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EVALUATING A SERIES OF CLINICAL TRIALS OF THE SAME TREATMENT 

Often several independent clinical trials are carried out to 

evaluate the same therapy or closely similar ones. In many cases 

there is considerable variation in the findings of the various 

trials, resulting in uncertainty about whether the therapy is 

beneficial or not. 

This paper first describes the expected degree of random 

variation between the results of a series of identical trials, and 

outlines several other possible reasons for between-study 

variability in results. Arguments for and against statistically 

combining the results from several studies are presented, and it 

is concluded that such an approach is desirable under certain 

conditions. 

Various methods of combining trial results are discussed, and 

a worked example illustrating several methods is given as an 

appendix. The Mantel-Haenszel and Woolf (logit) methods are 

especially suitable. Other aspects discussed include 

between-study homogeneity of results, ethical aspects, and 

publication bias. 
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1. 0 INTROLUCT_Lal 

When several clinical trials of the same treatment are 

carried out the results often vary considerably. Unless the true 

treatment effect is very large, which is rare, there may well be 

uncertainty as to whether the treatment is beneficial or not. 

Apart from the expected random variation there are many factors 

that may contribute to the heterogeneity of study findings, some 

of which directly to the validity of the results of individual 

trials. Even with several studies which are all reasonably 

reliable, there is the further problem of how to combine the 

results statistically to get the overall picture. An important 

problem is the possibility that studies which are published are a 

biased subset of the studies actually carried out. Each of these 

aspects will be considered in this paper. 

In many trials the outcome of interests is dichotomous, such 

as death/survival or improved/not improved, and we are interested 

in the proportion of individuals with a particular outcome, which 

is equivalent to the probability of that outcome for an 

individual. This paper concentrates on such trials because they 

are more suitable for considering between-study variability. The 

emphasis will be on trials where the outcome of interest is 

whether or not a patient survives a given length of time. The 

same principles also apply to studies with continuous outcome 

measures, but it is harder to generalise for such trials because 

the results depend on the between-individual variability, so the 

continuous case will be referred to only briefly. 
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2.0 BETWEEN-ST= YARIABILITY  

2.1 RANDOM VARIATION 

No medical treatment, whether effective or not, will produce 

identical responses from all patients. For example, hypotensive 

drugs will not produce exactly the same reduction in blood 

pressure for all patients, and may not show any benefit at all for 

some people. Likewise the death rate observed in a clinical trial 

may not accurately reflect the true risk of dying because of 

random variation. 

If the 'true' proportions surviving in the control and 

treatment groups are pc  and p respectively, and each trial 

involves n subjects in each group, then it is possible to 

calculate the range within which the results of a series of 

identical trials might vary. There are several ways of measuring 

the effect of treatment, for example as pc-pT, as 

100(pc-pT)/pc, or as pc(1-pT)/[pT(1-p0)). The last 

of these is the odds ratio, which is approximately the relative 

risk of dying in the two treatment groups. Table I shows some 

examples of the expected 90% range for the odds ratio for 

plausible values of pc, pT  and n. Clearly we should expect 

the observed results from a series of trials to show considerable 

variability around the true difference unless they were all 

extremely large. 

Closely-related calculations are used when designing studies 

to obtain appropriate sample sizes to give a high probability 

(power) of obtaining a significant result when the true difference 



is of a given magnitude. Although such calculations ought to be 

made at the planning stage of any trial, this is very rare to 

judge from reviews of published trials [1-4]. Thus many trials 

are too small to be able to detect quite large treatment effects. 

Whilst not wishing to underplay the serious weakness of such 

trials [5], several non-significant results which point in the 

same direction will usually be seen as more convincing than a less 

consistent set of results even if the overall significance level 

(to be discussed later) is the same. So it is worth considering 

how likely it is to obtain a result that is 'opposite' to the 

truth; that is, how often will the new treatment appear worse 

when it is in fact better? (This concept is less strong than the 

'error of the third kind' (gamma) described by Schwartz et al 

[6), which is the probability of finding significance in the 

wrong direction.) These probabilities can be derived in a similar 

manner to sample size calculations. Table II shows such 

probabilities for the same values of pc, pT  and n as were used 

in Table I. For the size of study often reported, the risk of 

observing pT>pc, when pT  is truly less than pc, is quite 

considerable. Mosteller et al [2], in a survey of 285 

clinical trials of treatment for breast cancer, found a median 

sample size of less than 50 per treatment. Studies as small as 

this have a large probability of failing to detect clinically 

important effects, or even of observing the treatment difference 

in the 'right' direction, as has been demonstrated. 



