 6). Because thisisa
multivariate technique, logistic regression can be used to calculate an
adjusted OR. The OR is the exponential of the regression coefficient (i.e.
OR for the factor x1 is equal to ebetal

For example, Kurz et al1.15 investigated the potential relationship
between postoperative wound infection and various perioperative
factors (including maintenance of normothermia) in patients having
abdominal surgery. Because wound infection is a dichotomous categori-
cal variable, they used multivariate logistic regression. They found there
was a significant association between postoperative wound infection and
smoking (OR 10.5), as well as with perioperative hypothermia (OR 4.9).

* 1
= ————; it can also be expressed as: OR = e¥
1+e™

where OR = odds ratio, w = beta + betalXl + beta2X2 + ... , and P = probability of outcome.
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This means that smokers were approximately 10.5 times more likely to
have a postoperative wound infection (compared to non-smokers), and
patients who developed hypothermiawere 4.9 times more likely
(compared to those who were normothermic).

It should be stressed that a number of equations, or ‘models, may be
developed from a data set using multivariate (linear or logistic)
regression analysis. How the final model is constructed depends partly
on the choice of independent variables and their characteristics (as
numerical, ordinal or categorical data). 16 There may be other (unknown)
variables that may have a significant impact on the outcome of interest. 17
Development of areliable predictive model requires assistance from a
statistician experienced in multivariate regression techniques, because of
the potential problems with, for example, correlation (co-linearity) and
interaction of variables. But it also requiresinvolvement of an
experienced clinician, as the predictor variables ultimately chosen in the
model must be reliable and clinically relevant. These predictor variables
are often considered as 'risk factors'. Further discussion of these issues
can be found in Chapter 8.

Mathematical coupling

If two variables have a mathematical relationship between them, then a
spurious relationship can be calculated using correlation. Thisis known
as mathematical coupling and overestimates the value of 18 Thisisalso
acommon error in anaesthesia research, as many endpoints of interest are
actually derived (as indices) from another measured variable(s). For
example, oxygen delivery (pop) is aterm derived from a measurement of
cardiac output and oxygen content (which in turn is calculated from a
measurement of haemoglobin concentration, arterial oxygen saturation
and tension).* Thisis commonly calculated along with VO 2.t Hence, both
vo2 and DO2 share several valuesin their derivation. It has been a
frequent error to describe the relationship between Vo2 and D02 using
correlation and regression analysis, with most authors finding an r value
of approximately 0.75, and so concluding, possibly falsely, that not only
is V02 strongly associated with Do?, but is also dependent on Do2 (i.e.
'supply-dependence’). 19

Another common situation is where one variable includes the value of
the other variable - thisis an additive mathematical relationship. An
example would be describing the relationship between an initial urine
output (say over thefirst 4 h) and that over 24 h (i.e. 0-4 h and 0-24 h).
Clearly the fact that the 24-hour urine volume includes the first 4-hour
urine volume will ensure a reasonable degree of association - in this
example mathematical coupling can be avoided by excluding the first
4-hour volume from the 24-hour measurement (i.e. 0-4 hours and 4-24
hours). Mathematical coupling should always be considered when one or
both variables has been derived from other measurements.

*Do2 = CO X (Hb x 1.34 x Sa02 + Pao2 x 0.003).
+V02 = COx [Hbx 1.34 x (Sa02- svo?) + (Pa0z - Pvo) x 0.003]
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Agreement

How well two measurement technigues agree is acommon guestion in

anaesthesia and intensive care: comparing two methods of measuring
cardiac output, arterial (or mixed venous) oxygen saturation, extent of
neuromuscular blockade, depth of anaesthesia, etc. Although correlation

is the correct method for measuring the association between two
numerical variables, and regression can be used to describe their
relationship, they should not (generall 2y) be used to describe agreement
between two measurement methods.2021 In nearly all situations two
methods used to measure the same variable will have very close
correlation - but they may not have useful clinical agreement! Asan
illustration, if two methods differ by a constant amount (which may be
quite large) they will have excellent correlation, but poor agreement.

To describe the agreement between two measurement techniques, the
average between them (considered the 'best guess) and their difference
arefirst calculated. 20 The average is then plotted against the difference;
this plot is sometimes referred to as a Bland-Altman plot .21 The mean
difference between measurement techniques isreferred to asthe 'bias
and the standard deviation of the difference is referred to as the
'‘precision’. The biasis an estimate of how closely the two methods agree
on average (for the population), but does not tell us how well the

Table 7.3 Assessing the agr eement between two methods of measuring arterial carbon
dioxidetension (Pco2 mmHg) in 20 patients (after Myleset al.2?) Theraw dataare
presented, along with the calculated bias, precision and limits of agreement

Laboratory Paratrend-7 Average Pco2 Difference between methods
Labco2 P7co? (Labco2 + P7co2)/2 Labco2 - P7col
33 37 35 -4
39 39 39 0
39 34 36.5 5
38 36 37 2
42 42 42 0
41 41 41 0
32 31 315 1
37 35 36 2
42 41 41.5 1
39 38 385 1
29 29 29 0
33 33 33 0
4 40 405 1
32 30 31 2
34 33 335 1
39 37 38 2
37 36 36.5 1
31 29 30 2
38 36 37 2
43 41 42 2

Mean difference between methods (‘bias’) = 1.1 mmHg.
Standard deviation (SD) of difference (‘precision) = 1.6 mmHg.
1.96 x SD ('limits of agreement’) = 3.1 mmHg.
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Figure 7.6 Bland-Altman plot of two methods of measuring arterial carbon
dioxide tension (PCO2) (see Table 7.3)

methods agree for an individual. For this we must use the estimate of
precision. The precision can be multiplied by 1.96 to calculate the 'li mits
of agreement’, which describe where 95% of the data (observed
differences) lie. Whether two methods have clinically useful agreement is
not determined by hypothesis testing; it isthe clinician's impression of
the calculated bias and limits of agreement.

For example, two methods for measuring arterial carbon dioxide are
the Paratrend 7 intravascular device (Biomedical Sensors, High
Wycombe, UK), and a standard laboratory blood gas analyser. These
were compared in patients undergoing cardiac surgery 2 and the data
recorded after cardiopulmonary bypass are presented in Table 7.3 and
Figure 7.6.

If one or both variables are categorical, then the agreement between
them can be determined by the kappa statistic W. This can be used in
situations where, for example, an assessment is made as to whether a
disease is present or absent (using either a diagnostic test, predictive
score or clinical judgment), and this is compared to another method of
assessment. The most common use of the kappa statistic is to describe the
reliability of two observers ratings or recordings. The kappa statistic describes
the amount of agreement beyond that which would be due to chance. 23 A
kappa value of 0.1-0.3 is sometimes described as mild agreement, 0.3-0.5 as
moderate agreement, and 0.5-1.0 as excellent agreement. There are other
situations where calculation of positive predictive value, likelihood ratio
or risk ratio may be more appropriate (i.e. the chance of a particular
outcome, given atest result - see Chapters 6 and 8).

If either of the variables is measured on an ordinal scale (or the
question being asked is how well does a measurement technique agree to
a previous measurement using the same method?), then the intraclass
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correlation coefficient can be used.23 Thisis atest of reproducibility. The
extent of agreement, however, is still best described by the standard
deviation of the differ ence between methods.20
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Predicting outcome: diagnostic
tests or predictive equations

Sensitivity and specificity Bayes' theorem
Prior probability: incidence and Receiver operating characteristic
prevalence (ROC) curve

-positive and negative predictive value Predictive equations and risk scores

Key points

« Sensitivity of a test is the true positive rate.

+ Specificity of a test is the true negative rate.

« Positive predictive value is the proportion of patients with an outcome if the
test is positive.

« Negative predictive value is the proportion of patients without an outcome if

the test is negative.

A receiver operating characteristic (ROC) curve can be used to illustrate the

diagnostic properties of a test on a numerical scale.

Risk prediction is usually based on a multivariate regression equation.

A predictive score should be prospectively validated on a separate group of

patients.

Predictive scores are generally unhelpful for predicting uncommon (< 10%)

events in individual patients.

.

.

Sensitivity and specificity

Diagnostic tests are used to guide clinical practice.l -3 They are used to
enhance a clinician's certainty about what will happen to their patient.
The most familiar is alaboratory test or investigation, but many aspects
of aclinical examination or patient monitoring should also be considered
as diagnostic tests. Predictive equations and risk scores are diagnostic
tests. For example, the Mallampati score is commonly used to assess a
patient's airway in order to predict difficulty with endotracheal
intubation.4 Clinicians need to know how much confidence should be
placed in such tests - are they accurate and reliable?

A diagnostic test usually gives a positive or negative result and this
may be correct or incorrect. The accuracy of a diagnostic test can be
described by its sensitivity and specificity. The sensitivity of atest isits
true positive rate. The specificity isits true negative rate. Thus the
sensitivity and specificity of atest describe what proportion of positive
and negative tests results are correct given a known outcome (Figure 8.1).

Common events occur commonly. If adisease is common, and is
confirmed by adiagnostic test, then it isvery likely to be atrue result.
Similarly, if apredictive test is positive for an outcome that is common,
then it is even more likely to occur. If atest is negative for acommon (or
expected) event, then the clinician needs to be certain that the chance of
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‘Gold Standard’ test
(or actual outcome)

| +ve -ve
+ve ™ FP
New
test
-ve FN TN

Where TP = true positive
FP = false positive
TN = true negative
FN = false negative
Sensitivity of the new test = TP/(TP + FN)
Specificity of the new test = TN/(TN + FP)

Positive predictive value of the new test = TP/(TP + FP)
Negative predictive value of the new test = TN/(TN + FN)

Figure 8.1 Sensitivity and specificity, positive and negative predictive value

afalse negative result (1-specificity) is extremely low. In most clinical
situations a negative test result should be reviewed if clinical suspicion
was high. Conversely, asingle positive test result for arare event is
unlikely to be true (most positive results will be incorrect).

Prior probability: incidence and prevalence

The value of adiagnostic test in clinical practice does not just depend on
its sensitivity and specificity. As stated above, common events can be
more confidently predicted and the clinical circumstancesin which atest
isto be applied must be taken into consideration. Information about
prevalence (or incidence) isrequired. Prevalence isthe proportion of
patients with a disease (or condition of interest) at a specified time.
Incidence is the proportion of patients who develop the disease (or
outcome of interest) during aspecified time. Pre-existing conditions
should be described by their prevalence rate, whereas outcomes should
be described by their incidence rate. Prior probability isaterm used
interchangeably for prevalence (or incidence, if it isin referenceto an
expected outcome rate).

Clinical interpretation of diagnostic tests requires consideration of
prior probability. This can be done by calculating the positive predictive
value (PPV) and negative predictive value (NPV). PPV describesthe
likelihood of disease or outcome of interest given a positive test result.
NPV describes the likelihood of no disease or avoiding an outcome given
anegative test result (Figure 8.1). Prior probability is sometimes referred
to asthe pre-test risk; the post-test risk refersto either PPV or NPV

It iscommon for authors to report optimistic values for PPV and NPV,
yet both are dependent on prevalence* - if adisease (or outcome) is

*1f the test is being used for prediction of outcome (e.g. risk score), then PPV is dependent
on itsincidence rate.



96  Statistical Methods for Anaesthesia and Intensive Care

common, atest (irrespective of its diagnostic utility) will tend to have a
high PPV The same test in another situation where disease prevalence is
low will tend to have poor PPV and yet high NPV. Therefore, the context
in which the diagnostic test was evaluated should be considered - does
the trial population in which the test was devel oped represent the clinical
circumstances in which the test is to be applied? Was there a broad
spectrum of patients (of variable risk) studied?1
An example of thisis electrocardiographic diagnosis of myocardial

ischaemia.25 It is generally accepted that ST-segment depression >- 1 mm
is an indicator of myocardial ischaemia, and with this criterion it has a
sensitivity of about 70% and specificity of about 60%.5 |f a 70-year-old
man with coronary risk factorsis found to have ST-segment depression,
then it isvery likely that this indicates myocardial ischaemia. But if a
60-year-old woman has the same degree of ST-segment depression, then
it remains unlikely that she has myocardial ischaemia. 26 This
discrepancy can be quantified using PPV and NPV and illustrates the
relevance of prior probability (Figure 8.2). In the first case (the elderly
man), it could be expected that 60% of such patients (i.e. prior probability
60%) have ischaemic heart disease, but in the second case (the woman), it
might only be 10%. If the sensitivity of ECG diagnosis of myocardial
ischaemiais 70%, then the PPV for such patientsis 74%. The PPV for the
woman isonly 17%. Rifkin and Hood present a cogent argument
describing how the extent of ST-depression should be interpreted
according to the perceived risk (prior probability) of myocardial

(@)

True result
+ve -ve Total
ECG +ve 42 15 57
(ST-depression)
18 25 43
Total 60 40 100
PPV = 74% (42/57)
NPV = 58% (25/43)
{b)
True result
+ve -ve Total
ECG +ve 7 35 42
(ST-depression)
-ve 3 55 58
Total 10 90 100

PPV = 17% (7/42)
NPV = 95% (55/58)

Figure 8.2 The effect of prevalence, or prior probability on PPV and NPV,
assuming an ST-segment diagnosis of myocardial ischaemia with sensitivity
70%, specificity 60%: (a) 100 elderly men (prevalence =60 %); (b) 100 women
(prevalence =10%)
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ischaemia.2 PPV can also be calculated by several other methods; one of
these is a mathematical formula known as Bayes theorem.

Sensitivity, specificity, PPV and NPV are proportions and so can be
described with corresponding 95% confidenceintervals.7 These are
measures of atest'sreliability.

