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Principles of critical appraisal
in evidence-based medicine

The term critical appraisal of the literature, as used in the context of evi-
dence-based medicine (EBM), refers to the application of predefined rules
of evidence to a study to assess its methodological quality and the clinical
usefulness of its results. Critical appraisal represents the most “technical”
step in the process of EBM and can be quite demanding for the practition-
er. The aim of this paper is to provide the reader with the theoretical skills
necessary to understand the principles behind critical appraisal of the lit-
erature. These include: (a) the description of the main types of study de-
sign used in epidemiological research, (b) the basic statistical procedures
used in data analysis, (c) the principles of causal inference and (d) the de-
scription of the types of health outcome and measures of effect. These is-
sues are discussed in the present paper and illustrated with several exam-
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1. INTRODUCTION

The term critical appraisal of the literature, as used in
the context of evidence-based medicine (EBM), refers
to the application of predefined rules of evidence to a
study to assess (a) its methodological quality? and (b)
the clinical usefulness of its results.? Critical appraisal rep-
resents the most “technical” step in the process of EBM
and can be quite demanding for the practitioner.

The aim of this paper is to provide the reader with
the theoretical skills necessary to understand the prin-
ciples behind critical appraisal of the literature. The pre-
sentation will follow roughly the order by which the re-
searcher carries out the research. First, the main types
of study design used in epidemiological research are
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discussed. Second, the basic statistical procedures used
in data analysis are considered. Third, the ways in
which the researcher decides whether any of the asso-
ciations found have causal implications are analysed.
This procedure is called causal inference. Fourth, the
process is discussed of how a judgment is made on
whether the results are important enough and poten-
tially useful to implement in clinical practice, by assessing
the kinds of outcomes studied and the size of the ef-
fects observed.

2. THE BASICS OF STUDY DESIGN

The main study designs used in epidemiological re-
search (tabl. 1) can be described as either observation-
al (ecological, cross-sectional, case-control and cohort),
experimental (randomised controlled trial), or summary
in nature (systematic reviews).?
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Table 1. Types of study in epidemiological research.

Primary research Secondary research

Observational Experimental Summary

Systematic reviews
Meta-analyses

Randomised controlled
trials (RCTs)

Ecological
Cross-sectional
Case-control
Cohort

2.1. Ecological or aggregate studies

Ecological studies examine the association between dis-
ease and the characteristics of an aggregation of people
rather than the characteristics of individuals. The main
difficulty with this design is that the association between
exposure and disease at an aggregate level may not be
reflected in an association at the individual level. In this
context, the confounding is often termed the ecological
fallacy. An example of an ecological study is that con-
ducted by Lewis et al* which aimed at examining the
association between suicide standardised mortality ratios
(SMRs) and the provision of psychiatric services. Both
variables are aggregate variables. They found that sui-
cide SMRs were higher in districts with more mental ill-
ness consultants and nurses. However this association
was reduced after adjustment for the confounding ef-
fects of deprivation and whether an area had a teach-
ing hospital. The likely explanation was that more men-
tal illness professionals are employed in deprived areas
in response to the greater perceived need. Teaching hos-
pitals in the UK also tend to be situated in inner city ar-
eas with high suicide rates.

2.2. Cross-sectional surveys

This type of descriptive study relates to a single point
in time and can therefore report on the prevalence of a
disease but is adversely affected by the duration of the
illness. A cross-sectional survey eliminates the problems
of selection bias and has frequently been used for the
study of depression and other neurotic conditions.
However any association found in a cross-sectional sur-
vey could be either with incidence or duration. For
example, Skapinakis et al® studied the sociodemographic
and psychiatric associations of unexplained chronic
fatigue in a cross-sectional survey of the general pop-
ulation in Great Britain. They found that chronic fatigue
was strongly associated with psychiatric disorder. They
also found that other risk factors were independently as-
sociated with chronic fatigue (older age, female sex, hav-
ing children and being in full time employment) after
adjustment for psychiatric disorder.
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2.3. Case-control studies

In a case-control study individuals with the disease (cas-
es) are compared with a comparison group of controls.
If the prevalence of exposure is higher in the cases than
in the controls the exposure might be a risk factor for
the disease, and if lower the exposure might be protec-
tive. Case-control studies are relatively cheap and quick
and can be used to study rare diseases. However, great
care is needed in the design of the study in order to
minimise selection bias. It is important to ensure that the
cases and controls come from the same population, be-
cause the purpose of the “control” group is to give an
unbiased estimate of the frequency of exposure in the
population from which the cases are drawn. For exam-
ple, Kendell et al® conducted a case-control study to
examine the association between obstetric complications
(OCs) and the diagnosis of schizophrenia. They found
a highly significant association and concluded that a
history of OCs in both pregnancy and delivery is a risk
factor for developing schizophrenia in the future. Howev-
er, in a new paper’ the same group re-analyzed the data
set of the previous study and reported that the previous
findings were not valid due to an error in selecting con-
trols. The method used had inadvertently selected con-
trols with lower than normal chances of OCs, thus in-
troducing a serious selection bias. In reality, there was
no association between schizophrenia and OCs in this
data set.