Table III shows the chances of observing a statistically 

significant effect, again for the same combinations of pc, 

pp  and n. 

These figures show that if there is a real but modest benefit 

of treatment a series of small studies would be expected to yield 

a fairly wide range of results, and relatively few of them would 

show differences that were statistically significant. This, in 

itself, should not be taken as an indication of incompatibility of 

results, nor that there may not be an important real benefit of 

treatment. For cases where the effect of treatment is small, say 

with a reduction in mortality of less than 20%, even very large 

studies will often fail to detect the true effect (that is, the 

benefit of treatment will not be statistically significant). A 

good example of this phenomenon is given by recent trials of 

beta-blockade after myocardial infarction [7]. 

2.2 OTHER SOURCES OF BETWEEN-STUDY VARIATION IN RESULTS 

The preceding remarks all relate to the unrealistic situation 

where it is possible to carry out several identical trials. In 

reality there are numerous other possible sources of between-study 

variability as well as random variation, the most important of 

which are examined below. Again, the discussion largely relates 

to trials where the outcome is death or survival but applies 

generally. 



(a) Entry criteria 

If the treatment in question is not equally effective for all 

types of patient, then the different entry criteria for patients 

in the various studies may contribute to between-study variation 

in results. Common important factors are age and severity of 

disease (the classification of which may also vary between 

studies); the effects of these may even interact. A more 

relevant consideration perhaps is diagnostic variation, which was 

observed in the series of case-control studies of reserpine and 

breast cancer [8] and trials of anticoagulants after myocardial 

infarction [9]. 

If subjects are allocated at random to treatment and control 

group without stratification, as is usual, then there may also be 

imbalance within a study. This additional form of random 

variation will again be potentially most harmful in small studies 

[10]. 

(b) Study populations 

Differences in the populations from which study samples are 

drawn may affect the results. This may be a particular problem in 

studies involving hospital in-patients, since, for example, 

different hospitals will attract patients with varying 

cross-sections of disease states (apart from other differences). 
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(c) Randomisation 

Most medical researchers are probably now aware of many of 

the most important statistical 'errors', such as not randomising, 

that can be made when carrying out a clinical trial. That there 

are still many poor studies performed (and published) may be 

partly due to less awareness of the potential magnitude of the 

influence on the findings of such deviations from good 

methodology. Series of trials of the same treatment offer an 

opportunity to assess some of these. 

Perhaps the best known series is that of over thirty trials 

of anticoagulant therapy for myocardial infarction patients 

[9,11-13). Examination of the individual results shows that the 

trials employing historical controls found much larger treatment 

-effects than the randomised trials, and the between-study 

variability was much greater in the trials using historical 

controls than in the randomised trials. 

More recently Sacks et al [14) have compared the results 

of randomised clinical trials and trials using historical controls 

for six different therapies, including anticoagulant therapy after 

myocardial infarction. They found that in each case the use of 

historical controls tended to give an optimistic result in favour 

of the treatment compared with the results of the randomised 

trials. 

Another example of the danger of using historical controls in 

a single study related to the use of computed tomography (C-T) 

scanning for stroke victims [15]. Here again changes over time 



were largely to blame for a misleading association between C-T 

scanning and three-month survival rates. 

Trials using historical controls are clearly likely to give 

misleading results, and ought to be excluded from any exercise 

combining the results of a series of trials. 

(d) Blindness 

The arguments in favour of blindness, especially double 

blindness, in controlled trials are similar in some respects to 

those relating to randomisation. The idea is to prevent the 

introduction of biases, both conscious and unconscious, caused by 

the patient and/or the investigator(s) knowing which treatment 

that patient is receiving. Unconscious biases may be related to 

preconceptions about the value of the treatment. Conscious bias 

on the part of the investigator may even be so strong as to lead 

to interference with the randomisation in order to improve the 

likelihood of obtaining the 'desired' result. Such a phenomenon 

is rarely reported for obvious reasons; it was described, 

however, in one of the studies of anticoagulant therapy already 

discussed [16]. The magnitude of such biases is uncertain, but 

variation in the degree of blindness in studies with concurrent 

controls would contribute to between-study variability. 