Bayes' theorem

Bayes theorem* is aformula used to calculate the probability of an

outcome (or disease), given a positive test result. 23 |t combinesthe
characteristics of the patient (prior probability), the test (sensitivity) and

the test result, to calculate PPV Bayes formula states that the PPV is
equal to the sensitivity of the test multiplied by the prevalence (or

incidence) rate, divided by all those with a positive test (Figure 8.3).

P(TH D*) x P(D*)

AT = 5% » A + AT D7 = D)

Where P = probability, D* = disease (or outcome), D~ = no disease (or outcome),
T+ = test positive, and P(D* T+) = PPV, P(T* D*) = sensitivity.

Figure 8.3 Bayes theorem

PPV isa conditional probability. It isthe probability of having the
diseaseéor outcome) given that the test was positive. The symbol ' ' is
used to denote that the item to its left presumes the condition to its right. 3
Hence PPV is denoted by P(D + T+). Using this nomenclature, sensitivity
can be denoted by P(T+1 D+) and specificity by P(T-/ D-).

As described above, the utility of atest depends on its accuracy
(sensitivity and specificity) and prior probability. If this probability islow,
then the ratio of the true positive rate (sensitivity) to the false negative
rate (1 -specificity) must be very high in order for the test to be useful in
clinical practice. This relationship can beillustrated using a homogram,
which illustrates the varying effect of the prior probability and sensitivity
of the test, with the likelihood of an outcome.$ In clinical practice a
positive test result usually offers very little extrainformation for an
outcome that is already likely, unless the test is very sensitive and/or
specific.

Bayes' theorem can be rearranged to calculate the odds of an outcome

iven atest result - the likelihood ratio. *? The prior odds is defined as
the odds of an outcome before the test result is known and is the ratio of
prior probability to 1 minus prior probability (prevalence/ 1-prevalence).
Either a positive or negative likelihood ratio can be calculated, according
to whether atest result is positive or negative.

A Bayesian approach can also be used to interpret clinical trials. 9 A
significant P value for an unexpected event isless likely to be true (i.e.

*Thomas Bayes (1763): 'An essay towards solving a problem in the doctrine of chances'.
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lower PPV because of alower prior probability) than a P value that may
not be significant (say P = 0.11) for an event that had been the main
subject of study, or had been demonstrated in previous studies.

The important issue isthat effect size, not P value, isthe more
important consideration when interpreting clinical trial results. This
approach has also been suggested for interim analysis of large trials. 10

Receiver operating characteristic (ROC) curve

Not all diagnostic test results are ssimply categorized as 'positive’ or
'negative’. Anaesthetists and intensivists are frequently exposed to test
results on a numerical scale. Some judgment is required in choosing a cut-
off point to denote normal from abnormal (or negative from positive).
Laboratory reference ranges are usually calculated from a healthy
population, assuming a normal distribution in the population, as mean
+ 1.96 standard deviations. Predictive equations, or risk scores, usually
have some arbitrary cut-off value, whereby it is considered a higher score
denotes higher risk of an adverse outcome ('test positive'). The cut-off
value should ideally be selected so that the risk score has greatest
accuracy. There is atrade off between sensitivity and specificity - if the
cut-off value istoo low it will identify most patients who have an adverse
outcome (increase sensitivity) but also incorrectly identify many who do
not (decrease specificity).

The change in sensitivity and specificity with different cut-off points
can be described by a receiver operating characteristic (ROC) curve
(Figure 8.4).3 An ROC curve assists in defining a suitable cut-off point to
denote 'positive’ and 'negative'. In general, the best point lies at the
elbow of the curve (its highest point at the left). However, the final,
perhaps most important consideration, is for the intended clinical
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Figure 8.4 Receiver operating characteristic (ROC) curve. The broken line
signifies no predictive ability
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circumstances to guide the final choice of cut-off point. If the con-
sequences of false positives outweigh those of false negatives, then a
lower point on the curve (to the left) can be chosen.

Because an ROC curve plots the relationship between sensitivity and
specificity, which are independent of prevalence, it will not be affected by
changes in prevalence. The slope of the ROC curve represents the ratio of
sensitivity (true positive rate) to the false positive rate. The line of
equality (slope = 1.0) signifies no predictive ability. The steeper the slope,
the greater the gain in PPV.

The area under an ROC curve represents the diagnostic (or predictive)
ability of thetest. An ROC area of 0.5 occurs with the curve of equality
(theliney = x) and signifies no predictive ability. Most good predictive
scores have an ROC area of at least 0.75. Two or more p{f%ctive, or risk,
scores can be compared by measuring their ROC areas. -

For example, Weightman et al.13 compared four predictive scores used
in adult cardiac surgery and found they had similar ROC areas (about
0.70) in their surgical population. They concluded that all of the scores
performed well when predicting group outcome, but would be unreliable
for individual patients. This was because adverse outcomes wererarein
their study (mortality 3.5%).

Predictive equations and risk scores

Outcome prediction has four main purposes:

* to identify factors associated with outcome (so that changesin
management can improve outcome)

« to identify patient groups who are at unacceptable risk (in order to
avoid further disability or death, or for resource allocation)

* to match (or adjust) groups for comparison

* to provide the patient and clinician with information about their risk

Identification of low-risk patients (who should not need extensive
preoperative evaluation or expensive perioperative care) may save
valuable resources for those most at need. Similarly, if patients are at
unacceptable risk, whereby expensive resources are not expected to
improve outcome, it may be appropriate to deny further treatment. In
both of these situations it isimperative that a predictive scoreisreliable.
Thisis often the case for groups of patients, but less so for the individual.
Thisisavery common problem in anaesthesia because serious morbidity
and mortality are rare events and so most 'predictive scores' are not very
helpful. Risk adjustment is a more accurate way of correcting for
baseline differencesin clinical studies, or for correcting for ‘casemix'’
when comparing institutions.

Many studies in anaesthesia and intensive care are used to derive a
predictive equation or risk score. Information regarding patient
demographics, comorbid disease, results of laboratory tests and other
clinical data, may be analysed in order to describe their association with
eventual patient outcome. This process may identify causative or
exacerbating factors, as well as preventive factors.
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The simplest method of describing the relationship between a
predictor variable and outcome is with one of the familiar univariate
techniques - for numerical outcomes it may be Student's t-test or Mann-
Whitney U test; for categorical datait isusually y or risk ratio calculated
from a2 x 2 contingency table. Though not essential, these techniques are
commonly used during the initial stages of developing a predictive
equation or risk score. They act as a screening process in order to identify
any possible predictor variables, which are usually chosen as those with
P < 0.05. These predictor variables are often considered as 'risk factors.
Univariate techniques cannot adjust for the combined effects of other
predictor variables. Hence, with multiple factors, each possibly inter-
related, it is necessary to use some form of multivariate statistical
analysis. These include linear and logistic regression, discriminant
analysis and proportional hazards. 14-17

Regression analysisis used to predict a dependent (outcome) variable
from one, or more independent (predictor) variables. Multiple linear
regresson Is used when the outcome variable is measured on a
numerical scale. Logistic regression is used when the outcome of interest
IS a dichotomous (binary, or yes/no) categorical variable. 5.1
Discriminant analysis is used when there are more than two outcome
categories (i.e. on a categorical or ordinal scale). Cox proportional
hazards is used when the outcome istime to an event (usually
mortality). s ¢ Further descriptions of these methods can be found in
Chapters 7 and 9.

Stepwise regression analysisis atype of multivariate analysis used to
assess the impact of each of several predictor variables separately, adding
or subtracting one at atime, in order to ascertain whether the addition of
each extra variable increases the predictive ability of the equation, or
model - the'goodness of fit'. A forward stepwise procedure adds one
variable at atime; a backward stepwise procedure removes one variable
at atime. It does this by determining whether there has been a significant
increase (for aforward procedure) or decrease (for a backward
procedure) in the overall value of R2 (for regression methods, where R =
multi le correlation coefficient) or a goodness of fit statistic (similar to
2).16 , R2 measures the amount of variability explained by the model
and is one method of describing its reliability. It Isameasure of effect size.
1- R2 isthe proportion of variance yet to be accounted for. This process
may not necessarily select the most valid, or clinically important,
predictor variables? It may also continue to include factors that offer
very little additional predictive ability (at the expense of added
complexity). An alternative, or complementary, method is to first include
known, established risk factors.

A derived equation, or model, islikely to be unreliable if too few
outcome events are studied. 15 This may result in spurious factors being
identified (‘over-fitting' the data) and important ones being missed. The
reliability, or precision, of the equation is dependent on the size of the
study. The larger the sample the more reliable the estimate of risk. It is
recommended that at least ten outcome events should have occurred
with each predictor variable in the model. >

The regression coefficients, or weightings, assume a linear gradient
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between the predictor variable and the outcome of interest. This means

that a unit change in the predictor variable will be associated with a unit
change in the probability of the outcome. It is best to check for this by

visual inspection of the plotted data or stratifying the predictor variables
into ordered groups to confirm that the effect is uniform across the range

of values. It may be preferable to categorize a numerical predictor
variableif thismore clearly discriminates different levels of risk.

It must be stressed that a RLil?‘lber of equations, or models, may be
developed from a data set. >+ How the final model is constructed
depends partly on the choice of predictor variables and their
characteristics, or coding (as numerical, ordinal or categorical data). 1517
There may be other variables, known or unknown, that may have a
significant impact on the outcome of interest. 21 Development of areliable
predictive model requires assistance from a statistician experienced in
multivariate techniques, because of the potential problems with, for
example, correlation (co-linearity) and interaction of variables. But it
also requires involvement of an experienced clinician, as the predictor
variables ultimately chosen in the model must be reliable and clinically
relevant. 17

Because outcome prediction is usually based on a predictive equation
developed using multivariate analyses, it will, by virtue of its derivation,
be able to predict that original data set well.14,1 17 Further validation is
required before accepting its clinical utility. One method isto split the
study population into two, deriving arisk score from the first and testing
it on the second. Another method is to prospectively validate it using
another data set, or preferably, externally validating the equation, or
score, at another institution.)? Bootstrapping is a method of random
sampling and replacement from the data set so that multiple samples can
be analysed in order to validate the derived model, or risk score. 2 It has
been shown to be a more reliable method than split-samples. This
method was used recently by Wong et al. 23 when identifying risk factors
for delayed extubation and prolonged length of stay with fast-track
cardiac surgery.

Wasson et al.14 and otherst ! have described standards for derived
predictive scores. They include a clearly defined outcome, clearly defined
é_obj ective) risk factors, separation of predictive and diagnostic factors

ideally with blinded assessment of outcome), a clearly defined study
population (ideally a wide spectrum of patients) and prospective
validation in avariety of settings. 14

Each of the above multivariate methods derives an equation that
predicts the probability of an outcome of interest. Because regression
equations are often very complex, it is common to convert them to arisk
score for clinical use. 15 The regression coefficients (from linear or logistic
regression), oddsratios (from logistic regression) or hazard ratios
(proportional hazards) usually form the basis of a numerical score for
each risk factor.

Outcome prediction only applies to groups of patients. If apredictive
equation or risk score estimates that the risk of postoperative mortality is
42%, this does not mean that a patient with the specified characteristics
has a 42% risk of death, only that if 100 similar patients were to proceed
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with surgery, then 42 would be expected to die postoperatively. We do
not know with any certainty, whi ch of those patients will survive or die.
~ One remaining point should not be forgotten: association does not
Imply causation. For this reason, treatment of identified risk factors may
not improve outcome. Just because a strong association is demonstrated,
does nat, of itself, support a conclusion of cause and effect. This requires
added proof, such as abiologically plausible argument, demonstration of
the time sequence (discerning cause from, effect) and exclusion of other,
Eerhaps unknown, confounding factors.2L%4 For example, amiodarone
as been associated with poor outcome after cardiac surgery, 2 yet this

may be partly explained by the fact that patients who have been treated
with amiodarone are more likely to have poor ventricular function and it
may be this confounding factor that explains the poor outcome. This
issue could be clarified with a prospective, randomized controlled trial.

Outcome during and after |CU admission has been the subject of many
studies. The most familiar are the APACHE scoring systems.26 These
were devel oped because | CU patients frequently suffer multisystem
disease and previous risk scores usually focused on a single organ
dysfunction or disease. In APACHE |11, Knaus et a1. 26 collected dataon
predictor variables and patient outcome from 26 randomly selected
hospitals and 14 volunteer hospitalsin the USA. A total of 17 440 patients
were studied as a split sample. The first (derivation) group had weights
calculated for various chronic disease and physiological variables using
logistic regression and these weights were converted into scores. The
APACHE Il was then prospectively tested on a second (validation)
group. A series of regression equations and the APACHE |11 score are
available to calculate the probability of various ICU outcomes. 26 Seneff
and Knaus have written an excellent review of several ICU scoring
systems

A good example of a predictive, or risk score is that devel oped by
Higgins e a1.28 who collected retrospective data on 5051 patients
undergoing coronary artery bypass grafting. 28 They used ,'C; and Fisher's
exact test to identify risk factors associated with morbidity and mortality
and also calculated odds ratios to measure the degree of association.
Significant risk factorsidentified by these univariate methods were then
entered into a logistic regression analysis. This enabled adjusted odds
ratios (for confounding) to be calculated. The final logistic equation, or
model, was tested for its predictive ability ('goodness-of-fit') using a test
similar to X2 (called the Hosmer -L emeshow statistic). It should be noted,
that at this stage of their study, they only validated their model on their
original data set and so naturally they found their model had good
predictive properties. They then used the univariate odds ratios (and
‘clinical considerations)) to give each significant factor a score of 1 to .
They also constructed ROC curves to compare various versions of their
derived clinical severity score. 1mortantiy, they then prospectively
collected data on afurther 4169 patients at their institution and tested
their score on this (validation) group. The overall agreement with this
new data set was also tested with the Hosmer-Lemeshow statistic. They
calculated that if ascore of 6 (out of 33) was chosen as a cut-off point for
mortality, their score had a sensitivity of ez and specificity of se% and
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a PPV of 11% and a NPV of 99%. As the authors state, because the PPV
was only 11% (i.e. for each 100 patients identified by their score, only 11
actually died postoperatively; the other 89 survived), their scoreis best to
identify low-risk patients as the NPV was 99%.