A nested case-control study is one based within a co-
hort study or sometimes a cross sectional survey. The
cases are those that arise as the cohort is followed
prospectively and the controls are a random sample of
the non-diseased members of the cohort.?

In a matched case-control study one or more controls
are selected for each case to be similar for characteris-
tics which are thought to be important confounders.

The analysis of case-control studies results in the re-
porting of odds ratios, case-control studies cannot di-
rectly estimate disease incidence rates. If the study is
matched, a more complex matched analysis needs to be
performed (conditional logistic regression).

2.4. Cohort or longitudinal studies

A cohort (or longitudinal, or follow-up) study is an ob-
servational study in which a group of “healthy” subjec-
ts who are exposed to a potential cause of disease, to-
gether with a “healthy” group who are unexposed, are
followed up over a period of time. The incidence of the
disease of interest is compared in the two groups. Ide-
ally, the exposed and unexposed groups should be cho-
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sen to be virtually identical with the exception of the ex-
posure. The ability of a cohort study to rule out reverse
causality as a reason for an observed association is of
great benefit. Schizophrenia is more common in cities,
but it had been widely accepted that this was due to
“geographical drift” of people with schizophrenia. Lewis
et al® studied a cohort of 50,000 Swedish male conscripts
who had been asked before the onset of schizophrenia
about where they had been brought up. The incidence
of schizophrenia was 1.65 times higher in those brought
up in cities compared with those brought up in rural ar-
eas. These results could not have occurred because of
the “geographical drift” hypothesis. Since this cohort
study had asked about upbringing before the onset of
disease, the authors concluded that environmental fac-
tors found in cities increase the risk of the disorder,
though drift after onset might also occur.

Cohort studies always “look forward” from the ex-
posure to disease development, and therefore can be
time-consuming and expensive. To minimise costs histo-
rical data on exposure i.e. information already collected,
can be used. The Lewis et al® paper above is an exam-
ple of this. The disadvantage of these studies is that ex-
posure measurement is dependent on the historical
record that is available.

The completeness of follow-up is particularly important
in cohort studies. It is essential that as high a propor-
tion of people in the cohort as possible are followed up
and those who migrate, die or leave the cohort for any
reason should be recorded. The reasons for leaving the
cohort may be influenced by the exposure and/or out-
come and incomplete follow-up can therefore introduce
bias.

The analysis of cohort studies involves calculation of
either the incidence rate or the risk of disease in the ex-
posed cohort compared to that in the unexposed co-
hort. Relative and absolute measures of effect can then
be calculated.

2.5. Randomised controlled trials

Randomised controlled trials (RCTs, fig. 1) are most
frequently used (when possible) to investigate the ef-
fectiveness of medical interventions.’ They constitute the
strongest design to investigate causality between an in-
tervention and outcome, because randomly allocating
sufficient patients to two or more treatments should e-
liminate both selection bias and confounding when com-
paring outcomes.’’ Selection bias and confounding are
explained later but the principle of the RCT is that the
subjects in the randomised groups should be as similar

P.A. SKAPINAKIS et al
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Figure 1. Design of randomised controlled trials.

as possible. The main argument for randomisation is that
it is impossible to measure the many confounding vari-
ables that affect outcome. If outcome could be predicted
very accurately then a longitudinal study would be a sat-
isfactory design.

For RCT to influence clinical practice it must address
an area of clinical uncertainty. If there is a consensus
that a treatment is effective then there is little point in
conducting a trial without some other good reasons. The
more common the dilemma the more important and rel-
evant becomes an RCT. It is important that areas of clin-
ical uncertainty are recognised in order to design future
RCTs. Clinical uncertainty is also related to the ethical
justification for randomisation. If a clinician is uncertain
about the most effective treatment then randomisation
becomes an ethical option or even an ethical require-
ment. It is therefore important that RCTs address im-
portant clinical dilemmas.

Subjects must be allocated to the treatments in an un-
biased way. This is done by concealing the process of
randomisation so that the person who has assessed the
patient cannot interfere with the randomisation. The con-
cealment of randomisation is an important aspect of RCT
methodology and has been used as a proxy for the qual-
ity of an RCT.!

The validity of the comparison between the ran-
domised groups in RCT depends critically on ensuring
that the measurement of outcome is not affected by the
allocation of treatment. This is usually done by disguis-
ing the random allocation from the person making the
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assessment; or “blinding” the person as to the allocation.
A double blind study refers to one in which both the
patient and assessor are blind. A triple blind study refers
to those in which the person analysing the data is also
unaware of the treatment allocation.

One of the main difficulties in interpreting the results of
an RCT concerns the influence of subjects withdrawing
from treatment or from follow-up. As subjects drop out
of an RCT the treatment groups depart from the balanced
groups created at randomization. If the drop-outs are sub-
stantial in number then there is a possibility that con-
founding is reintroduced. Even more importantly, since
non-compliers usually tend to be those subjects at a high-
er risk of adverse health outcomes, there is a risk of bias
creeping in especially if there is differential drop-out be-
tween the groups. Therefore it is important to minimise
the non-compliance rate and loss to follow-up rate.