In some circumstances it is not possible to perform double 

blind trials, for example when evaluating surgical procedures or 

regimens of physical exercise. 
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(e) Variation in protocols 

The dose regimen is obviously an important factor in the 

observed success (or otherwise) of a treatment, but there are many 

ways in which this may vary between studies. In particular, 

different doses may be used in different studies, especially in 

the early stages of evaluation, which might affect the absolute 

success rate in the treated group, and thus the observed 

'treatment effect' in comparison with the control group. Also the 

control groups in different studies may not receive the same 

standard treatment or placebo. 

Another factor of great importance is length of follow-up. 

Differences between treatments will not be equally apparent at all 

stages of follow-up - clearly, in the extreme, all treatments will 

have a zero survival rate. Length of follow-up may vary between 

studies, as may the decision about including 'early' events, such 

as deaths within a short period of entering the study. 

Variability of this type is clearly seen in the well-documented 

series of studies of anticoagulant therapy for myocardial 

infarction [12]. Even in a single study this issue can cause 

considerable controversy, as in the Anturane reinfarction trial 

[17,18]. 

Deviation from protocol 

Subjects drop out of clinical trials for a variety of 

reasons. Some of these will be unrelated to the trial, others 

clearly related, whilst for many the cause may be uncertain. What 

should be done about these, and about non-compliance - failure to 
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adhere to the study protocol (including accidental 

non-compliance)? There are some powerful reasons for including 

all cases in the final analysis, ignoring deviations from the 

protocol, and considering all dropouts as failures (i.e. subjects 

where the treatment was unsuccessful) irrespective of whether the 

cause of dropping out is obviously related to the nature of the 

trial or not. 

Whether subjects who drop out of a trial are included or 

excluded from the analysis can have a marked effect on the results 

[19). Variation between studies in the way such cases are dealt 

with may thus contribute to between-study variability in trial 

results. Some studies do not give a clear indication of their 

policy in this respect. There is a notable tendency for current 

opinion to favour inclusion of all cases in the analysis [20). 

() Baseline differences between treatment groups. 

Despite randomisation it is quite possible that in a 

particular trial the two treatment groups are unbalanced with 

respect to baseline characteristics. Such imbalances can be 

allowed for in the analyses of individual trials, but cannot be 

incorporated into a pooled analysis. The chance of such imbalance 

is greater for small trials and for thus using simple 

randomisation. 



2.3 SUMMARY: BETWEEN-STUDY VARIABILITY 

Because the effects of different independent sources of 

variability are additive, the cumulative effect of all the above 

factors will exceed the variability due to random variation alone. 

It is likely, though, that most of these sources of variation will 

have small effects in comparison with the large expected amount of 

random variation. Such considerations are important because they 

have a direct bearing on the validity of the statistical 

combination procedure discussed below. 

We should not be surprised when clinical trials give 

differing results [21], except perhaps when the sample sizes are 

all large, and the statistical methodology is not only sound, but 

also consistent between all studies. Indeed, we ought to be 

suspicious of a series of small studies producing closely similar 

results. This argument applies even more strongly to the analysis 

of subgroups. For example, inconsistency in the observed effect 

of beta-blockers in different age groups [22] is only to be 

expected. Similarly any attempt to distinguish between different 

beta-blockers will inevitably be fruitless [7]. 

3.0 COMBINING namaa nom BEmERAL TRIALB 

If there are several trials which are felt to be reliable, 

then it is clearly desirable to combine their results 

statistically to obtain an overall estimate of the efficacy of the 

treatment. This will be particularly useful where the trials do 

not appear to give compatible quantitative results. We would not 
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necessarily expect compatibility of significance levels because 

these are related to sample size. Yet far too many studies 

yielding non-significant differences are taken as indicative of no 

treatment effect, although such results may only appear 

incompatible because of their low power arising from inadequate 

sample size. (The same problem might in some cases arise in the 

analysis of a single multi-centre trial, for example if the entry 

criteria varied, or in an international study in which there are 

many possible differences between centres.) 