The bispectral index (BIS) is an EEG-derived estimate of depth of
hypnosis.? In earlier versions, the manufacturers used multivariate
regression to calculate the probability of movement. This was later
modified to correlate the BIS with level of hypnosis. In either case,
regression analysis was used to construct arange of BIS values that could
be used to reflect depth of hypnosis. Thus, BISis a predictive model. It
can be considered to have a certain sensitivity and specificity, and
positive and negative predictive value.
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Survival analysis

What is survival analysis? The “hazards' of survival analysis
Kaplan-Meier estimate
Comparison of survival curves

-logrank test

-Cox proportional hazard model

Key points

* Survival analysis is used when analysing time to an event.

* The Kaplan-Meier method estimates survival using conditional probability,
whereby survival depends on the probability of surviving to that point and the
probability of surviving through the next time interval.

« Two survival curves can be compared using the logrank test.

* The hazard ratio is the risk of an event compared with a reference group.

What is survival analysis?

Many patients undergoing major surgery, or admitted to intensive care,
are at increased risk of early death. Clinical research in these areas often
includes measures of outcome such as major morbidity and mortality. But
these rates are usually only described at certain pointsin time (such asin-
hospital mortality or 30-day mortality). They ignore other valuable
information about exactly when the deaths occurred. The actual pattern of
death - when, and how many patients die - and its converse, the pattern
of survival, are less frequently investigated in anaesthesia and intensive
care research. Thisis particularly so for survival rates over alonger
period of time. The statistical analysis of the pattern of survival is known
as survival analysis.1,2 The outcome of interest, survival, istreated as a
dichotomous (binary, or yes/no) categorical variable and can be
presented at any point in time as a proportion.

Although survival analysisis most often concerned with death rates,
the outcome of interest may be any survival event, such as extubation in
ICU, failure of arterial cannulae, or freedom from postoperative nausea
and vomiting. The difference, of course, isthat in these circumstances
compl ete outcome data on all patients are usually available and so the
more familiar comparative statistical tests are most commonly used.
However, survival analysisis generally a preferable approach asiit
provides more clinically relevant information concerning the pattern of
the outcome of interest.

If adeath rate remains constant, the probability of death over any time
period can be estimated (using the Poisson distribution - see Chapter 2).
Thisrarely occursin clinical practice: usually mortality is high initially,
then tapers off. Such rates that vary over time are called hazard rates.

Survival, or actuarial, analysis is most commonly applied in cancer
research, and analysis of outcome after cardiothoracic surgery and organ
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transplantation. The mean time of survival can be atotally misleading
statistic, asit will depend on patients mortality distribution pattern as
well as how long they were followed up. The median survival timeis
sometimes used but is only available after more than half the patients
have eventually died. Because deaths do not occur in alinear fashion,
estimates made over a brief period of time may not reflect the true overall
pattern of survival. If some patients have only beenin atrial for afew
months, we cannot know how many of them will survive over alonger
period (say one or two years). Start and finish times (patient recruitment
and eventual mortality) are usually scattered. \We therefore need a
method that accommodates for the incomplete data. The number of
patients studied, when they died, and the length of time they have been
observed, are crucial data required to describe the pattern of survival.

Because we have information on only those patients who actually died,
we do not know how long the remaining patients will survive. These
survival times are 'censored' and the data concerning surviving patients
are called censored observations. Censoring removes these individuals
from further analysis. Patients who are withdrawn from treatment, or
who are lost to follow-up, are also censored observations (at the point
they leave the study). Y et the information concerning patientsin atrial
who have not yet died, or have not yet survived for a specified period, is
of some value. After all, we know they have survived for at least that
period of time - some of their survival information can be included.
Essentially, an estimate is made of the patients' probability of survival,
given the observed survival ratesin the trial at each time period of
interest. Information about the censored datais included (up until they
leave or arelost from the trial).

There are two main methods for describing survival data, the actuarial
(lifetable) method andthe Kaplan-Meier method. The actuarial
method first divides time into intervals and calculates survival during
each of these intervals (censored observations are assumed to have
survived to halfway into the interval). The Kaplan-Meier method
calculates the probability of survival each time a patient dies. A survival
table or graph may be referred to asa 'lifetable’. An example, using
survival after heart transplantation, is presented in Table 9.1,

Kaplan-Meier estimate

The Kaplan-Meier technique is a non-parametric method of estimating
survival and producing a survival curve. The probability of death is
calculated when patients die, and withdrawals are ignored (Table 9.2);
therefore withdrawals in smaller studies do not have such an effect on
calculated survival rates. The Kaplan-Meier method calculates a
conditional probability: the chance of surviving atime interval can be
calculated as the probability of survival up until that time, multiplied by
the probability of death during that particular interval. For example, to
survive for 15 months, a patient must first survive 12 months, and then
three more. The probability of surviving 12 months (using Table 9.2) is
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Table 9.1 Survival data after heart transplantation (hypothetical data). The life table
describes the observed outcome over two years

Time period Number of patients Number of deaths Alive, but yet to reach
aive at the start next time period
of each time period (or lost to follow-up)

0-2 mths 74 10 2

2-4 mths 62 4 1

4-6 mths 57 1 1

6-8 mths 55 1 2

8-12 mths 52 1 1

12-16 mths 50 2 3

16-20 mths 45 2 1

20-24 mths 42 0 0

24-30 mths 42 2 1

30-36 mths 39 0 1

0.742, and the probability of survival over the next three monthsis 0.96;
hence the probability of surviving 15 monthsis 0.742 x 0.96 = 0.712.

Changes in probability only occur at the times when a patient dies. The
resultant Kaplan-Meier curve is step-like, as a change in the proportion
surviving occurs at the instant a death occurs (Figure 9.1). Both standard
error and 95% confidenceintervals can be calculated.3 These usually
widen over the time period because the number of observations
decreases.

Comparison of survival curves

The survival pattern of different patient groups can be compared using
their survival curves. Thisis most commonly applied when comparing

two (or more) treatment regimens or different treatment periods (changes
over time), or deciding whether various baseline patient characteristics
(gender, age groups, risk strata, etc.) can be used to predict (or describe)

eventual survival. The most obvious method would be to compare the

Table 9.2 Kaplan-Meier estimates for survival after heart transplantation (using the
above hypothetical data)

Monthof Number of ~ Number of Probability of  Probability of Cumulative
desth patients (p) ~ deaths(d) death (d/p) survival (1-d/p) ~ survival

1 74 10 0.135 0.865 0.865
3 62 4 0.065 0.935 0.809
6 57 1 0.018 0.972 0.786
7 55 1 0.018 0.972 0.764
12 52 1 0.019 0971 0.742
15 50 2 0.040 0.960 0.712
20 45 2 0.044 0.956 0.681
28 42 2 0.048 0.952 0.648
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Figure 9.1 Kaplan-Meier survival curve for heart transplantation (see Table 9.2)

survival rates of the groups using standard hypothesis testing for
categorical data (such asthe familiar chi-squaretest). But thisis
unreliable, as it only depicts the groups at a certain point in time, and
such differences between groups will obviously fluctuate. What is needed
is amethod that can compare the whole pattern of survival of the groups.
Various non-parametric tests can be used for this purpose.

One techniqueis to rank the survival times of each individual and use
the Wilcoxon rank sum test (survival time is not normally distributed
and so the t-test would be inappropriate). This method isunreliable if
there are censored observations (i.e. patients lost to follow-up or still
alive). In these situations, a modification known as the generalized
Wilcoxon test can be used (also known as the Breslow or Gehan test). In
general, these tests are uncommonly used because they are not very
powerful and so may fail to detect significant differencesin survival
between groups.

An aternative (and popular) technique isto use the logrank test.2 This
is based on the X2 test and compares the observed death rate with that
expected according to the null hypothesis (the M antel-Haenszel test is
also avariation of this). Time intervals are chosen (such as one- or two-
month periods) and the number of deaths occurring in each is tabulated.
The logrank test then determines the overall death rate (irrespective of
group), and compares the observed group death rate with that expected
if there was no difference between groups. The results of each time
interval are tabulated and a X2 statistic is generated. An advantage of the
logrank test isthat it can also be used to produce an odds ratio as an
estimate of risk of death: thisis called a hazard ratio. A test for trends can
also be used, so that risk stratification can be quantified.

For example, Myles ct al.' compared two anaesthetic techniquesin
patients undergoing cardiac surgery. The time to tracheal extubation was
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Table 9.3 Kaplan-Meier estimates for tracheal extubation after coronary artery bypass
graft surgery in patients receiving either an enflurane-based (Enf), or propofol-based
(Prop) anaesthetic (using datafrom Myleset al. 4)

Time after Number of ~ Number of  Probability Probability of ~ Cumulative

ICcU patients patients of extubation continued proportion
admission (h) extubated mechanical sill

ventilation ventilated
Enf Prop Enf Prop Enf Prop Enf Prop Enf Prop
0 66 58 0 0 0.00 0.00 1.00 1.00 1.00 1.00
2 66 58 2 4 0.03 0.07 0.97 0.93 0.97 0.93
4 64 54 7 12 011 0.22 0.890.78 0.86 0.72
6 57 42 9 12 0.16 0.29 0.840.71 0.73 0.52
8 48 30 4 3 0.08 0.10 0.92 0.90 0.67 0.47
10 4 27 7 10 0.16 0.37 0.84 0.63 0.56 0.29
12 37 1 1 7 0.30 041 0.700.59 0.39 0.17
14 26 10 6 3 0.23 0.30 0.77 0.70 0.30 0.12
16 20 7 8 0 0.40 0.00 0.60 1.00 0.18 0.12
18 12 7 5 2 0.42 0.29 0.580.71 0.11 0.09
20 7 5 2 0 0.29 0.00 0.711.00 0.08 0.09
22 5 5 1 1 020 0.20 0.80 0.80 0.06 0.07
24 4 4 0 0 0.00 0.00 1.00 1.00 0.06 0.07

analysed using survival techniques (Table 9.3 and Figure 9.2). This study

demonstrated that a propofol-based anaesthetic technique, when
compared to an enflurane-based technique, resulted in shorter extubation
times. As stated above, survival techniques do not need to be restricted
to analysing death rates but can be used to analyse many terminal events
of interest in anaesthesia and intensive care research. Because eventual

outcome was known for all patientsin Myles' study (i.e. there were no

Enflurane Gp

Proportion ventilated
©
(4]
1

0.2 4 Propofol Gp

T T T 1 T 1] 1 1 1] L] 1 1 1
0 2 4 6 8 10 12 14 16 18 20 22 24
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Figure 9.2 Kaplan-Meier survival curves, illustrating tracheal extubation after
coronary artery bypass graft surgery in patients receiving either an enflurane-
based or propofol-based anaesthetic (see Table 9.3)
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censored observations), traditional (non-parametric) hypothesis testing
was also employed to compare the median time to extubation.

The Cox proportional hazardsmodel is a multivariate technique
similar to logistic regression, where the dependent (outcome) variable of
interest is not only whether an event occurred, but when. 5 It is used to
adjust the risk of death when there are a number of known confounding
factors (covariates) and therefore produces an adjusted hazard ratio
according to the influence on survival of the modifying factors. Common
modifying factorsinclude patient age, gender and baseline risk status.

For example, Mangano et al. investigated the benefits of perioperative
atenolol therapy in patients with, or at risk of, coronary artery disease.
They randomized 200 patients to receive atenolol or placebo. Their major
endpoint was mortality within the two-year follow-up period. They used
the logrank test to compare the two groups and found a significant
reduction in mortality in those patients treated with atenolol (P = 0.019),
principally through areduction in cardiovascular deaths. They then used
the Cox proportional hazards method to identify other (univariate)
factors that may be associated with mortality. These included diabetes
(P=0.01) and postoperative myocardial ischaemia (P = 0.04). When these
factors were included in amultivariate analysis, only diabetes was a
significant predictor of mortality over the two-year period (P = 0.01).

The “hazards' of survival analysis

Comparison of survival data does not need to be restricted to the total

period of observation, but can be split into specific time intervals. For
example, an early and late period can be artificially constructed for
analysis, the definition of these periods being determined by their
intended clinical application. This may be a useful exercise if differences
only exist during one or other periods, or if the group survival curves
actuaIEI]P/ cross. In general, such arbitrary decisions should be guided by
clinical interest, and not be influenced after visualization of the survival
curves.

Presentation of survival data should include the number of individuals
at each time period (particularly at the final periods, where the statistical
power to detect a difference is reduced), and survival curves should also
include 95% confidence intervals. A comparison of mortality ratesat a
chosen point in time should not be based upon visualization of survival
curves (when the curves are most divergent): this may only reflect
random fluctuation and selective conclusion of significance may be
totally misleading. Conclusions based upon the terminal (right-hand)
portion of a survival curve are often inappropriate, because patients
numbers are usually too small. It is common for such curvesto have long
periods of flatness (i.e. where no patient dies); this should not be
interpreted as no risk of death (or ‘cure').