The main way in which this problem is circumvented
is by use of an intention-to-treat strategy in the analysis
in which all the randomised subjects are included irre-
spective of whether they continued with the treatment
or not. If there is missing follow-up data, data from a
previous time-point can be used to assume a poor out-
come for drop-outs. There are also more complex ways
of substituting values for missing data that rely upon
multivariate methods. An intention-to-treat strategy en-
sures that all the randomised individuals are used in the
analysis. In this way, the benefits of randomisation are
maintained and the maximum number of subjects can
be included in the analysis. Using an intention-to-treat
analysis is one of the characteristics of pragmatic trials.”
They aim to study the long-term consequences of one
specific clinical decision e.g. to prescribe the treatment
or not, and to follow best clinical practice after that. The
treatment effect may be less (i.e. the effect is diluted)
than in the ideal case of 100% compliance, but it gives
a far more realistic estimate of the treatment effect.

There is an ongoing debate between those who argue
that randomisation is the only safe, unbiased means of
assessing new interventions, and those who view ran-
domisation as a narrow methodology of limited useful-
ness except for assessing drug treatments.’? There are
three sets of arguments:

a. External validity. RCTs might lead to findings that
overestimate treatment effects or do not have rel-
evance to the settings which most interest clinicians.

b. Feasibility. Sometimes it is impossible to mount RC-
Ts for practical reasons. For example, an RCT of sui-
cide prevention would need to randomise tens of thou-
sands of people.
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c. Rarity. The number of well conducted RCTs of suffi-
cient size to draw conclusions will always be limited.
There are going to be many clinically relevant issues
that will not be addressed by using RCTs.

Perhaps the main criticism is the limited external va-
lidity or generalisability.?>?* RCTs are strong on internal
validity i.e. drawing conclusions about the effectiveness
of the treatment used in that particular setting, on those
patients. However, clinicians are also, if not primarily,
interested in the external validity of a trial. The key que-
stion is “Do the results apply to the circumstances in
which the clinician works?”.

There are probably 3 main reasons why this can be a
problem:

a. The professionals. The doctors and other profession-
als involved in trials are atypical, often with a special
interest and expertise in the problem under investi-
gation.

b. The patients. It is often difficult to recruit subjects to
RCTs and the group of patients included is often very
unrepresentative of the group eligible for treatment.
This difficulty is often exacerbated by the investigators
choosing a large number of “exclusion criteria”.

c. The intervention. Many studies are carried out in
prominent services, perhaps with dedicated research
funds providing additional services. It is often difficult
to know about the effectiveness of a similar inter-
vention applied to other services either in the coun-
try of the study or elsewhere in the world.

Pragmatic RCTs are designed to answer clinically rel-
evant questions in relevant settings and on represen-
tative groups of patients.” One of the priorities of prag-
matic trials is to ensure external validity as well as in-
ternal validity. Choosing clinically relevant comparisons
is also essential and pragmatic trials are designed to re-
duce clinical uncertainty. Assessment of a pragmatic tri-
al should consider the representativeness and relevance
of: (a) the patients in relation to the intended clinical
setting, (b) the clinical setting, (c) the intervention(s),
and (d) the comparisons. Economic assessment is of-
ten an important aspect of pragmatic trials. Clinicians,
patients and commissioners need to know how much
an intervention costs as well as whether it works. There
will always be limitations on the resources available for
health care and economic assessment should help to
make judgments on the best place to invest. This has
to be done in conjunction with knowledge about the
size of treatment effect.
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In addition to clinical outcomes, trials also need to
examine outcomes concerned with the “quality of life”
of the subjects. Measures of quality of life should assess
whether subjects are working, pursuing their leisure ac-
tivities or require additional support.

2.6. Systematic reviews and meta-analyses

Secondary research aims to summarise and draw con-
clusions from all the known primary studies on a partic-
ular topic (i.e. those which report results at first hand).*
Systematic reviews apply the same scientific principles
used in primary research to reviewing the literature. In
contrast, the more traditional or narrative review relies
upon the ability of an expert to remember the relevant
literature and to extract and summarise the data he or
she thinks important. Systematic reviews ensure that all
the studies are identified using a comprehensive method
and that data are extracted from the studies in a stan-
dardised way. Meta-analysis provides a summary esti-
mate of the results of the studies identified using a syste-
matic review. It enables the results of similar studies to
be summarised as a single overall effect, with confidence
intervals, using formal statistical techniques.

The main advantage of these studies is the resulting
increase in the combined sample size (tabl. 2).

A problem of secondary research is the presence of
publication bias, i.e. small negative results are less like-
ly to be published. Therefore, ideally a comprehensive
search strategy should be attempted which includes not
only published results but also those reported in abstracts,
personal communications and the like. Systematic re-
views have mostly been used to summarise the results
from randomised controlled trials (see Cochrane Col-
laboration below) but the same arguments apply to re-
viewing observational studies.

A central issue in secondary research is heterogene-
ity.” This term is used to describe the variability or dif-
ferences between studies in terms of clinical charac-
teristics (clinical heterogeneity), methods and techniques
(methodological heterogeneity) and effects (hetero-
geneity of results). Statistical tests of heterogeneity may

Table 2. Advantages and disadvantages of secondary research.