Goldman and Feinstein 19) have suggested criteria for the 

validity of an analysis which pools the results from several 

clinical trials. They felt that such an analysis 'can be valid 

only if the component studies contain patients who are similar in 

diagnosis, clinical severity, principal treatment, and outcome 

events.' They also pointed out that some older trial results may 

no longer be applicable due to changes in medical practice. Their 

discussion is helpful, but whether or not the criterion of 

similarity is met may well be a matter of opinion. 

Perhaps unfortunately there are several different approaches 

to combining individual trial results, and these may lead to 

different overall findings. Broadly speaking there are three main 

possibilities, involving the combination of (a) the data; (b) the 

test statistics; or (c) the probabilities. 



3.1 COMBINING THE DATA 

It seems obvious that the best approach would be to combine 

in some way the raw data from the individual studies. If the 

outcome measure is dichotomous (e.g. improvement on treatment, 

survival a given length of time), then this ought to be 

straightforward. The published reports of such studies ought 

always to give the numbers in each group and the numbers or 

proportions with a specific outcome, so that getting at the raw 

data poses no problems. The statistical problem is one of 

estimating the relative risk by combining the results from several 

contingency tables. It is first worth noting that simply adding 

the corresponding cells in the different tables yields a very 

unreliable estimate of the relative risk [23]. 

Since the main purpose of this paper is to discuss the whole 

issue of whether or not to combine trials rather than to carry out 

a comparison of the available methods, not all of the possible 

statistical methods will be described. Fleiss [24] reviews the 

literature in some detail. 

The best-known method is probably that due to Mantel and 

Haenszel [25]. This method involves computing an 'observed minus 

expected' type of statistic for each table and combining them. It 

leads to an overall estimate of relative risk as well as giving an 

overall probability for the difference between treated and control 

patients, and has the advantage of being very easy to compute. 



An alternative approach, suggested by Woolf [26], is to 

calculate the approximate relative risk (or odds ratio) for each 

study, and to combine the logarithms of these by weighting each 

estimate by its variance. Since, for a single 2 x 2 table, the 

logarithm of the relative risk is equal to the difference between 

the logits of the proportions with an unfavourable outcome in the 

two groups (see Appendix), the overall approximate relative risk 

is easily estimated using logistic regression. This method is 

particularly suitable for certain extensions to be suggested 

later. The two methods yield very similar results in published 

examples [24,27,28], and in several other cases I have studied. 

Breslow and Day [28] and Fleiss [24], who discuss the methods in 

detail, observe that the Woolf method is not as good as the 

Mantel-Haenszel method for combining the results from small 

studies. A worked example using these two methods is given in the 

Appendix. 

Another method, suggested by Cochran [29], uses the weighted 

sum of the differences between the proportions in each group. The 

use of this method involves the assumption of a constant 

difference in the survival rates in the two groups. This might 

not be a valid assumption when combining the results from trials 

with differing lengths of follow-up. For example, several 

beta-blocker trial reports have included plots of survival by 

length of follow-up which suggested that the relative risk was 

more constant than the absolute difference. 



All of these methods involve some approximations, but a small 

degree of statistical innaccuracy is surely acceptable in this 

context as combining results from different studies inevitably 

involves some assumptions that will not be met exactly. 

For studies where the outcome measure is continuous (such as 

the change in some physical measurement) and the means and 

standard deviations are available for the treated and control 

groups, the data could be combined in a fairly straightforward 

manner by an unbalanced two-way analysis of variance. 

3.2 COMBINING TEST STATISTICS 

If the raw data cannot be combined, perhaps because they are 

unavailable or the experimental designs were incompatible, then it 

may be possible to combine test statistics. 

For continuous variables, m individual t values derived from 

different studies (of reasonable size) can be combined by 

calculating 

where the ith t value is on fi  degrees of freedom, and z1 

is a standardised Normal deviate [30]. 

For categorical data x2 values resulting from the 

comparison of proportions can be combined into a standardised 

Normal deviate by calculating 



z2 	
17:4 

where Bi 	1 or -1 according to the direction of the 

difference, and z2  is a standardised Normal deviate [31]. 