In summary, the Kaplan-Meier method is used to estimate a survival
curve using conditional probability, the logrank test is used to compare
survival between groups, and the Cox proportional hazards method is
used to study the effects of several risk factors on survival.
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Large trials, meta-analysis, and
evidence-based medicine

Efficacy vs. effectiveness Evidence-based medicine
Large randomized trials Clinical practice guidelines
Meta-analysis and systematic reviews

Key points

* Stringently designed randomized trials are best to test for efficacy, but lack
applicability.
Large randomized trials are best to test for effectiveness, and so have
greater applicability (generalizability).
Large randomized trials can detect moderate beneficial effects on outcome.
Meta-analysis combines the results of different trials to derive a pooled
estimate of effect.
Meta-analysis is especially prone to publication bias.
A systematic review is a planned, unbiased summary of the evidence to
guide clinical management.
Evidence-based medicine optimizes the acquisition of up-to-date knowledge,
so that it can be readily applied in clinical practice.
Clinical practice guidelines are developed by an expert panel using an
evidence-based approach.

Efficacy vs. effectiveness

The randomized controlled trial (RCT) isthe gold standard method to
test the effect of anew treatment in clinical practice. It is a proven method
of producing the most reliable information, because it is least exposed to
bias.1- 3 Randomization balances known and unknown confounding
factors that may also affect the outcome of interest.

Stringently designed RCTs are best to test for efficacy, but lack
applicability.4 5 They are conducted in specific patient populations, often
in academic institutions, by experienced researchers. They are explanatory
trials. They commonly exclude patients with common medical conditions
or at higher risk. For these reasons their results may not be widely
applicable and so they do not necessarily demonstrate effectiveness in
day-to-day clinical practice. Trialsthat test effectiveness are also called
pragmatic trials. s

Large RCTs are usually conducted in many centres, by a number of
clinicians, on patients who may have different characteristics, and so
have greater applicability (generalizability).2*% |Large RCTsare an
excellent way of testing for effectiveness. 2+
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Why we need large randomized trials in anaesthesia*

A good clinical trial asks an important question and answersit reliably. 2,8
In 1984, Y usuf et al.2 explained how large, simple randomized trials can
reliably detect moderate effects on important endpoints (e.g. mortality,
major morbidity).2 In part they argued: (a) effective treatments are more
likely to be important if they can be used widely, (b) widely applicable
treatments are generally simple, (¢) major endpoints (death, disability)
are more important and assessment of these endpoints can be simple, and
(d) new interventions are likely to have only a moderate beneficial effect
on outcome. These considerations have fostered the widespread use of
large multi-centred RCTSs, particularly in the disciplines of cardiology and
oncology. Do these issues apply to anaesthesia?

The use of surrogate, or intermediate, outcome measures in
anaesthesiais widespread.9-12 Their inherent weaknesses include un-
certain clinical importance, transience, and unconvincing relationships
with more definitive endpoints. One of the reasons for studying
surrogate endpoints is that more definitive endpoints, such as mortality
or major morbidity, are very uncommon after surgery, and anaesthesiais
considered to play a small role in their occurrence.5 Nevertheless,
important, moderate effects of anaesthetic interventions are worthy of
study, but these require large RCTsin order to bereliable. 346

The increasing interest in evidence-based medicine has added a further
imperative to conducting reliable clinical trials.35 Small studies can rarely
answer important clinical questions. Most improvements in our specialty
are incremental, and these require large numbers of patients to be studied
in order to have the power to detect aclinically significant difference. 12
McPeek argued 13 years ago that changes in anaesthetic practice should
be based on reliable trial evidence that can be generalized to other
situations.4

Large RCTs are more likely to convincingly demonstrate effectiveness
because their treatments are generally widely applicable. 245 They are
usually multi-centred, and perhaps multi-national, in order to maximize
recruitment and enable early conclusion. This offers an opportunity to
identify other patient, clinician and institutional factors that may
influence outcome. These extraneous, potentially confounding factors
are more likely to be balanced between groupsin large RCTs. 41314
They are therefore less biased and so are more reliable,4,13,15 with less
chance of false conclusion of effect (typel error) or no effect (typell
error).

What is alarge trial? This depends on the clinical question. Some will
accept trials that study more than 1000 patients, but the more important
issue is that the trial should have adequate power (> 80%) to detect a true
difference for an important primary endpoint. 1617 Most important
adverse outcomes after surgery are rare. For example, the incidence of
stroke, renal failure or death after coronary artery surgery is 2-4%, and
the incidence of major sepsis after colorectal surgery is 5-10%. In order to

“This has been adapted from an Editorial in British Journal of Anaesthesia,7 published with
permission.
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Table 10.1 The approximate number of patients needed to be studied (assuming a type
error 0.05and typell error 0.2)

Baseline incidence 25% improvement with intervention Number of patients
40% 30% 920
20°% 15°% 2500
10% 7.5% 5400
6% 4.5% 9300

detect a moderate, but clinically important difference between groups,
many thousands of patients are required to be studied (Table 10.1).

There have been some excellent examples of large RCTs in anaes-
thesia. 1820 In some of these the investigators selected a high-risk group
in order to increase the number of adverse events in the study; this
reduced the number of patients required (i.e. with afixed sample size this
equates to a higher incidence rate).

Meta-analysis and systematic reviews

Meta-analysisis a process of combining the results of different trials to
derive a poolﬁdZ imate of effect and is considered to offer very reliable
information.4+=Y Some recent examples in anaesthesia include the effect
of ondansetron on postoperative nausea and vomiting (PONV) 24 the role
of epidural analgesia in reducing postoperative pulmonar)%morbidity, 5
and the benefit of acupressure and acupuncture on PONV .

Theterm systematic review, or overview, is sometimes used inter-
changeably with meta-analysis, but this more aptly describes the
complete process of obtaining and evaluating all relevant trials, their
statistical analyses, and interpretation _of the results. The most well-
known is the Cochrane Collaboration 2728 an Oxford-based group that
was established to identify all randomized controlled trials on specific
topics. They have several subgroups that focus on particular topics,
including acute pain management and obstetrics. An anaesthetic sub-
group is being considered (see web-site: www.cochrane-anaesthesia.
suite.dk).

Individual trial results can be summarized by a measure of treatment
effect and thisis most commonly an oddsratio (OR) and its 95%
confidence interval (95% CIl). The OR isthe ratio of odds of an outcome
in those treated vs. those not treated. It is a commonly used estimate of
risk. An OR of 1.0 suggests no effect; less than 1.0 suggests areduction in
risk, and greater than 1.0 an increased risk. If the 95% CI of the OR
exceeds the value of 1.0, then it is not statistically significant at P < 0.05
(i.e. it may be a chance finding).

The results (ORs) of individual trials are combined in such away that
large trials have more weight. As stated above, differencesin trial
characteristics (heter ogeneity) can obscure this process. For this reason,
it is recommended that a random effects model be used to combine ORs,
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whereby the individual trials are considered to have randomly varied
results. Thisleads to slightly wider 95% CI.

Results from each trial can be displayed graphically. The OR (box) and
95% CI (lines) for each subsequent trial are usually displayed along a
vertical axis. The size of the box represents the sample size of the trial.
The pooled OR and 95% CI for all the trialsisrepresented at the bottom
as adiamond, with the width of the diamond representing the 95 Cl%. If
this pooled result does not cross the value 1.0, it is considered to be
statistically significant. A logarithmic scale is often used to display ORs
because increased or decreased risk can be displayed with equal
magnitude.23

For example, Lee and Done?® investigated the role of acupressure and
acupuncture on PONY 26 They found eight relevant studies and
produced a summary diagram (Figure 10.1). The pooled estimate of effect
for prevention of early vomiting (expressed as arisk ratio in their study)
was 0.47 (95% ClI: 0.34-0.64). They did a sensitivity analysis, by separately
analysing large and small trials, those of good quality, and those where a
sham treatment was included.

The trialsincluded in a meta-analysis should have similar patient
groups, using a similar intervention, and measure similar endpoints.
Each of these characteristics should be defined in advance. Meta-analysis
may include non-randomized trials, but this is not recommended because
it obviously weakens their reliability.

Meta-analysis has been criticized,” 29 and some of its potential
weaknesses identified. 16172330-32  These include publication bias

LI 1
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Figure 10.1 Effect of non-pharmacological techniques on risk of early
postoperative vomiting in adults « = relative risk for individual study, _
overall summary effect. The control was sham or no treatment. Large trials = n
> 50, small trials = n <_ 50, high-quality studies = quality score > 2, low-quality
studies = quality score <_ 2.
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(negative studies are less likely to be submitted, or accepted, for
publication), duplicate publication (and therefore double-counting in the
meta-analysis), heterogeneity (different interventions, different clinical
circumstances) and inclusion of historical (outdated) studies.

Despite these weaknesses, meta-analysis is considered areliable source
of evidence. 222 There are now established methods to find all relevant
trials, 23 and so minimize publication bias. These include electronic data-
base searching, perusal of meeting abstracts and personal contact with
known experts in the relevant field. Advanced statistical techniques (e.g.
weighting of trial quality, use of a random effects model, funnel Iots%
and sensitivity analysis can accommodate for heterogeneity 16,21,23,30331.
The QUOROM statement, arecent review, has formulated guidelines on
the conduct and reporting of meta-analyses. 32

Meta-analyses sometimes give conflicting results when compared with
large RCTs. 16172930 A frequently cited example is the effect of
magnesium sulphate on outcome in patients with acute myocardial
infarction, 17:21,30,33,34 Many small RCTs had suggested that magnesium
improves outcome after acute myocardial infarction and this was the
conclusion of a meta-analysis, LIMIT-2, published in 1992.35 A
subsequent large RCT, 1S1S-4, disproved the earlier finding. 36

There have been several explanations for such disagreement.3334 But it
is generally recognized that positive meta-analyses should be confirmed
by large RCTs. Meta-analyses that include one or more large RCTs are
considered to be morereliable.29 Meta-analyses that find alack of
treatment effect can probably be accepted more readily 11

The findings of a meta-anal sis are sometimes presented as the
number needed to treat (NNT).28:37 Here the reciprocal of the absolute
risk reduction can be used to describe the number of patients who need
to be treated with the new intervention in order to avoid one adverse
event. For example, Tramer et al. 2 found a pooled estimate in favour of
ondansetron , with an OR (95% CI) of approximately 0.75 (0.71-0.83)*. If
the incidence of early PONV is 60% (proportion = 0.60), then these results
suggest that ondansetron, with an OR of 0.75, would reduce the
proportion to 0.45, or an absolute risk reduction of 0.15 (60% to 45%). The
NNT, or reciprocal of the absolute risk reduction (1/0.15) is 6.7.
Therefore, it can be concluded that six or seven patients need to be treated
in order to prevent one patient from having PONY

Evidence-based medicine

Evidence-based medicine (EBM) has been defined by its proponents as
the ‘conscientious, explicit and judicious use of current best evidence in
making decisions about the care of individual patients. 28 Although
referred to as a new paradigm in clinical care, 15 it could more accurately

*The authors calculated odds ratios (as estimates of risk ratios) in terms of arelative
benefit, and so we have used the reciprocal to present their results as arelative reduction
in PONV (aratio of benefit of 1.3 became an OR of 0.75).
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be described as a simplified approach that optimizes the acquisition of

up-to-date knowledge, so that it can be readily applied in clinical

practice. As such, EBM formalizes several aspects of traditional practice.
The five steps of EBM are: 28

Step 1. Ask an answerable question

Step 2. Search for evidence

Step 3. Isthe evidence valid?

Step 4. Does the evidence apply to my patient?
Step 5. Self-assessment

It teaches how to formulate a specific and relevant question arising
from clinical practice, how to efficiently and reliably access up-to-date
knowledge (‘evidence’), and then reminds us of established critical
appraisal skills used to asses the validity of that evidence.

The fourth, and perhaps most important, step is to use clinical
expertise in order to determine whether that evidence is applicable to our
situation. It is this step that requires clinical experience and judgment,
understanding of basic principles (such as pathophysiology, pharma-
cology and clinical measurement), and discussion with the patient before
afinal decision is made.5,15,2s EBM also has afifth step, asking clinicians
to evaluate their own evidence-based practice.

There have been some concerns raised about the application of
evidence-based methods in anaesthetic practice. 11,12,31 Some clinicians
argue that the principles of EBM are in fact those of good traditional care,
and not a new paradigm or approach to clinical practice.11,38 But the
central feature of EBM isits direct application at the bedside (or in the
operating suite), with a specific patient or procedure in mind. For this
reason, it has direct relevance for us, encourages active learning, and
should reduce poor anaesthetic practices not supported by evidence.

What constitutes 'evidence'? Most classifications consider how well a
study has minimized bias and rate well-designed and conducted RCTs as
the best form of evidence (Table 10.2). 2'39 But it is generally accepted that
other trial designs play an important role in anaesthesia research and can

still be used for clinical decision-making. 3581228

Table 10.2 L evel of evidence supporting clinical practice (adapted from the US
Preventive Services Task Force)

Level Definition

| Evidence obtained from a systematic review of all relevant randomized
controlled trials

1l Evidence obtained from at least one properly designed randomized
controlled trial

1 Evidence obtained from other well-designed experimental or analytical
studies

v Evidence obtained from descriptive studies, reports of expert committees
or from opinions of respected authorities based on clinical experience
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More recently, there has been some recognition that the level of
evidence (I-1V) is not the only aspect of a study that is of relevance to
clinicians when they apply the resultsin their practice. Thus, the
dimensions of evidence are al important: level, quality, relevance, strength
and magnitude of effect.

Myles eta1.22 surveyed their anaesthetic practice and found that 96.7%
was evidence based, including 32% supported by RCTs. These results are
similar to recent studies in other specialties39, 40 and refute claims that
only 10-20% of treatments have any scientific foundation.