Advantages Disadvantages

Publication and citation bias

Limited by the quality of the
primary studies

Pooling disparate studies may be
invalid (but such heterogeneity
can be investigated)

All evidence is used to asses
an intervention

Increased statistical power

Can investigate heterogeneity
and test generalisability
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be used to assess whether the observed variability in
study results (effect sizes) is greater than that expected
to occur by chance. Heterogeneity may arise when the
populations in the various studies have different char-
acteristics, when the delivery of the interventions is vari-
able, or when studies of different designs and quality
are included in the review. Interpreting heterogeneity can
be complex, but clinicians are often interested in het-
erogeneity in order to practice informed clinical decision
making.’® For example, clinicians want to know if a par-
ticular group of patients respond well to a particular treat-
ment. Meta-analysis has also been criticised for attemp-
ting to summarise studies with diverse characteristics. In-
vestigating heterogeneity can also be used to address
such concerns.

The use of systematic reviews for the assessment of
the effectiveness of health care interventions has been
promoted largely by Cochrane Collaboration. Archie
Cochrane, a British epidemiologist who was based in
Cardiff for much of his working life, recognised that peo-
ple who want to make better informed decisions about
health care do not have ready access to reliable reviews
of the available evidence. Cochrane emphasised that
reviews of research evidence must be prepared syste-
matically and they must be kept up-to-date to take ac-
count of new evidence. In 1993, 77 people from eleven
countries co-founded “The Cochrane Collaboration”.
The Cochrane Collaboration aims to review systemati-
cally all the RCTs carried out in medicine since 1948
and is committed to update the reviews as new evidence
emerges. The mission statement of the Cochrane Col-
laboration is “Preparing, maintaining and promoting the
accessibility of systematic reviews of the effects of health-
care interventions”. The Cochrane Collaboration’s web
site is www.cochrane.org. This has links to the Cochrane
library which contains the Cochrane database of syste-
matic reviews and the Cochrane controlled trials regis-
ter.

3. THE BASICS OF STATISTICAL ANALYSIS
3.1. The study population

The study population is the set of subjects about whom
it is wished to learn. It is usually impossible to learn about
the whole population, so instead a subset or sample of
the population is looked out in detail. Ideally a sample
is chosen at random so that it is representative of the
whole study population. The findings from the sample
can then be extrapolated to the whole study population.

Suppose that two random samples are selected from
a large study population. They will almost certainly con-
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tain different subjects with different characteristics. For
example if two samples of 100 are chosen at random
from a population with equal numbers of males and
females, one may contain 55 females and the other 44
females. This does not mean that either sample is
“wrong”. The randomness involved in sample selec-
tion has introduced an inaccuracy in measurement of
the study population characteristic. This is called sam-
pling variation. The aim is to extrapolate and draw con-
clusions about the study population using findings from
the sample. Most of the statistical tests are therefore
trying to infer something about the study population
by taking account and estimating the sampling vari-
ation.

3.2. Hypothesis testing

Studies are usually designed to try to answer a clini-
cal question, such as:

“Is there any difference between two methods for
treating depression?”.

In hypothesis testing this question formulated as a
choice between two statistical hypotheses, the null and
alternative hypotheses.

The null hypothesis H, represents a situation of no dif-
ference, no change, equality, while the alternative hy-
pothesis H; specifies that there is a difference or change:

H,: There is no difference between two treatments for
depression

H;: There is a difference between the methods.

A decision must be made as to which is thought to be
true. This is usually based on the p-value, which is es-
sentially the probability of obtaining results at least as
extreme as those obtained if the null hypothesis is true.
A small p-value, such as 0.05, means it is unlikely that
such a result would be obtained by chance and this of-
fers evidence against H, while a large p-value, such as
0.5, tends broadly to support H,. How small should the
p-value be to reject H,?

Traditionally the critical level has been set at 0.05 or
5%. If p<0.05 is the criterion for rejecting H, then we
say the result is significant at 5%. Other levels can be
taken but this is the most common.

If the p-value exceeds 0.05, the decision is that H is
not rejected, rather than H; is accepted. It is difficult to
prove that there is absolutely no difference. It is con-
cluded that it cannot be shown that there is a difference.

197

3.3. Type I and type Il errors

There are two types of wrong decision that can be
made when a hypothesis test is performed.

A type I error occurs when the null hypothesis Hj is
true but is rejected. Five per cent of all tests that are sig-
nificant at the 5% level are type I errors. Carrying out
repeated tests increases the chance of a type I error.

A type II error occurs when the null hypothesis H is
false but is not rejected. For example, in a small study
it is possible to record a non-significant p value despite
large true differences in the study population. Type II
errors need to be considered in all “negative” studies.
Confidence intervals will help to interpret negative find-
ings (see below).

3.4. Statistical power

The statistical power of a study is the probability of
finding a statistically significant result assuming that the
study population has a difference of a specified magni-
tude. It is the probability of not having a type II error.
The power depends upon:

— The level of statistical significance, usually 5%
— The size of effect assumed in the study population
— The sample size.