Whenever possible the more powerful Mantel-Haenszel and Woolf 

methods are preferable as they lead to a pooled estimate of the 

effect of interest rather than just a significance test. 

For studies comparing survival times Peto et al [20] have 

pointed out that different trials could be combined using the 

logrank test if the relevant observed and expected logrank 

statistics were available for each study. 

3.3 COMBINING PROBABILITIES 

There are several methods of combining probabilities [32), 

the most familiar being due to Fisher [33]. The probabilities 

(Pi) associated with m tests of significance are combined by 

calculating 

q = 2. 

where q is a x2 variate on 2m degrees of freedom. For 

the purposes of this calculation one-tailed probabilities must be 

used, a point which is not always made clear. The resulting 

pooled P value can be doubled to give an overall two-sided test. 

Gill [34] has pointed out that if the average of the Pi  is 

greater than about 0.3 then combined significance can not be 

achieved - 'strong evidence can not be obtained by combining bits 
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of rather weak evidence.' 

This method does not appear to incorporate any weighting to 

take account of reliability, so that a result with P-0.10 from a 

sample of 20 would have the same influence as one based on 2000. 

However, this is probably reasonable since sample size is implicit 

in the calculation of P, and the evidence from the larger study 

would in a sense not be as strong. 

As already indicated, the theory underlying Fisher's formula 

requires one-tailed P values, but some tests, notably x2 

tests, are inherently two-sided, so that Pi  needs to be replaced 

by siPi/2 in Fisher's formula. (This is exactly equivalent to 

taking the one-tailed probability associated with the Normal 

deviate obtained from the alternative formulation for testing the 

difference between two proportions.) 

Chalmers et al [12] used the Mantel-Haenszel and Fisher 

methods to combine the results from the six randomised trials of 

anticoagulant therapy also analysed in the Appendix, and obtained 

P-0.015 and P-0.03 respectively, although it is not clear how they 

applied Fisher's formula. Fisher's method is generally felt to be 

less sensitive than using the raw data [20]. The method described 

in this section is also illustrated in the Appendix. 



3.4 AN EXTENSION 

As described earlier, for categorical data the results can be 

combined using linear model analysis (logistic regression), which 

allows other factors to be incorporated in the analysis. 

Firstly, it is possible to weight each study not only to take 

account of its size, but also to consider its statistical quality. 

A scoring system was recently proposed [35] which could be the 

basis for such a method. Horwitz and Feinstein [21] argued 

against this approach for case-control studies since a score for 

methodological standards need not be related to the magnitude of 

bias introduced by the use of inferior methods, but some weighting 

may be preferable to none. We should certainly be suspicious if 

there was a noticeable correlation between the results of 

different studies and their weighting scores. 

Secondly, and more importantly, account can sometimes be 

taken of various differences between the studies in the types of 

patient, treatment, follow-up period, and so on. I have used this 

approach to analyse the results from 30 controlled trials of 

imipramine for depression [36]. For each trial information was 

available on whether the depression was chronic or acute, 

endogenous or neurotic, and whether patients were in-patients or 

out-patients. These factors, together with year of publication 

(in 3 broad groups), were added to the regression model. The drug 

was clearly considerably superior to placebo (t > 10) although 

only 10 of the 30 studies had given P<0.05. This result was 

unaffected by any of the other factors, except that there was a 

significant association between drug-placebo difference and type 
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of depression - neurotic or endogenous. This effect was noted by 

Rogers and Clay [363, but is much more clearly seen (and 

estimated) from an analysis of this sort, which may have the added 

advantage of suggesting areas for further research which would 

probably not be apparent from the findings of a single study. 

The same approach might be used to correct for imbalance in 

important baseline characteristics, which can have an important 

effect on the results of a trial whether or not the imbalance is 

statistically significant [10), and to investigate possible time 

trends. 

For the case of continuous outcome measures extra variables 

can be incorporated in a similar way as covariates in the analysis 

of variance. 

3.5 HOMOGENEITY OF STUDY RESULTS 

The combination of the results of several studies to give an 

overall impression of the effectiveness of a treatment should 

incorporate an assessment of the homogeneity of the various 

results. Because the expected amount of random variability 

between studies can be calculated, such an assessment poses no 

difficulties. An appropriate significance test can be 

incorporated into both the Mantel-Haenszel and logistic regression 

analyses (see Appendix). In both cases the null hypothesis is 

that the true odds ratio is constant for all the trials. 