The traditional narrative review has been questioned in recent years.
Their content is largely dependent on the author(s) and their own
exB_erienc&s and biases. EBM favours the systematic review, as an
unbiased summary of the evidence base. 41 These have become more
commonly used in anaesthesia research. 24-26, 42

Clinical practice guidelines

Clinical practice guidelines heg/ 4bl{een developed in order to improve
processes or outcomes of care.>™** They are usually developed by a
group of recognized experts after scrutinizing all the available evidence.
They generally follow similar strategies to that of EBM, and so the
strongest form of evidence remains the randomized controlled trial.

In the past clinical practice guidelines were promulgated by
individual s and organizations without adequate attention to their
validity #4 More recently there has been a number of excellent efforts at
developing guidelines in many areas of anaesthetic practice. 45

The relationship between the RCT and development of clinical practice
guidelines has been explored eloguently by Sniderman.5 He pointed out
that both the RCT and practice guidelines developed by an expert
committee can be seen asimpersonal and detached. Y et, he suggests, this
isalso their strength, in that they have transparency and objectivity.
Because there is often incompl ete evidence on which to develop
guidelines, there is arisk of them being affected by the interpretations
and opinions of the individuals who make up the expert panel.
Sniderman points out that they are also a social process and are exposed
to personal opinions and compromise.5 He suggests that their findings
can be strengthened by including a diverse group of experts and not to
demand unanimity in their recommendations.

Aswith EBM, systematic evaluation of published trials can also
identify important clinical problemsthat require further study. Smith &
al.99 noted that pain medicine (as with many areas in anaesthesia) is
rapidly evolving and so guidelines may become outdated within afew

ears. The cost and effort to maintain them may be a limiting factor in
uture developments.

The evaluation of clinical practice guidelines can be biased.
Participating clinicians may perform better, or enrolled patients may
receive better care or report improved outcomes, because they are being
studied. Thisisknown asthe Hawthorne effect. There are several
approaches that can minimize this bias. 4 The gold standard remains the
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RCT, but thisis often not feasible. Other designs include the crossover
trial (where both methods of practice are used in each group at alternate
times), or the before-and-after study that includes another control group
for comparison. 4

The management of acute pain has received recent attention 49 For
example, the Australian National Health and Medical Research Council
established an expert working party to develop clinical practice
guidelines for the management of acute pain. Members of the party
scrutinized all relevant studies and rated the level of evidence (levels
I-1V) in order to make recommendations.

Anaesthetists gain new knowledge from a variety of sources and study
designs. 111250 Observational studies can be used to identify potential
risk factors or effective treatments. In most cases these findings should be
confirmed with an RCT. In some circumstances we are interested in a
specific mechanistic question for which a small, tightly controlled RCT
testing efficacy may be preferable. 3123351 |nvesti gation of moderate
treatment effects on important endpoints are best done using large
RCTs.26
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Statistical errors in anaesthesia

Prevalence of statistical errors in
anaesthesia journals
Ethical considerations
How to prevent errors
What are the common mistakes?
-no control group
-no randomization
-lack of blinding
-misleading analysis of baseline
characteristics
-inadequate sample size
-multiple testing, subgroup analyses and interim analysis
-misuse of parametric tests
-misuse of Student's t-test
-repeat (‘paired’) testing
-misuse of chi-square - small numbers
-standard deviation vs. standard error
-misuse of correlation and simple linear
regression analysis
-preoccupation with P values
-overvaluing diagnostic tests and
predictive equations
A statistical checklist

Key points
Obtain statistical advice before commencement of the study.
Consider inclusion of a statistician as a co-researcher.

Prevalence of statistical errors in anaesthesia journals

Advancesin clinical practice depend on new knowledge, mostly gained
through medical research. We otherwiserisk stagnation. Yet conclusions
based on poor research, or its misinterpretation, can be even more
harmful to patient care. The detailed reporting of medical resear ch
usually occursin any of alarge number of peer-reviewed medical
journals. Approximately 50% of such published reportscontain errorsin
statistical methodology or presentation.1-5 Theseerrorsare also prevalent
in the anaesthetic and intensive careliterature.6-8 Avram et al.7 evaluated
the statistical analyses used in 243 articles from two American
anaesthesiajournals (Anesthesiology and Anesthesiaand Analgesia) and
found common errorsincluded treating ordinal data asinterval data,
ignoring repeated measures or paired data, uncorrected multiple
comparisons, and use of two-sample tests for more than two groups.
Goodman$ surveyed five abstract booklets of the Anaesthesia Resear ch
Society (UK) and found that 61 of 94 abstracts (65%) contained errors.
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These included failure to identify which statistical tests were used,
inadequate presentation of data (to enable interpretation of P value),
misuse of standard error and, for negative studies, no consideration of
typell error.

Most statistical analyses are performed by researchers who have some
basic understanding of medical statistics, but may not be aware of
fundamental assumptions underlying some of the tests they employ, nor
of pitfallsin their execution. These mistakes often lead to misleading
conclusions. On some occasionsit is apparent that researchers reproduce
a previous study's methodology (including statistical techniques),
perpetuating mistakes.

Ethical considerations

As stated in the Preface to this book, Longnecker wrote in 1982, 'If valid
data are analyzed improperly, then the results become invalid and the
conclusions may well be inappropriate. At best, the net effect isto
waste time, effort, and money for the project. At worst, therapeutic
decisions may well be based upon invalid conclusions and patients
Wﬁllbeizrég may be jeopardized'. 6 Similar statements have been made by
others.2,

Flaws in research design and errors in statistical analysis obviously
raise ethical issues. In fact, a poorly designed research project should not
be approved by an ingtitutional ethics committee unlessit is satisfied that
the project is ikely to lead to valid conclusions. It would be unethical to
proceed. Therefore, ethical review should include scientific scrutiny of
the research design, paying particular attention to methods of
randomization and blinding (if appropriate), definition of outcome
measures, identification of which statistical tests will be applied (and on
what data), and a reasonabl e estimation of how many patients will be
required to be studied in order to prove or disprove the hypothesis under
investigation. Scrutiny at this early stage will do much to avoid the
Ir_nultitude of errors prevalent in the anaesthetic and intensive care
iterature.

How to prevent errors

A research paper submitted for publication to a medical journal normally
undergoes a peer review process. This detects many mistakes, but
remains dependent on the statistical knowledge of the journal reviewers
and editor. This can vary. One solution is to include a statistician in the
process, but this can delay publication, may be unachievable for many
journals and may not avoid all mistakes. Some journals only identify
those papers with more advanced statistical methods for selective
assessment by a statistician. This paradoxical process may only serve to
identify papers that already have statistician involvement (as an author)
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and miss the majority of papers (which do not include a statistician) that
are flawed by basic statistical errors.?2 Statisticians can also disagree on
how research data should be analysed and presented, increasing the
medical researcher's confusion. Complete, valid presentation of study
data can be compromised by ajournal’'s word limit and space constraints.

What information to include, and in what form, is perhaps best
dictated by the policies of the particular journal (see Table 11.1, at the end
of this chapter). This can be found in ajournal's 'Advice to Authors'
section. If in doubt, direct advice can also be sought from the journal's
editor.

The ultimate solution, hopefully addressed in part by this book, is for
researchers to further develop their knowledge and understanding of
medical statistics. The growing market in introductory texts and
attendance of medical researchers at statistical courses would appear to
be addressing the problems. Readers should be reassured that most
studies can be appropriately analysed using basic statistical tests. The
skill, of course, isto know which studies require more advanced
statistical methods and assistance from a statistician - this should not be
undervalued or resisted. After all, 'specialist' consultation occurs in most
other areas of clinical practice! If in doubt, the best habit isto have alow
threshold for seeking advice. If thisis not available, then advice from an
experienced clinical researcher may also be of assistance (although, in our
experience, this may only perpetuate mistakes).

It cannot be stressed strongly enough: the best time to obtain advice is
during the process of study design and protocol development. It isvery
frustrating to receive a pile of data from an eager novice researcher,
which has a multitude of deficiencies. The choice of statistical tests
depends on the type of data collected (categorical, ordinal, numerical)
and the exact hypotheses to be tested (i.e. what scientific questions are
being asked). Often the study has not been designed to answer the
gquestion. Exactly what datato collect, when, and how, are fundamental
components of the research design. This can rarely be corrected after the
study is completed!

Where possible, inclusion of a statistician as a co-researcher almost
always provides a definitive solution.

What are the common mistakes?

The commonest errors are often quite basic and relate more to research
design: lack of a control group, no randomization to treatment groups
(or poorly documented randomization) and inadequate blinding of
group allocation.12 These can seriously increase the risk of bias, making
the researcher (and reader) susceptible to misleading results and
conclusions. Another common problem is inadequate description of
methods (including which statistical tests were used for analysing
what data). Some of these issues are addressed in more detail in
Chapter 4.

Specifically, we have found that the following errors (or deficiencies)
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are common in the anaesthetic and intensive care literature:

. No control group
No randomization
Lack of blinding
Midleading analysis of baseline characteristics (confounding)
Inadequate sample size (and type Il error)
Multiple testing
Misuse of parametric tests
Misuse of Student's t-test
-paired vs. unpaired
-one-tailed vs. two-tailed
-multiple groups (ANOVA)
-multiple comparisons
9. Repeat (‘paired’) testing
10. Misuse of chi-sguare - small nhumbers
11. Standard deviation vs. standard error
12. Misuse of correlation and simple linear regression analysis
13. Preoccupation with P values
14. Overvaluing diagnostic tests and predictive equations.

PNOUI AWM

No control group

To demonstrate the superiority of one treatment (or technique) over
another requires more than just an observed improvement in a chosen
clinical endpoint. A reference group should be included in order to
document the usual clinical course (which may include fluctuating
periods of improvement, stability and deterioration). In most situations,
a contemporary, equivalent, representative control group should be used.
Use of an historical control group may not satisfy these requirements,
because of different baseline characteristics, quality or quantity of
treatment, or methods used for outcome assessment.

If the control group is given a placebo treatment, then the question
being asked is 'does the new treatment have an effect (over and above no
treatment)? Thisis a common scenario in anaesthesia research which
only shows that, for example, an antiemetic is an antiemetic, or an
inotrope is an inotrope. Placebo-controlled studies have very little value
(other than for detecting adverse events - in which case, the study should
be of sufficient size to detect them). If the control group is given an active
treatment, then the question being asked is 'does the new treatment have
an equal or better effect than the current treatment? This has more
clinical relevance. ]

It is difficult to detect 'regression to the mean' unless a control group
isincluded. Regression to the mean occurs when random fluctuation,
through biological variation or measurement error, leads to afalsely
extreme (high or low) value.10 Thisleadsto a biased selection, whereby a
group has a spuriously extreme mean value, that on re-measurement will
tend towards the population mean (which isless extreme). Thisisa
common error if group measurements are not stabilized or if thereisno
control group.
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For example, if a study were set up to investigate the potential benefits
of acupressure on postoperative pain control, and patients were selected
on the basis that they had severe pain (as measured by VAS on one
occasion), thenit islikely that VAS measurements at a later time will be
lower. Isthis evidence of abeneficial effect of acupuncture? It may be a
result of the treatment given, but it may also be caused by random
fluctuation in pain levels: patients with high levels are more likely to have
alower score on retesting and so the average (group) pain level is much
more likely to be reduced.

No randomization

The aim of randomization is to reduce bias and confounding. All eligible
patients should be included in atrial and then randomized to the various
treatment groups. This avoids selection bias and increases the
generalizability of the results. In large trials, randomization tends to
equalize baseline characteristics (both known and unknown) which may
have an effect on the outcome of interest (i.e. confounding). The
commonest method is simple randomization, which allocates groupsin
such away that each individual has an equal chance of being allocated to
any particular group and that process is not affected by previous
allocations. Thisisusually dictated by referring to atable of random
numbers or a computer-generated list. Other methods are available
which can assist in eqﬁalizi ng groups, such as stratification and blocking
(see Chapter 4). These are very useful modifications to ssimple
randomization, but have been under-used in anaesthesia research.

Knowledge of group allocation should be kept secure (blind) until after
the patient isenrolled in atrial, in order to reduce bias. The commonest
method is to use sealed, opague envelopes.

Lack of blinding

It is tempting for the subject or researcher to consciously or
unconsciously distort observations, measurement, recordings, data
cleaning or analyses. Blinding of the patient (single-blind), observer
(double-blind), and investigator (sometimes referred to as triple-blind)
can dramatically reduce these sources of bias. Unblinded studies remain
unconvincing. Every attempt should be made to maximize blinding in
medical research.

Misleading analysis of baseline characteristics

It is not uncommon for patient baseline characteristics to be compared
with hypotheses testing. Thisiswrong for two major reasons. The first
does not alter interpretation of the study, yet remains senseless. If
treatment allocation is randomized, then performing significance tests
only tests the success of randomization! With a significance level of 0.05,
roughly one in 20 comparisons will be significant purely by chance. The
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second reason is more important and may affect interpretation of results.
That is, there may be aclinically significant difference between the groups
which is not detected by significance testing, yet such an imbalance may
have an important effect on the outcome of interest. Thisis known as
confounding. Just because 'there was no statistically significant difference
between the groups' does not imply that there were no subtle differences
that may unevenly affect the endpoint of interest. An apparent small
(statistically non-significant) difference at baseline for afactor that has a
strong effect on outcome can lead to serious confounding.

Authors should certainly describe their group baseline characteristics,
consider the possibility of confounding, but not falsely reassure the
readers that 'there is no significant difference' between them. This can be
interpreted by the reader using clinical judgment, after he/she has been
provided with the relevant baseline information.