Calculating the power of a study is useful at the plan-
ning stage. The power calculation depends critically on
the size of effect one wishes to find. When designing
studies the power is often set to 80% in order to deter-
mine the sample size. 80% is an arbitrary value, similar
in that way to the 5% significance value.

3.5. Interpreting “statistically significant” results

Five percent (one out of every 20) of statistical tests
will be statistically significant at the 5% level by chance.
The 5% significance level is fairly arbitrary. There is no
real difference in interpreting a 4% and 6% significance.
If a study reports twenty p-values, one would be ex-
pected to be “significant” by chance. Repeated tests in-
crease the chance of type I errors.

3.6. Confidence intervals

It is known that the sample estimate from a study (e.g.
a proportion, a mean value, or an odds ratio) is subject
to sampling error. The primary interest is in the size of
effect, so it needs to be known how accurately the pro-
portion is being estimated. Confidence intervals are
based on an estimate of the size of the effect together



198

with a measure of the uncertainty associated with the
estimate of the size.

The standard error (SE) shows how precisely the sam-
ple value estimates the true population value. If a lot of
similar sized samples are taken from the same population,
then the SE can be thought of as the standard deviation
of the sample means. If the sample size is increased, the
standard error decreased as the study population value
is being estimated with more accuracy.

A 95% confidence interval is constructed so that in
95% of cases, it will contain the true value of the effect
size. It is calculated as:

95% Cl=estimated value+(1.96*SE)

Different levels of confidence can be used if desired.
Based on the same information a 99% confidence in-
terval will be wider than a 95% one, since a stronger
statement is made without any more data; similarly a
90% confidence interval will be narrower. In recent years
it has been generally agreed that results should be sum-
marised by confidence intervals rather than p-values, al-
though ideally both will be used. The p-value does not
give an indication of the likely range of values of the ef-
fect size whereas the confidence interval does.

3.7. Interpreting “negative” results

When a trial gives a “negative” result, in other words
no statistically significant difference is demonstrated, it
is important to consider the confidence intervals around
the result. It must be remembered that a study estimates
the result inaccurately. The confidence intervals give the
range within which one can be 95% confident that the
“true” value lies. Small negative trials will usually have
confidence intervals that include differences that would
correspond to potentially important treatment effects.
One way of thinking about results is that they are ex-
cluding unlikely values. The confidence interval gives the
range of likely values and an effect size outside the con-
fidence interval is unlikely.

3.8. Correlation and regression

Linear regression allows the relationship between 2
continuous variables to be studied. The regression line
is the straight line that fits the data best. The correlation
coefficient varies between —1 and 1. The more the cor-
relation coefficient departs from O the more the variation
is explained by the regression line. A negative corre-
lation coefficient arises when the value of one variable
goes down as the other goes up.

P.A. SKAPINAKIS et al

Each observation can be thought of as a “predicted”
value i.e. that which would lie on the regression line,
and a “residual” that is the difference between the pre-
dicted value and the observed value (fig. 2). The total
variance is therefore the predicted variance added to the
residual variance. The correlation coefficient is the pre-
dicted variance divided by the total variance. If all the
points lie on the line then the correlation coefficient is
1. The slope of the line is sometimes called the regres-
sion coefficient. It gives the increase in the mean value
of y for an increase in x of one unit.

4. CAUSAL INFERENCE

The main task of critical appraisal is to decide upon
the presence of a causal association between a treat-
ment, a possible causal agent or prognostic factor and
a disease outcome. An association between an exposure
and a disease can be explained by chance, bias, con-
founding, reverse causality or causation (fig. 3).77 It is
important to emphasise that all study designs, including
the RCT, are concerned with causal inference. In an RCT,
the interest lies in whether a treatment “causes” an in-
creased rate of recovery.

a. Chance. Significance testing assesses the probabil-
ity that chance alone can explain the findings. Calcu-
lating confidence intervals gives an estimate of the pre-
cision with which an association is measured. A type |
error occurs when a statistically significant result occurs
by chance (see section 3.3). It is a particular problem
when many statistical tests are conducted within a sin-
gle study in the absence of a clearly stated prior hypoth-

Hesiclual

Proslictesd

Figure 2. The regression line.
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Figure 3. Interpreting an association.

esis. A type II error occurs when a clinically important
result is obscured by chance or random error, often made
more likely by inadequate sample size. For “negative”
findings, the confidence interval gives a range of plau-
sible values for the association.

b. Bias. Systematic error or bias can distort an asso-
ciation in any direction, either increasing or decreasing
the association. No study is entirely free of bias, but at-
tention to the design and execution of a study should
minimise sources of bias. There are two main types of
bias in epidemiological studies: selection bias and in-

formation bias.>?®

Selection bias can occur in any investigation but is a
particular problem in case-control studies. It arises if the
sampling method used to identify cases and controls
results in a poor representation of the diseased and non-
diseased individuals in the same population. An exam-
ple is seen in the study of Brown and Harris?” who i-
dentified community cases of depression using a cross-
sectional survey and patient cases of depression by con-
tact with psychiatric services. When the community cas-
es were compared with community controls there was
an association between depression and having a young
family (odds ratio 3.77), but this association was absent
when comparing the patient cases and community con-
trols. Selection bias is acting here because, for someone
who is depressed, having young children might reduce
the likelihood of receiving treatment from psychiatrists.
Since the majority of cases of depression never get re-
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ferred to a psychiatrist, a community sample would not
be an appropriate control group for cases seen in psychi-
atric services.