Note that the homogeneity of odds ratios neither implies nor 

requires homogeneity of the contributory proportions. This is 

particularly relevant when considering studies with varying 

lengths of follow-up, if it can be assumed that the odds ratio 

stays reasonably constant with time. (For some studies the 

information might be provided, allowing assessment of how 

reasonable this assumption is.) 

The end product of the combination of the results of several 

trials would carry greater weight if the results were shown to be 

homogeneous, and the procedure is arguably not valid otherwise. 

The analysis of homogeneity may itself not be very powerful, 

however, if it involves the comparison of several small studies 

with low power, nor if there is only a small number of trials. 

In most cases there is no statistical evidence of 

heterogeneity, such as with the data analysed in the appendix. An 

interesting example of (possible) heterogeneity is given by the 

seven trials of platelet-active drugs discussed by May et al [46]. 

Six trials showed modest benefits, with odds ratios ranging from 

1.22 to 1.79 but none was statistically significant. The seventh 

trial, which was the largest, found an adverse effect with an odds 

ratio of 1.13. The homogeneity test gives x2  - 11.2 and 6df 

(P-0.08), and pooling also gives an equivocal result with 95% 

confidence limits for the odds ratio of 1.00 to 1.26 (P-0.05). 



4.0 PUBLICATIM BIAS  

The unusual is more likely to be published than the routine. 

One little-discussed aspect of this relates to disputes in 

statistical methodology, and is evidenced by the 

disproportionately high amount of space given to the minority 

views on the acceptability of historical controls in clinical 

trials. A similar phenomenon has been seen in the publicity given 

to anyone disagreeing with the widespread belief that smoking 

causes lung cancer. 

Of more relevance in this paper, however, is consideration of 

the possible biases relating to which studies are published. It 

is extremely difficult to get hard evidence of this, but there are 

two likely sources of bias: 

(a) Researchers are more likely to submit their results for 

publication if they have achieved a positive (i.e. significant) 

result (or possibly an unusual result). 

(b) Journals are more likely to publish papers that 

demonstrate a positive (or unusual) result. 

Clearly these two possibilities are related. For example, 

one rejection may be more likely to deter the authors from 

resubmitting the paper elsewhere if their results were 'negative'. 
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These suggestions are a mixture of speculation and anecdote, 

although many believe that such biases exist [13,37-39]. What 

evidence is there to support the idea of publication bias? If we 

consider trials with a dichotomous outcome measure, then we would 

expect the proportions of successes in the treated and control 

groups observed in the various subjects to vary around their true 

population values. Clearly the magnitude of these deviations will 

be potentially greater for small studies as the variance of the 

observed proportions is greater, but we would not expect small 

studies to achieve different results on average. 

Because of their greater power, larger studies ought to 

produce more significant results, although the magnitude of the 

difference between treatments should not be related to sample 

size. Two series of published trials show a relationship between 

study size and treatment effect, suggesting a publication bias of 

the kind postulated. Peto [13], discussing the results of various 

studies of rapid 5-fluorouracil injection for advanced colorectal 

cancer, observed that the treatment effect was half as large again 

in the smaller studies as in the bigger studies. Also, the 30 

trials of imipramine [36] show a clear relationship between 

statistical significance and study size (in the opposite direction 

to that which might be expected), suggesting that perhaps small 

studies tend to be published only if significant, whereas larger 

studies are respectable enough to be published whether the results 

are significant or not. Such a situation, if it exists, is bound 

to lead to bias in the results of published papers, in favour of 

the treatment. If this sort of bias were stronger for a new 

treatment we would expect to see the effectiveness of treatment 
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appear to diminish with time. 

Chalmers et al [40) have written about the 

"understandable tendency of clinicians to report unusual rather 

than expected phenomena". They suggest that an unusual result in 

a small sample, possibly just due to biological or sampling 

variability, would be more likely to appear in print than more 

ordinary results. Since unusual results may be in either 

direction they postulated that the observed between-study 

distribution of results would be flattened and spread out compared 

to what ought to be seen in an unbiased selection of studies. 