If an imbalance in baseline characteristics is found to exist at the end of
the trial (which may well occur by chance!), there are some advanced
multivariate Statistical techniques available which adjust the results post
hoc (after the event), taking the covariate into account. The simplest
method to lessen this problem is to stratify the patients according to one
or two important confounding variables (e.g. gender, preoperative risk,
type of surgery) before randomizing patients to the respective treatment
groups. There are some excellent papers which explore these issuesin
greater depth. 11-13

Inadequate sample size

A common reason for failing to find a significant difference between
groups isthat the trial was not large enough (i.e. did not enrol a sufficient
number of patients).8,14 Thisisatypell error, where the null hypothesis
is accepted incorrectly. Minimization of this occurrence requires
consideration of the incidence rate of the endpoint of interest or, for
numerical data, the anticipated mean and variance, along with an
estimation of the difference between groups that is being investigated.
An approximate sample size can then be calculated (see Chapter 3). Rare
outcomes, or small differences between groups, require very large
studies. If a study concludes 'no difference' between groups,
consideration of the treatment effect size (if any) and likelihood of atype
Il error should be addressed by the authors.

Multiple testing, subgroup analyses and interim analysis

Multiple comparisons between groups will increase the chance of finding
asignificant difference which may not be real.15 Thisis because each
comparison has a probability of roughly onein 20 (if using a typel error,
or avalue, of 0.05) of being significant purely by chance, and multiple
comparisons magnify this chance accordingly. Multiple testing therefore
increases the risk of atype | error, where the null hypothesisis incorrectly
regjected. Thisis often called 'afishing expedition' or 'data dredging'. A
similar problem occurs when multiple subgroups are compared at th(g
end of atrial, or during interim testing while atrial isin progress. 16-1
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achieved by plotting the data and demonstrating a normal distribution,
and/or analysing the distribution using a test of goodness of fit (e.g.
K olmogor ov-Smir nov test). Thisisunlikely to be satisfactorily achieved
with smaller studies (say, n < 20). For these, either data transfor mation or
non-parametric tests should be used.

In general, parametric tests should only be used to analyse numerical
data. Ordinal datais best analysed using non-parametric tests (such as
Mann-Whitney U test or Kruskall-Wallis analysis of variance). Some
statisticians accept that if the observations have an underlying theoretical
continuous distribution, such as pain or perioperative risk, then the data
can be considered as continuous, even if measured on an ordinal scale.
This argument is most credible for larger studies. 22

Misuse of Student's t-test

As stated above, it isimportant to verify assumptions of normality when
using the t-test, as well as independence of the data and equality of
variance (see Chapter 5). The Mest can only be used to compare two
groups; if more than two groups are being compared, then analysis of
variance should be used. If the groups are independent (thisis the usual
situation), then the unpaired t-test is used. If the groups are related to one
another (i.e. dependent), aswith comparing a group before and after
treatment, then the paired t-test must be used. In most cases a difference
between groups may occur in either direction and so atwo-tailed t-test is
used. If thereis aclear, predetermined rationale for only exploring an
increase, or adecrease, then a one-tailed t-test may be appropriate.
Unfortunately, a one-tailed t-test is usually selected to lower a P value so
that it becomes significant (which atwo-tailed test failed to achieve). This
is gravely misleading. A paper using a one-tailed t-test should be
scrutinized: was there avalid reason for only investigating a difference in
one direction, and was this preplanned (before analysing the data)?

Repeat (‘paired') testing

If an endpoint is measured on a number of occasions (e.g. measurement
of postoperative pain, or cardiac index during |CU stay), then any
subsequent measurement, at least in part, is determined by the previous
measurement. The amount of individual patient variation over timeis
much less than that between patients (i.e. intea-group variance islower
than inter-group variance) and so differences can be more easily
detected.

If agroup endpoint is measured on two occasions then a paired t-test
(or non-parametric equivalent) can be used. If three or more measure-
ments are made, or two or more groups are to be compared on a number
of occasions, then the most appropriate method is to use repeated
measures analysis of variance. If asignificant difference is demonstrated
overall, then individual comparisons can be made to identify at which
time the differences were significant (adjusting P values for multiple
comparisons).
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An alternative approach is to use summary data that describe the
variable of interest over time. This may be the overall mean of repeated
measurements, or the area under a curve (with time on the chi-axis).23

Misuse of chi-square - small numbers

Mathematically, the X distribution is a continuous distribution and the
calculated X2 statistic is an approximation of this. When small numbers
are analysed, there is an artificial incremental separation between
potential values. For this reason, an adjustment factor is needed. For a
2 x 2 contingency table, where there are only two groups being
compared, looking at one dichotomous endpoint, Yates correction
should be used. This subtracts 0.5 from each component in the X2
equation.* If two or more cellsin a2 x 2 contingency table of expected
values have avalue less than 5, then Fisher's exact test should be used (for
larger contigency tables the categories can be collapsed, reducing the
number of categories and increasing the number in each). These
considerations become less important with large studies.

Chi-sguare should not be used if the groups are matched or if repeat
observations are made (i.e. paired categorical data). McNemar's test can
be used in these situations.

Standard deviation vs. standard error

In anormal distribution, 95% of data points will lie within 1.96 standard
deviations of the mean. Standard deviation (SD) istherefore a measure
of variability and should be quoted when describing the distribution of
sample data. 2,7-924 Standard error isaderived valuet used to calculate
95% confidenceintervals, and so is a measure of precision (of how well
sampl e data can be used to predict a population parameter). Standard
error isa much smaller value than SD and is often presented (wrongly)
for this reason. It should not be confused with standard deviation, nor
used to describe variability of sample data. On some occasions it may be
acceptable to use standard error bars on graphs (for ease of presentation),
but on these occasions they should be clearly labelled.

It has been suggested that the correct method for presentation of
normally distributed sample data variability is mean (SD) and not mean
(+ SD).52

Misuse of correlation and simple linear regression analysis

These techniques are used to measure a linear relationship between two
numerical variables. The correlation coefficient isameasure of linear
association and linear regression is used to describe that linear
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relationship. These analyses assume that the observations follow a
normal distribution (in particular, that for any given value of the
independent [predictor] variable, the corresponding values of the
dependent [outcome] variable are normally distributed). If doubt exists,
or if the distribution appears non-normal after visualizing a scatterplot,
then the data can be transformed (commonly using log-transfor mation)
or a hon-parametric method used (e.g. Spear man rank correlation).

The data should also be independent. This means that each data point
on the scatterplot should represent a single observation from each
patient. Multiple measurements from each patient should not be
analysed using correlation or regression analysis as thiswill lead to
misleading conclusions. Repeated measures over time should also not be
simply analysed using correlation. 26

Variables with a mathematical relationship between them will be
spuriously highly correlated because of mathematical coupling.27
Further details can be found in Chapter 7.

Normally a scatterplot should be included to illustrate the relationship
between both numerical variables. A regression line should not exceed
the limits of the sample data (extrapolation).

Neither correlation nor regression should be used to measure
agreement between two measurement techniques. Bland and Altman
have described a suitable method.?8 Aswith correlation, multiple
measurements from each patient should not be plotted together and
treated as independent observations (thisis avery common mistake in
anaesthesia and intensive care research). Further details can be found in
Chapter 7.

Preoccupation with P values

Too much importance is often placed on the actual P value, rather than
the size of the treatment effect.829 A P value describes the probability of
an observed difference being due to chance alone. It does not describe
how large the difference is, nor whether it is clinically significant.
Importantly, a P value is affected by the size of the trial: a highly
significant P value in alarge trial may be associated with atrivial
difference, and a non-significant P value in a small trial may conceal an
effect of profound clinical significance. A P value is only a mathematical
statement of probability, it ignores the more important information from
atrial: how large isthe treatment effect?

The 95% confidenceinterval (Cl) for effect describes arange in which
the size of the true treatment effect will lie. In general, alarge trial will
have a small standard error and so narrow 95% CI: amore precise
estimate of effect. From this the clinician can interpret whether the
observed differenceis of clinical importance.

overvaluing diagnostic tests and predictive equations

Diagnostic tests can be described by their sensitivity (true positive rate)
and specificity (true negative rate). This only tells us what proportion of
positive and negative tests results are correct (given a known outcome).
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Of greater clinical application is the positive and negative predictive
values of the test (PPV and NPV respectively), which inform us of the
likelihood of disease (or adverse outcome) given atest result.30 Itis
common for authors to report optimistic values for these indices, yet both

are dependent on the prevalence of disease - if adisease (or outcome) is
common, any test (irrespective of its diagnostic utility) will tend to have
ahigh PPV A similar test in another situation where disease prevalence
islow will tend to have poor PPV, yet high NPV Therefore, the context in

which the diagnostic test was evaluated should be considered - does the
trial population in which the test was developed represent the clinical

Table11.1. A statistical checklist used by the British Medical journal (after Gardner et
al.4)

Design features

1. Wasthe objective of the trial sufficiently described? Yes Unclear No
2. Was there a satisfactory statement given of diagnostic
criteriafor entry to trial? Yes Unclear No
3. Wasthere a satisfactory statement given of source of subjects? Yes Unclear No
4. Were concurrent controls used (as opposed to historical
controls)? Yes Unclear No
5. Were the treatments well defined? Yes Unclear No
6. Wasrandom allocation to treatment used? Yes Unclear No
7. Was the method of randomization described? Yes Unclear No
8. Was there an acceptable delay from allocation to commence-
ment of treatment? Yes Unclear No
9. Was the potential degree of blindness used? Yes Unclear No
10. Was there a satisfactory statement of criteriafor outcome
measures? Yes Unclear No
11. Were the outcome measures appropriate? Yes Uncler No
12. Was there a power based assessment of adequacy of sample
size? Yes Unclear No
13. Was the duration of post-treatment follow-up stated? Yes Unclear No

Commencement of trial
14. Were the treatment and control groups comparable in

relevant measures? Yes Unclear No
15. Was a high proportion of subjects followed up? Yes Unclear No
16. Did a high proportion of subjects complete treatment? Yes Unclear No
17. Were the drop-outs described by treatment/ control groups? Yes Unclear No
18. Were side-effects of treatment reported? Yes Unclear No

Analysis and presentation
19. Was there a statement adequately describing or referencing

all statistical procedures used? Yes No
20. Were the statistical analyses used appropriate? Yes Unclear No
21. Were prognostic factors adequately considered? Yes Unclear No
22. Was the presentation of statistical material satisfactory? Yes No
23. Were confidence intervals given for the main results? Yes No
24. Was the conclusion drawn from the statistical analysis

justified? Yes Unclear No

Recommendation
25. |Isthe paper of acceptable statigical standard for publication? Yes No
26. If 'No' to Question 25, could it become acceptable with

suitable revision? Yes No
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circumstances for which the test is to be applied? Was there a broad
spectrum of patients studied?

Outcome prediction is sometimes based on arisk score or predictive
equation developed from alarge data set using multivariate analyses
which, by virtue of its derivation, should be able to predict that original
data set well. Such derived tests need to be externdly validated using
other data sets, preferably at other institutions before accepting their
clinical utility.

Statistical checklist

The British Medical journal used a statistical checklist# whichis
reproduced in Table 11.1.
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How to design a clinical trial

Why should anaesthetists do research?  Role of the ethics committee

Setting up a clinical trial (institutional review board)
Data and safety monitoring committee Informed consent

Phase I-1V drug studies Successful research funding
Drug regulations Submission for publication
Key points

Define the study question(s): what is the aim and study hypothesis?
Perform aliterature review.
Use a pilot study to test your methods, measurement techniques, an
generate preliminary datafor consideration.
Develop a study protocol
-background
-aim, hypothesis, endpoints
-study design
-define groups, intervention(s)
-measurements, data recording
-sample size, statistics (and get advice from astatistician)
-adverse events, safety monitoring.
Regulation
-drug licensing
-ethics committee approval and informed consent.

In most circumstances medical research consists of studying a sample of
subjects (cells, animals, healthy humans, or patients) so that inferences
can be made about a population of interest. Unbiased sample selection
and measurement will improve the reliability of the estimates of the
population parameters and thisis more likely to influence anaesthetic
practice.

Laboratory research usually investigates underlying mechanisms of
disease or aspects of drug disposition. Clinical research occursin
patients. Epidemiology is the study of disease in populations. Each are
important and have their strengths. Most anaesthetists undertaking
laboratory research are supervised in an experienced (hopefully well-
resourced) environment. Clinical research is undertaken by a broad array
of researchers, of variable quality and support, with variable
infrastructure, equipment and staffing. This chapter is primarily
addressing aspects of clinical research.

The best studies are those that answer important questions reliably1,2
The most reliable study design is the randomized controlled trial,24 but
other designs have an important role in clinical research.1,5,6 One of the
main aims of medical research is to produce convincing study results and
conclusions that can ultimately improve patient outcome.
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Why should anaesthetists do research?

Identification of a clinical problem, and subsequent development and
participation in a study hypothesis, design, conduct, analysis and writing
of aresearch project can be arewarding experience. Unfortunately much
research is poor and co-investigators may have little involvement in its
development and conduct.78 Involvement in the processes required to
complete a successful research project can teach critical appraisal skills,
but these can also be explicitly taught at the undergraduate and
postgraduate levels.

Many specialist training schemes demand completion of aresearch
project before specialist recognition is obtained, and consultant
appointment or promotion usually includes consideration of research
output. Thus there are imperatives to 'do research’, despite some having
alack of interest, support or specific training. Cynicism is often generated
by those who have had poor research experiences. This should be
avoidable. Anaesthetic trainees, and those with an interest in research,
should be guided and supported in a healthy, funded and staffed
research environment.