Information bias in an analytical study occurs when
subjects are misclassified according to their exposure
status, disease status or both. If this misclassification of
disease status is dependent on exposure status or vice
versa, the estimate of association will be biased. Exam-
ples of such differential misclassification include recall
bias, reporting bias and observer bias. Recall bias oc-
curs especially in case-control studies and cross-sectional
surveys when individuals with the disease may be asked
retrospectively about the exposure. In cohort studies ex-
posure is determined before onset of the disease and so
it is less likely to be biased by the presence of disease.
Case-control studies may also be able to use exposure
information collected before the onset of disease. Ob-
server bias occurs when the observer is aware of the
hypothesis and the measurement of exposure or disease
is biased by the knowledge. Keeping the assessments
blind to disease or exposure will reduce the chance of
this happening.

c. Confounding. Confounding occurs when an esti-
mate of the association between an exposure and dis-
ease is an artefact because a third confounding variable
is associated with both exposure and disease (fig. 4).° If
an association results from confounding it does not mean
this association is wrong, but that there is an alternative
explanation for it. An epidemiologist should identify
potential confounders at the design stage of the study
and collect information on them, otherwise at the time
of analysis it will be difficult to reject alternative expla-
nations for any associations found in the data. A vari-
able is said to be a confounder if the analysis that con-
trols for this variable produces results that are marked-
ly different from the crude or uncontrolled analysis.

All observational studies are susceptible to con-
founding. Potential confounders must always be thought
of when interpreting studies. Even in an RCT there can
be an imbalance (by chance) in important confounders
between the allocated interventions. It must be asked if
the authors have measured the potentially important
confounders and if they have adjusted their findings for
them.

d. Reverse causality. This is the possibility that the ex-
posure is the result rather than the cause of the disease.
This is more likely to occur in case-control studies and
cross-sectional surveys that assess exposure after the on-
set of disease. Cohort studies usually eliminate this pos-
sibility by selecting people without the disease at the be-
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Figure 4. Smoking is a confounder for the association between coffee
and cancer of the pancreas.

ginning of the study. RTCs also select people at the be-
ginning of the trial who are ill in order to examine out-
come. However, it can remain a problem for some con-
ditions, such as psychosis, where the timing of the on-
set of the disease remains a matter of debate.

e. Causation. An association may indicate that the
exposure causes the disease. Trying to infer causation
is a difficult task. It is usually helpful to review the epi-
demiological literature to help decide whether there is
a consistent finding, irrespective of the population or
study design. When there is a strong association then
the likelihood that the relationship is causal is increased.
For example, for relative risks over 3 or 4, confound-
ing and bias have to be quite marked to explain the
findings. However, there is generally little confidence in
findings when the relative risk is 1.5 or below. A dose-
response relationship can also provide additional evi-
dence for causality, depending upon the hypothesised
mechanism of action. For example, one would expect
that more severe obstetric complications would lead to
higher rates of schizophrenia than milder forms if ob-
stetric complications were a causal agent. Finally, the
scientific plausibility of the findings has to be consid-
ered.

A number of criteria have been suggested for deduc-
ing that exposures have a causal role in disease (tabl.
3).7® These usually require evidence from a variety of
sources and it would be expected that a number of dif-
ferent studies using different approaches would all pro-

Table 3. Causality criteria.

The Bradford Hill criteria

Temporality (the exposure occurs before the outcome)

Strength of the association (strong associations more likely causal)
Consistency (same results with different methods)

Dose-response relationship

Specificity of the association

Biological plausibility

Coherence (no conflicts with current knowledge)

Experimental evidence

Analogy (similar factors cause similar diseases)
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duce consistent results before a conclusion could be made
about causality.

The most important criteria usually are:

a. Strength of relationship measured by relative risk.
Large relative risks are more likely to be causal. A rel-
ative risk below about 1.5 should be treated with great
caution.

b. Specificity of effect. Does the possible risk factor al-
so cause other diseases?

c. Consistency of findings across studies. A variety of
different studies in different populations and with dif-
ferent strengths and weaknesses in the design should
all produce the same results.

d. Biological plausibility and dose-response. Is the re-
lationship biologically plausible and does it show a
dose-response relation i.e. the greater the exposure
to a risk factor, the more likely the disease.

5. CLINICAL IMPORTANCE OF THE RESULTS:
TYPES OF HEALTH OUTCOMES
AND MEASURES OF THE EFFECT

5.1. Health outcomes

Here the interest lies in the changes (referred to as out-
comes) amongst the research subjects which are associ-
ated with exposure to risk factors or therapeutic or pre-
ventive interventions. There are two main types of out-
comes (tabl. 4):% (a) biological or psychosocial parame-
ters not directly related to disease (for example cholesterol
values or scores on a scale measuring social support) and
(b) clinical outcomes directly related to disease.