Publication bias has also been discussed in relation to the 

studies of anticoagulant therapy for myocardial infarction [12]. 

Maxwell [38], discussing the imipramine series, has suggested that 

non-significant results should be published by title only so that 

others are aware of such studies, but this is surely totally 

impracticable. 

It is sometimes suggested that 5% of reported clinical trials 

will show false positive findings, but this would be true only if 

there were no publication bias, and if no treatment were 

effective. Since the latter condition is certainly not true, and 

the former is probably not, such a figure is clearly wrong - in 

the absence of the very knowledge that the trials are attempting 

to obtain, it is hard to see how a proper estimate of this sort 

can be obtained, although it is reasonable to assume that many 

false positive findings are published, especially among smaller 

trials. 



The medical literature may not be as bad in this respect as 

the psychology literature. Even in 1959 a survey of 362 papers in 

four psychology journals found that of 294 reports using tests of 

significance only eight did not rejct their main null hypothesis 

(or the majority of null hypotheses tested). ( ). More recently 

the editor of one journal has attempted to justify his policy of 

only accepted papers in which the test of significance of the 

major hypothesis yielded P<0.01[ ]. 

Although the problem of possible publication bias may appear 

to be a major restriction on the validity of combining the results 

from several trials, it is important to realise that any such bias 

also applies to the interpretation of individual studies, although 

this is always ignored and each study's results taken at face 

value. The non-publication of results is much more likely with 

small trials - the publicity given to large trials usually ensures 

that the results are published [41]. 

It is, however, easy to calculate the effect of adding in a 

further trial that showed no treatment effect. For example, 

adding to the six trials analysed in the appendix a further 

(fictitious) trial with 500 subjects in each group and an observed 

death rate of 20% in each group changes 	from 1.29 to 1.21 

and the significance level for the test of the null hypotheses 

that V - 1 from P - 0.004 to P - 0.013. 

In some circumstances it may be possible to obtain 

information about unpublished studies, however, which greatly 

increases the credibility of any combined analysis. Pet() (42] 

used this approach to combine the results of all known studies of 
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several treatments where there is much controversy over their 

efficacy, often with clear findings of either benefit or no 

benefit. 

5.0 ETHICAL 02N8JDERATIONa 

In a clinical trial patients ought to be recruited in 

sufficient numbers to give a high probability of detecting an 

important therapeutic benefit if it exists. Often studies are 

much too small to meet this criterion, and may be thought to be 

unethical as a consequence of the low probability of providing 

useful results [5]. Similarly a study that is too large may be 

considered unethical, but this is hardly a widespread problem. 

It can be argued that if the results from several 

statistically acceptable and scientifically similar studies are 

combined and yield a very highly significant result then it would 

be unethical to carry out a further study even if none of the 

contributing results was highly significant. Similarly a combined 

result that is not nearly significant could be strong grounds for 

abandoning the treatment. In such cases it is quite possible that 

the last contributing trial can be shown to have been unnecessary, 

which has ethical implications too. This argument depends 

strongly on the acceptability of the statistical combination 

procedure. Chalmers et al [12] used the above methods to 

consider six randomised trials of anticoagulant therapy after 

myocardial infarction (see Appendix too), and concluded that the 

positive combined result made further studies unethical. But 
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Goldman and Feinstein [9) challenged this view on account of the 

considerable differences between the studies with regard to 

important diagnostic and methodological features. In this case 

the ethical position is unclear. Indeed the ethical implications 

are likely to be uncertain unless the combined result was 

unequivocal and the studies could be shown to be very similar in 

design and execution. This is a stronger requirement than that of 

showing homogeneity of results. 

Nevertheless it is important to consider whether the results 

of a series of studies of the same treatment should be accumulated 

on a regular basis in order to monitor the current state of 

knowledge about those treatments. Further trials might then be 

dependent on the combined significance of already completed 

trials, but using a stricter level of statistical significance 

(say P<0.001) than is usually applied in single trials. Even 

without such information clinical trials should perhaps not be 

given ethical committee approval unless the researchers had 

analysed the results of published trials in the way suggested in 

order to demonstrate that there was still uncertainty about the 

efficacy of the treatment, and the range of uncertainty 

encompassed clinically relevant benefit. Further, power 

calculations for a new trial could be conditional on the results 

of published trials. 