Setting up a clinical trial

The major stepsinvolved in setting up aclinical trial are:

1. Definethe study question(s). Explicitly, what are the aims and
significance of the project? Identify a primary endpoi nt (there may be
several secondary endpoints); it should be clear ea/ defined, including
under what conditions it is measured and recorded. An essential, often
neglected step, isto state the study hypothesis. Ultimately, the study
design must be able to answer the hypothesis.

2. Perform aliterature review. Previous studies may help in designing a
new study. What is the current evidence in the literature? What
questions remain unanswered? What deficiencies exist in previous
studies? In other words, explain why you are doing this study.

3. Develo astu%P/ protocol.

a) background - previous published research, outline why this study
should be undertaken

(b) clear descri Ptlon of aim and hypothesis
) overview of study design (retrospective vs. prospective, control
group randomization, blinding, parallel or crossover design) - a
good study design minimizes bias and maximizes precision

(d) study population, criteriafor inclusion and exclusion (define
population)

(e) treatment groups, timing of intervention

(f) clear, concise data collection, defined times, measurement
instruments

2% sample size calculation based on the primary endpoint$l
details of statistical methods - get advice from a statistician

(i) reporting of adverse events, safety monitoring.
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4. Perform a pilot study. Thisis animportant and neglected process. The
study protocol assumptions and methodologies need to be tested in
your specific environment. It is an opportunity to test measurement
techniques and generate preliminary data that may be used to
reconsider the sample size calculation and likely results. Is the
recruitment rate feasible?

5. Modify and finalize the study protocol. This should be agreed to and
understood by all study investigators.

6. Satisfy regulations. Drug licensing and ethics committee approval.

Data and safety monitoring committee

Clinical trials may be stopped early if (a) the superiority of one treatment
is so marked that it becomes unethical to deny subsequent patients the
opportunity to be treated with it, or (b) one treatment is associated with
serious risks.

An independent data and safety monitoring committee (DSM C)
should be established to monitor large trials, and can advise early
stopping of atrial in the above circumstances. They are usually guided by
predetermined stopping rules derived from interim analyses.1 13

Phase |-V drug studies

New drug compound development can take up to 15 years and cost
US$700 million to get to market. Laboratory and animal testing of new
drug compounds eventually lead to human testing, which is divided into
four phases:

1. Phase |: thisisthe first administration in humans (usually healthy
volunteers). The aim isto confirm (or establish) basic drug
pharmacokinetic data and obtain early human toxicology data. Phase
| trials often only include 20-100 human subjects before moving on to
phasell trials.

2. Phase ll: selected clinical investigations in patients for whom the drug
isintended, aimed at establishing a dose-response (‘dose-finding')
relationship, as well as some evidence of efficacy and further safety.

3. Phaselll: isfull-scale dinical evaluation of benefits, potential risks
and cost analyses.

4. Phase 1 V: is post-marketing surveillance involving many thousands of
patients.

Pharmaceutical companies usually design and sponsor phase I-111
studies. Phase 1V studies are mostly designed and conducted by inde-
pendent investigators.

Drug regulations

Most countries have restrictions on the administration and research of
new drugs in humans (Table 12.1). There are established good clinical
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Table 12.1 Websites for government agencies responsible for new drug research or the
conduct of ¢linical trials

Agency Website
Augtrdia
Therapeutic Goods Administration
(TGA) www tgahealth gov.ay
Australian Health Ethics
Committee (AHEC) www health gov ai/nhmre/ethics/contents htm
Cenada
TheraBeutic Products Programme
(TPP) www he-sc.ge.ca/hpb-dgps/therapent /
Medical Research Council of
Canada WWW MICge ey
Europe
European Medicines Evaluation
Agency (EMEA) www2 eudra org/emea htm|
International Conference on
Harmonisation (ICH) www ifpma org/ichl htm|
United Kingdom
Department of Health Research
and Development www doh gov uk/research/index htm
Medicines Control Agency www open gov. uk/mea/mcahome htm
Committee on Safety of Medicines
(CSM) www.open.gav.uk/mca/csmhome ht m
Medical Research Council (MRC) WWW mrc.ac uk
United States
Food and Drug Administration
(FDA) www fdagay
Center for Drug Evaluation and
Research www fda.gov/cder/
National Institutes of Health (NIH) WWwW Nih.gov
NIH Ethics Program ethicsodnih.goy

resear ch practice (GCRP) guidelines for clinical investigators and
pharmaceutical companies. These include that a principal investigator
should have the relevant clinical and research expertise, there be aformal
study protocol, adequate staffing and facilities, ethics approval and
informed consent, maintenance of patient confidentiality, maintenance of
accurate and secure data, and there be processes to report adverse events.

In Australia, the Therapeutic Goods Administration (TGA) of the
Commonwealth Department of Health and Aged Care approves new
drug trials under one of two schemes:

1. CTX: theclinical trials exemption scheme
2. CTN: theclinical trials notification scheme.

The CTX scheme requires an expert committee to evaluate all aspects
of the drug pharmacology, including potential toxicology (mutagenicity,
teratogenicity, organ dysfunction and other reported side-effects) and
benefits. The CTN scheme bypasses this evaluation, usually because
extensive evaluation has occurred in one of a number of key index
countries (Netherlands, New Zealand, Sweden, UK, USA). In this
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circumstance, the local ethics committee acceptsresponsibility for the
trial.

In the UK, the Licensing Division of the Medicines Control Agency of
the Department of Health is responsible for the approval and monitoring
of all clinical drug trials. The Secretariat of the Medicines Division of the
Department of Health will issue a CTX certificate after evaluation. More
extensive phase |1-11 trials are conduded only after a Clinical Trial
Certificate (CTC) isissued and the drug data reviewed by the Committee
on Safety of Medicines (CSM). The UK, along with most other European
countries, is also guided by the European M edicines Evaluation Agency
(EMEA).

In the USA, the Center of Drug Evaluation and Research, a Food and
Drug Administration (FDA) body of the Department of Health and
Human Services, evaluates new drugs through an Investigational New
Drug (IND) application. Clinical research can start after 30 days. In
Canada, thisis overseen by the Therapeutic Products Programme (TPP).

In each of these countries there are similar processes required for new
therapeutic devices, such as implantable spinal catheters and computer-
controlled infusion pumps. Other countries have similar processes which
can be found on the world wide web, or via links from websites included
in Table 12.1.

The different regulations and standards that have existed in different
countries have been an obstacle to drug development and research in
humans. This has prompted co-operation and consistency between
countries. One of the more significant advances has been the
International Conference on Harmonisation (ICH) of Technical
Requirements for Registration of Pharmaceuticals for Human Use. This
includes the regulatory authorities of Europe, Japan and the USA, and the
pharmaceutical industry.

Role of the ethics committee (institutional review board)

Advancesin medical care depend on medical research, for which
laboratory investigation, followed by experimentation on animals and
healthy volunteers leads to research on patients. Clinical research should
be thoroughly evaluated and supported within an institution so that it
has the best chance of being successfully completed and providing
reliable results. Poor research leads to misleading results, wastes
resources and puts patients at risk, and so is unethical. Ethics committee
approval has arolein ensuring good-quality research.14

Ethical considerations include the Hippocratic principle of protecting
the health and welfare of the individual patient as well as the utilitarian
view of the potential benefit for the majority vs. risk to afew. These
considerations were explored by earlier investigations into ethical
research in humans, such as the Nuremberg Code of 19491516 and the
Declaration of Helsinki in 1964.* 1/ Most countries have developed
ethical guidelines based on these principles.
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In Australia, thisis governed by the National Health and Medical
Resear ch Council (NHMRC) statement on human experimentation and
local ethics committees are guided by the NHMRC Australian Health
Ethics Committee (see Table 12.1). Medical colleges and associations also
have their own ethical guidelines. A similar situation occursin the UK
where the Department of Health has issued guidelines for research
within the NHS (including multi-centre research). 18 Inthe USA, the
National Institutes of Health (NIH) Ethics Program guides research
practices, and in Canada thisis guided by the M edical Research Council
of Canada.

All research involving human beings, either observational or experi-
mental, should include approval through an established ethical review
and approval process. Thisisincluded in all GCRP guidelines.

Informed consent

Patients should be informed of the nature of the research and be asked to
provide informed consent. This requires adequate disclosure of
information, potential risks and benefits (if any), competency and
understanding, and self-determination.18-20 Patient confidentiality must
be maintained. It should be made clear to patients that they are under no
obligation to participate, that they can withdraw from the study at any
time, and that refusal or withdrawal will not jeopardize their future
medical care.

A key role in the requirement for informed consent for medical
research was played by Beecher in the early 1960s.21 He presented details
of 18 studies at a symposium (and later published 22 examplesin the New
England Journd of Medicine) where no patient consent was obtained.2l
Similar examples can still be found in the literature today22

The concept of randomization to different treatment groupsis a
challenging concept for patients (and some doctors).23 The ethical
principle underlying this process includes the concept of equipoise,
whereby the clinician and patient have no particular preference or reason
to favour one treatment over another.1824 The conflicting roles of
researcher and clinician are sometimes difficult to resolve in this
situation. 182324 Note that the Declaration of Helsinki includes the words
'The health of my patient will be my first consideration'.

Some have argued that it is not always necessary to obtain c%r}ﬁent,za26
or that patients are unable to provide truly informed consent,~< or that
the clinician isin a better position to consider the relative merits of the
research. This paternalistic attitude has been rightly challenged. Madder,
in an essay on clinical decision-making, argued cogently that patients are
entitled to clear and reasonable information, and that they should be
included in decisions regarding their care.27

Informed consent can be difficult in anaesthesia research. Patients
approached before elective surgery are often anxious and may also be
limited by concurrent disease.23 Feelings of anxiety, vulnerability,
confusion or mistrust may dominate their thought processes and restrict
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their ability to provide informed consent.20 Alternative randomization
methods have been advocated which may address these and other
concerns?28-30 but there is little evidence of benefit.23

Obtaining informed consent for clinical trials on the day of surgery has
been studied previously3l-33 and is an important consideration given the
increasing trend to day-of-admission surgery. Patients generally prefer to
be approached for consent well in advance, but still accept recruitment on
the day of surgery if approached appropriately (i.e. private setting,
adequate time to consider trial information).31 3 Interestingly, 51% of
patients preferred not to know about atrial prior to admission asit only
increased their level of anxiety3?

Informed consent cannot be obtained in some circumstances. Patients
arriving unconscious or critically ill to the emergency department, or
those in the intensive care unit who are critically ill, confused or sedated
cannot provide informed consent. Government or institutional ethics
committees usually provide guidelines in these circumstances. 3

There are many issues at stake when considering the ethics of research
and consent in incompetent subjects. Many argue that such research is
important and should be supported. In general consent can be waived if
the research has no more than minimal risk to the subjects and it can be
demonstrated that the research could not be carried out otherwise3
Some institutions consider that a family member or next of kin can
provide consent in these circumstances, but this may not be legally
binding in many countries. In any case it would be reasonable to inform
the patient's family or next of kin of the nature of research so that they
have an opportunity to have any concerns or questions answered and be
asked to Sign an acknowledgement fOrm. Under these circumstances the
institutional ethics committee accepts greater responsibility until the
patient's consent can be sought at alater date (deferred consent).

Successful research funding

Peer review funding through major government medical research
agencies (e.g. NHMRC, MRC, NIH) islimited to only the top ranked 20%
of projects. Other sources of research funds are also available, including
from ingtitutions, colleges, associations and benevolent bodies. 3

Successful funding is more likely if the proposed study addresses an
important question that has demonstrable clinical significance (now or in
the future). There should be a clearly stated hypothesis and the study
design must be capable of answering it. The application must demon-
strate that there is minimal bias, and maximal precision and relevance. It
should include a sample size calculation and have detailed statistical
analyses. The study should be feasible, with demonstrable ability to
successfully recruit patients. Thisis best achieved with pilot or previous
study data. A successful track record of the chief investigator (or mentor)
is reassuring.

Funding agencies commonly rate applications on a number of criteria.
For example, in Australiathe NHMRC and the Australian and New
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Zealand College of Anaesthetists use the following:

Scientific merit
Track record
Originality
. Feasibility
Design and methods
. International competitiveness.

oA WM

The ten most common reasons for failure at NIH are:36

Lack of original ideas

Diffuse, unfocused, or superficial research plan
Lack of knowledge of published relevant work
Lack of experience in essential methodol ogy
Uncertainty concerning future directions
Questionabl e reasoning in experimental approach
Absence of acceptable scientific rationale
Unrealistic large amount of work

Lack of sufficient experimental detail

Uncritical approach.

COONDUAWNE

=

Submission for publication

A paper is more likely to be published if it offers new information about
an important topic that has been studied reliably. Editors have a respon-
sibility to their readership and this is what they demand.

Advice on what to include and how a manuscript should be presented
can be sought from experienced colleagues (even in other disciplines).
The simplest and most i mportant message is to follow atarget journal's
guidelines for authors exactly. Many authors do not do this and it annoys
editors and reviewers to such an extent that it may jeopardize afair
assessment! Efforts at maximizing the presentation of the manuscript are
more likely to be rewarded.

Manuscripts are usually set out with an Introduction, Methods, Results
and Discussion. A clear, complete description of the study methodology
(including statistical analysed®) is essential - areader should be able to
reproduce the study results. The discussion should follow alogical
sequence: what were the study's main findings, how do they fit in with
previous knowledge, what were the weaknesses (and strengths) of the
study design, and what should now occur - a change in practice and/or
further research?

The Consolidated Standards of Reporting Trials (CONSORT) state-
ment has defined how and what should be reported in a r gndomized
controlled trial.37* The essential features include identifying the study as
arandomized trial, use of a structured abstract, definition of the study
population, description of all aspects of the randomization process, clear
study endpoints and methods of analyses, and discussion of potential
biases.