Non-clinical outcomes can only be viewed as surro-
gates for the clinical outcomes of interest and cannot
be used directly as a reason to change clinical practice
unless there is a clear causal association between this
and a clinical outcome. Clinicians are thus more inter-
ested in research papers which have used relevant clin-
ical outcomes. Outcomes in the course of a disease in-
clude the following: death, disease status, discomfort
from symptoms, disability, dissatisfaction with the pro-
cess of care. These can easily memorised as the five Ds
of health outcomes. In establishing the clinical im-
portance of a study it should always be checked that
the outcome is relevant.

Table 4. Outcomes in the course of disease. Adapted from Muir Gray.?
Death

Disability

Disease status

Dissatisfaction with process of care
Discomfort about the effects of disease
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5.2. Clinical importance

A study may be methodologically valid, with an out-
come of interest to clinicians but still not be clinically rel-
evant because, for example, the effect of treatment is
negligible. A new antihypertensive drug which lowers
systolic blood pressure by 5% compared to routine treat-
ment is probably not clinically significant in the sense
that it has no implications for patient care. There are 2
broad categories of measures of effect, relative measures
(e.g. relative risk, odds ratio) and absolute measures (e.g.
attributable risk) (tabl. 5).

In the clinical context, absolute measures are of greater
interest because the relative measures cannot discrimi-
nate between large and small treatment effects. For
example, in a clinical trial if 90% of the placebo group
developed the disease compared to 30% of the treat-
ment group the relative risk reduction would be (90—
30%)/90%=66% and the absolute risk reduction 90—
30%=60%, a clinically important result. In a trial howev-
er with 9% for placebo compared to 6% for treatment,
the relative risk reduction is the same but the absolute
risk reduction is 3%, a figure not important from the
clinical perspective. In the following paragraphs the ba-
sic measures of effect used in clinical research are pre-
sented.

Attributable risk (ARR) (risk difference, rate difference)
is the absolute difference in risk between the experimental
and control groups. A risk difference of zero indicates
no difference between the two groups. For undesirable
outcomes a risk difference that is less than zero indicates

Table 5. Measures of effects.
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that the intervention was effective in reducing the risk
of that outcome useful for interpreting the results of in-
tervention studies.

The number needed to treat (NNT) is an alternative
way of expressing the attributable risk between two
groups of subjects. It has been promoted as the most in-
tuitively appealing way of presenting the results of RCTs
and its use should be encouraged in interpreting the
results of trials.?

The NNT is the number of patients that need to be
treated with the experimental therapy in order to pre-
vent one of them from developing the undesirable out-
come. It is calculated as the reciprocal of the absolute
difference in risk (probability of recovery) between the
groups. An NNT of 5 indicates that 5 patients need to
be treated with treatment A rather than treatment B if
one person is to recover on treatment A who would not
have recovered on treatment B.

The following example can help to better understand
these measures: An RCT of depression finds a 60% re-
covery with an antidepressant and a 50% recovery on
placebo after 6 weeks treatment. The absolute risk dif-
ference is 10% (or p=0.1). The NNT is 1/0.1=10. There-
fore, if 10 patients were treated with the antidepressant,
one would get better who would not have got better if
treated with placebo. Another way of thinking of this is
if there were 10 patients in each group, 6 would get
better on the antidepressant and 5 on the placebo.

Relative risk is a general and rather ambiguous term
to describe the family of estimates that rely upon ratio

Absolute

Relative

Effect measures for Absolute risk reduction (ARR): The absolute

binary data difference in risk between the experimental
and control groups

Number needed to treat (NNT): The number
of patients that need to be treated with the
experimental therapy in order to prevent
one of them from developing the undesirable

outcome. It is the inverse of ARR

Effect measures for
continuous data

Odds: The number of events divided by the number
of non-events in the sample

QOdds ratio (OR): The ratio of the odds of an event
in the experimental group to the odds of an event
in the control group

Risk: The proportion of participants in a group who
are observed to have an event

Relative risk (RR): The ratio of risk in the experimental
group to the risk in the control group

Mean difference: The difference between the means of two groups
Weighted mean difference: Where studies have measured the outcome on the same scale, the weight given to the

mean difference in each study is usually equal to the inverse of the variance

Standardised mean difference: Where studies have measured an outcome using different scales (e.g. pain may be

measured in a variety of ways) the mean difference may be divided by an estimate of the within-group standard

deviation to produce a standardised value without any units

Effect measures for
survival data

Hazard ratio: A summary of the difference between two survival curves. It represents the overall reduction in the risk
of death on treatment compared to control over the period of follow-up of the patients
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of the measures of effect for the two groups. They are
not the best way of summarizing treatment trials. This

P.A. SKAPINAKIS et al

be thought of as the results of either a cross-sectional
survey, cohort study or case-control study.

is because it is the absolute change in risk rather than

Cases Controls
the relative risk which is of interest. Ratio measures are
more useful in interpreting possible causal associations. Exposed a b
Ratio measures estimate the strength of the association = Unexposed c d

between exposure and disease.