* WWWw.ama-assn.org.
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Which statistical test to use:
algorithms

The following algorithms are presented as a guide for new researchers, in
order to assist them in choosing an appropriate statistical test. Thisis
ultimately determined by the research question, which in turn
determines the actual way in which the research should be designed and
the type of datato collect.

In practice, there may be several other tests that could be employed to
analyse data, with the final choice being left to the preference and
experience of the statistician (or researcher). Many of these statistical tests
are modifications of those presented here (and go under different names).
Nevertheless, the choices offered here should satisfy most, if not all, of
the beginner researcher’s requirements. We strongly recommend the
reader refer to the appropriate sections of this book in order to find more
detail about each of the tests, their underlying assumptions, and how
common mistakes can be avoided.

Each algorithm has three steps: (a) what type of research design isit,
(b) What question is being asked, and (c) what type of data are being
analysed. Further description of these issues can be found in Chapters 1
and 4.

The algorithms are given in Figures 13.1-13.4:

« to compare two or more independent groups - is there a difference?
(Figure 13.1)

* to compare two or more paired (dependent) groups - isthere a
difference? (Figure 13.2)

* to describe the relationship between two variables - is there an
association? (Figure 13.3)

« to describe the relationship between two measurement techniques - is
there agreement? (Figure 13.4)
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Is there a difference?

Categorlcal data /Numerical data
// Two groups Two or more groups
2x 2,small  Otherwise Normal Not normal Normal Not normal
numbers distribution distribution  distribution  distribution

Fisher’s
exact test  Chi-square
Student’s t-test
Mann-Whitney U
test or Wilcoxon rank
sum test

ANOVA \/
Kruskall-Wallis
ANOVA

Figure 13.1 To compare two or more independent groups

Is there a difference?

Categorlcal data /Numerical data
// Two groups Two or more groups
Two groups Three or Normal Not normal Normal Not normal
more groups  distribution distribution  distribution distribution
McNemars +
test Cochran's Q

Paired ttest
Wilcoxon signed
ranks test
Repeated
measures
ANOVA
Friedman’s test

Figure 13.2 To compare two or more paired (dependent or matched) groups



Which statistical test to use: algorithms 147

Is there an association?

Categorical data Ordinal data Numerical data
(one or both) (one or both) (both)
2 x 2table Otherwise
Risk ratio
or odds ratio
Logistic regression
or chi-square

for trend
Spearman rho
or Kendall tau
Regression
(for prediction)
Pearson correlation
(for association)

Figure 13.3 To describe the relationship between two variables

Is there agreement?

Categorical data Numerical data

Kappa statistic Bland—Altman plot
or intraclass coefficient

(repeatability)

Figure 13.4 To describe the relationship between two measurement techniques



Index

Absoluterisk, 75
Actuarial analysis, 105-11
Actuarial (life table) method, 106
Adjusted odds ratio, 76, 88, 102
Agreement, 80, 90-2, 131
Alpha (a) error, 22, 44, 54, 70, 113, 127
Alpha (a) value, 127
Alternative hypothesis, 21
Analysis of covariance, 88
Analysis of variance (ANOVA), 55,
58-9

repeated, 60-3
ANOVA see Analysis of variance
APACHE scoring systems, 102
Arithmetic mean, 8
Association, 39, 78-9

Bayesian inference, 30-1
Bayes theorem, 30, 97-8
Before and after studies, 40-2
Beta error, 22, 113, 127
Bias, 33-4, 124, 126
Bimodal distribution, 14
Binary data, 1, 72
Binary variable, 88
Binomial distribution, 14-15, 72
Binomial test, 72
Bispectral index (BI1S), 103
Bland-Altman plot, 90,131
Blinding, 43-4, 123

lack of, 126
Blocking, 126
Block randomization, 42
Bonferroni correction, 55, 66, 72, 128
Bootstrapping, 101
Box and whisker plot, 17
Breslow test, 108

Carry-over effect, 41
Case-control study, 36-7
Case reports, 35-6

Case series, 35-6

Categorical data, 1-2, 68-77, 108, 124
Categorical variable, 88
Causation, 39
Censoring, 106
Central limit theorem, 14, 29
Central tendency, 7
measures of, 8
Chi-square distribution, 68-9
Chi-square test, 68-71, 108
misuse of, 130
Clinical practice guidelines, 118-19
Clinical trials, 35, 135-44
drug regulations, 137-8
funding, 141-2
informed consent, 140-1
phase |-1V drug studies, 137
publication, 142
role of ethics committee, 139-40
setting up, 136-7
seedso Randomized controlled trials
Cochrane Collaboration, 114
Cochran Q test, 72
Coefficient of determination, 80
Coefficient of variation, 9
Cohort study, 37-9
Co-linearity, 89, 101
Committee on Safety of Medicines (UK),
139
Conditional probability, 97, 106
Confidence intervals, 10-11, 23-4, 37, 54,
74, 80, 84, 107, 114, 130, 131
Confidence limits, 10, 23
Confounding, 34, 76, 126, 127
Contingency tables, 69
analysis, 7
Controls, 36
Correlation analysis, 78, 80-2
misuse of, 130-1
Covariate, 81, 110
Cox proportional hazards, 100, 110
Cramer coefficient, 82
Critical values, 22
Crossover design, 40-2
Cross-sectional studies, 35
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Data accuracy, 46-7

Data checking, 46-7

Datal%r;d Safety Monitoring Committee, 45,

Data transformation, 16, 82, 129
Declaration of Helsinki, 139
Degree of dispersion, 7, 8-10
Degrees of freedom, 8, 53, 69, 70
Dependent variable, 78, 87, 129, 131
Dichotomous data, 1, 72
Dichotomous variable, 88

Digit preference, 46

Discrete scales, 4

Discriminant analysis, 100
Double-blind, 43,126

Dunnett's test, 59, 128

Effectiveness, 112

Efficacy, 112

Ethical review, 123

European Medicines Evaluation Agency,
139

Evidence-based medicine, 116-18

Exact probability, 71

Exact test, 69

Fallacy of affirming the consequent, 20
Fisher Protected L east Significant Difference
(LSD), 59
Fisher's exact test, 30, 71-2, 130
Food and Drug Administration (USA),
139
Frequency distributions, 11-15
binomial distribution, 14-15
normal distribution, 12-14
Poisson distribution, 15
Friedman two-way ANOVA, 66

Gehan test, 108

Generalizability, 22, 126

General linear model, 59

Geometric mean, 16,52

Good clinical research practice guidelines,
137-8

Goodness of fit, 14, 52, 85, 87, 100

Greenhouse-Geisser correction factor, 61

Hawthorne effect, 34, 118

Hazard rates, 105

Hazard ratio, 101, 108
Heterogeneity, 114,116

Hochberg procedure, 128
Homogeneity of variance, 51, 60
Homoscedasticity, 80
Hosmer-Lemeshow statistic, 102
Hunyh-Feldt correction factor, 61
Hypotheses, 20

Incidence, 16

Incidence rate, 75

Independent data, 79, 129, 131

Independent variable, 78, 87, 131

Inferential statistics, 20-3

Informed consent, 140-1

Integers, 3

Intention to treat, 47-8

Interaction, 59, 101

Interim analysis, 45-6, 128, 137

International Conference on
Harmonisation, 139

Interquartile range, 8

Interval scales, 4

Intraclass correlation coefficient, 91-2

Intra-group variance, 129

Investigational New Drug, 139

Kaplan-Meier method, 106-7

Kappa statistic, 76-7, 91

Kendall's coefficient of concordance, 82
Kendall'stau, 82

Kolmogorov-Smirnov test, 52, 129
Kruskal-Wallis ANOVA, 66

Kurtosis, 14

Lambda, 82

Latin square design, 42-3

Likelihood ratio, 97

Linear regression analysis, 78, 82-5
misuse of, 130-1
multivariate regression, 87-9
non-linear regression, 85-7

Linear relationship, 79

Line of best fit, 83

Logistic regression, 76, 88, 100, 102

Logrank test, 108

Log transformation, 16, 47, 52, 131

McNemar's chi-square test, 72-3, 130

Mallampati score, 94

Mann-Whitney U test, 64-5, 72

MANOVA, 59

Mantel-Haenszel test, 76,108

Matching, 36

Mathematical coupling, 89, 131

Mean, 8

Median, 8

Median survival time, 106

Medical Research Council of Canada, 140

Meta-analysis, 76, 114-16

Method of least squares, 83

Minimization, 43

Missing data, 47

Mode, 8

Modus tollens, 20

Multiple analysis of variance (MANOVA),
59



Multiple comparisons, 55, 72
Multiple correlation coefficient, 82
Multiple linear regression, 100
Multisample sphericity, 61
Multivariate analysis, 100
Multivariate regression, 59, 87-9
Multivariate tests, 76

National Health and Medical Research
Council (Australia), 140

National Ingtitutes of Health (USA), 140

Negative predictive value, 95, 132

Newman-Keulstest, 59,128

n-of-1trias, 41

Nomogram, 97

Non-linear regression, 85-7

Non-parametric tests, 28-9, 63-6
Friedman two-way ANOVA, 66
Kruskal-Wallis ANOVA, 66
Mann-Whitney U test, 64-5
Wilcoxon signed ranks test, 65

Normal approximation, 72

Normal distribution, 12-14, 80,128

Null hypothesis, 21, 68, 127

Number needed to treat (NNT), 75-6, 116

Numerical data, 3-4, 124

Nuremberg Code, 139

O'Brien-Fleming method, 128
Observational studies, 35
Oddsratio, 38, 74-5, 88, 101, 114
adjusted, 76, 88, 102
One-sample t-test, 52, 54
One-tailed t-test, 22, 55, 129
Ordinal data, 2-3, 124
Outcome variable, 78, 87, 129, 131
Outliers, 46

Paired (dependent) data, 69
Paired Mest, 52, 54, 129
Parallel groups design, 39-40
Parameters, 7
Parametric tests, 5, 28, 51-63
analysis of variance, 58-9
misuse of, 128-9
repeated ANOVA, 60-3
Student's t-test, 52-8
Partial correlation coefficient, 81
Pearson chi-square, 68-71
Pearson correlation coefficient, 79, 80
Percentage, 16
Percentiles, 8
Period effect, 41
Permutation tests, 29-30
Per protocol analysis, 48
Poisson distribution, 15
Population, 19-20, 21, 135
Positive predictive value, 95, 132
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Posterior probability, 30

Post hoc tests, 59

Post-test risk, 95

Power, 5, 25, 55, 64, 113

Power analysis, 25

Predictive equation, 133

Predictor variable, 78, 87, 131

Presentation of data, 16-17

Pre-test risk, 95

Prevalence, 16, 95, 99

Primary endpoint, 28

Prior probability, 30, 95

Probahility, 21

Probit analysis, 86

Probit transformation, 86

Proportion, 16, 69

Prospective randomized controlled trial,
39-40

Publication bias, 115

Pvalue, 22, 30, 131

Qualitative data, 1
Quantitative data, 1

Random effects model, 114

Random error, 34

Randomization, 42-3, 123

lack of, 126

Randomized controlled trials, 39-40, 112,

135,142
see also Clinical trials

Rate, 16

Ratio scales, 1, 4

Receiver operating characteristic (ROC)
curve, 98-9, 102 ) o

Regression analysis see Linear/Logistic
regression

Regression coefficient, 84, 100, 101

Regression line, 83

Regression to mean, 125

Relativerisk, 37, 74

Repeated measures ANOVA, 52, 60-3, 80,
129,131

Repeat (‘paired’) testing, 129-30

Residual, 60, 85

Risk, 37

Risk adjustment, 99

Risk factors, 100

Risk ratio, 16, 37, 74-5, 88

Risk score, 133

Sample, 19-20, 21
Sampling error, 25
Scatter diagram, 78, 79
Scatterplot, 78, 79

Scheffe test, 59, 128
Self-controlled trials, 40-2
Sensitivity, 94-5, 98, 131
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Sequence effect, 41
Sequential analysis, 44-5
Significance, 21
Significance level, 22
Simple randomization, 42, 126
Simpson s paradox, 128
Single-blind, 43, 126
Skew, 14, 82
Spearman rank correlation, 82, 131
Specificity, 94-5, 98, 131
Standard deviation, 130
Standard error, 9, 80, 84, 130
Standard error of the mean, 10, 23
Standardized score, 13
Statistical errors, 122-33
ethical considerations, 123
prevalence of, 122-3
prevention of, 123-4
Statistics, 7
inferential, 20-3
Stepwise regression analysis, 87, 100
Stopping rule, 45
Stratification, 42, 126
Student's t-test, 52-8
misuse of, 129
Subgroup analyses, 128
Sum of squares, 8
Survival analysis, 105-11
Survival curves, 107-10
Survival event, 105
Systematic error, 9, 34
Systematic review, 114-16

t distribution, 23
Test statistic, 21

Therapeutic Goods Administration
(Australia), 138

Therapeutic Products Programme
Fganada), 139

Treatment effect, 131

Triple-blind, 43

Tukey's Honestly Significant Difference
e()II-|SD) test, 59, 128

Two-tailed hypothesis, 22

type | error (d), 22, 44, 54, 70, 113, 127

type Il error (beta), 22, 113, 127

Univariate analysis, 100, 102
Unpaired t-test, 52, 54

Variance, 8, 27, 40, 55
Verbal rating scales, 5
Visual analogue scales, 5-6, 63

Washout period, 41
Which test?
algorithims, 145-7
Wilcoxon rank sum test, 64-5, 108
Wilcoxon signed ranks test, 65-6

Y ates correction, 71, 130

z distribution, 13
Z test, 53, 72
z transformation, 13