Incidence rate ratio is a further “relative risk” measure,
derived when incidence rates are compared.

number of events
The odds of an event =

number of non —events

Epidemiologists often prefer to use odds rather than

probability in assessing the risk of disease. odds in the treated or exposed group

An odds ratio =

odds in the unexposed grou
a. The mathematics of manipulating odds ratios is eas- P group

ier and can be performed using a handheld calculator.
The odds of being a case in the exposed group is a/b.

Similarly in the unexposed group the odds of being a
case is c¢/d. The odds ratio (OR) is therefore (a/b)/(c/d),
and after manipulating algebraically, (ad)/(bc). The odds
ratio is therefore a “relative odds” and gives an estimate
of the “etiological force” of an exposure.

b. The results of logistic regression can be expressed as
odds ratios. Therefore it is possible to present results
before and after multivariate adjustment in terms of
odds ratios.

c. Finally, odds ratios are the only valid method of
analysing case-control studies when the data is cate-
gorical. The odds ratio from the case-control study
corresponds to the odds ratio in the population in
which the case-control study was performed.?

If the OR is greater than 1, the exposure is a risk fac-
tor for the disease.

If the OR is less than 1, the exposure (often a treat-

For rare outcomes the odds ratio, risk ratio and inci- ment) protects against the disease.

dence rate ratio have the same value. To illustrate cal-
culating odds and odds ratios, the following table can

If the OR is exactly equal to 1, there is no association
between exposure and disease.

MEPIAHWH

Apx€ég aSioAdynong 1ng B1BA1oypagiag orta mAaicia tng Baociopévng otig evdeiSeig larpikng
[T.A. ZKATIINAKHEZ,! N. STIMPSON,! H.V. THOMAS,! F. DUNSTAN,? R. ARAYA,! G. LEWIS!
!Department of Psychological Medicine, University of Wales, College of Medicine, UK
ZDepartment of Medical Computing and Statistics, University of Wales, College of Medicine, UK

Apxeia Endnvikng latpikng 2001, 18(2):192-203

O 6pog adlondynon tng BiBAloypagiag, dnwg avtdg xpnoiponolsital ora nhaiocia g Baciocpévng orig evSei-
€eig larpirnig, avagpéperal otnv s@apuoyn npokabopIcPEvmy Kavovmy 1EpdpXnong 1oV eVEEifemv Pe OT6x0o
v eKTipnon tng pebodonoyikig noidintag piag HENEING Kal TNG KAIVIKAG tng xpnoipdtntag. H afiondynon tng
BiBAloypapiag anotenel éva and ta mo kaipia orddia tng Baciopgvng ortig svbei€eig larpiknig kai, éviag to mo
TEXVIKO, anaitel and 1ov KAIVIKG pid €enapkn Bempniiki yvadon 1oV apx®dv Kal peBS8mv tng EpELVNTIKAG pE-
BoSonoyiag. Z16xog tov napdvrog dpbpouv eival akpiBdG n mapoxn orov avayvedorn 1oV Bacikdv Bewmpnti-
ROV 8eflotritwv, mov sival anapaitnieg yia tnv €mruxn oNOKARPpmoN tov okonoy tng aflonéynong. H napov-
ofaon akonovBel oe adpeg ypappég tn ogipd pe tnv onoid o epevvning oxedidzel Kal eKIENE] TN PHEAETN TOL.
Apxikd, neptypdgovral ta Bacikd ox€61a mov xpnaoiponolobvial otnv eMONPIONOYIKNA KAl KAIVIKA €pguva. Zin
ovvéxela, ava@gpovial moNt GLVOITIKA 01 GTATIOTIKEG ApXEG oL Si€nouvv Tnv avdAvon towv SeSopugdvmvy Kal pe
TIG OMO{eG UIMOPOUVUE VA ANAVIACOVUE OTO £PAINUA TNG «OTATIOTIKAG Onpaviikeintag». Metd, avanvetrar n €v-

vold Tng aItloNoyIKNAG cvunepacuaronoyiag, SnAadn ndg pnopovue va cupnepdvovpe edv n cvoxgrion 8Bo
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napaySvi®v cnpaivel Kal ammoNoyiki 1ovg oxéon. Ténog, nepiypd@eral o Ipdnog Pe ToV onofo pnopouvus va

afloNoyricoLUE TNV KAIVIKA ONUAVTIKSINTIA TOV AMoteNecUdIov piag €pevvag, e€etdzoviag 16co 10 €i60g Tng

€kBaong mov penemBnke (eival n €kBaon KAWVIKG OXETIKA;), 600 Kal 10 PEyeBog 1oL anoreN€oparog fnov &-

RUPAOnke (sfval KAIVIKA onpaviiké, akSun Kal av eival otatiotikd onpaviike;).

...............................................................................................................................................................

A€8e1g svpenpiov: Ammiatikii cvpnepacparonoyia, Aiondynon BiBAloypagiag, latpiki Baciopgévn otig evbeielg,

>xeb1aopség €pevvag
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