The 95% (or 99%) confidence interval for the combined 

estimate of relative risk (or percentage improvement) can be 

calculated after each additional trial is published. Baum et 

al [43) used this method retrospectively to show that several 
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studies of antibiotic prophylaxis in colon surgery used 

no-treatment controls after such confidence intervals were well 

clear of the no-effect point. 

6.0 nISCUaSION 

Many clinical trials have very little chance of detecting the 

size of effect that the investigators are interested in because 

the sample sizes are much too small [1). Indeed for such trials 

to produce a statistically significant result they must, by 

chance, observe a greatly overestimated treatment benefit [ ). 

Where the magnitude of treatment benefit may be relatively small 

(say, a 25% reduction in mortality, or less) it is only to be 

expected that a series of several trials of the same treatment, 

most of which have low power, will not lead to a clear idea about 

whether the treatment is beneficial or not. 

It is customary to interpret the results of each trial in 

isolation, but if there ate several trials of the same treatment 

one would in principle get a more reliable assessment of treatment 

efficacy by combining in some way the results from all the trials. 

In such circumstances it may even seem perverse not to pool the 

evidence. This may be especially appropriate as it could well be 

that the later trials in a series were performed as a direct 

consequence of the failure of the earlier trials to resolve the 

issue. As has been shown, good statistical methods are available, 

but ought they to be used in practice? 



Several possible problems concerning the validity of the 

statistical combination of results from different trials have been 

suggested: publication bias, differences in treatment, 

differences in study design, and incompatible results. 

Publication bias has already been discussed at some length. 

Direct evidence and subjective impressions both suggest that 

smaller trials have a greater chance of being published if the 

overall result is statistically significant, although the 

magnitude of this bias is impossible to quanitfy. Of course many 

small trials with non-significant results are published, but it 

would seem prudent to omit smaller trials from the statistical 

combination of different trials. If there are many trials being 

combined it would be sensible to investigate the relation between 

outcome and study size. In some areas of research it may be 

practical to obtain the results from unpublished studies to give 

information about all the trials of a particular treatment. In 

this case the methods described will be of much greater value, 

although it may still be difficult to produce results that will be 

convincing. 

Whether or not the treatment is the precisely the same in a 

group of trials is an important consideration, but not really a 

statistical problem The review paper by May et al [46) considers 

several groups of trials in the field of secondary prevention 

after myocardial infarction. In each case the treatment was not 

the same in all the trials. For example, in the seven trials of 

platelet-active drugs previously discussed six used aspirin in 

doses from 300 to 1500 mg per day and one used sulphinpyrazone. 

(The trial with the 'inconsistent' finding was one of the aspirin 
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trials.) It is unlikely ever to be possible to differentiate 

between the degrees of effectiveness of closely similar 

treatments. It thus seems reasonable to combine them to get an 

overall assessment of benefit which might apply to that group of 

similar treatments - the fl-blocker trials are a good example 

of this till]. 

Clinical trials can differ in numerous ways. In the present 

context what matters is whether there are differences between 

trials that would have had a direct, and non-negligible, effect on 

the observed trial results. If, as is advisable, consideration is 

restricted to randomised double-blind trials, the differences most 

likely to be important would relate to treatment (especially the 

exact treatment given, dose, and length of treatment), entry 

criteria, and length of follow-up. If trial results are to be 

combined using the Mantel-Haenszel or Woolf methods, the question 

is whether it can be assumed that between-trial differences in 

such factors did not have an important influence on the observed 

relative risks from each trial. (This is closely related to the 

requirements for the validity of the proportional hazards 

regression models for analysing survival times.) Such an 

assumption cannot readily be verified, but it is less demanding 

than the requirement that the outcomes (e.g. death rates) in the 

treatment and control groups were unaffected by differences in 

study design. An important example relates to length of 

follow-up, which can vary considerably between trials. The 

observed incidences of adverse outcome will obviously be affected 

greatly by variation in follow-up time, but the observed relative 

risks will be much more consistent, as is demonstrated by the 
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plots of deaths by length of follow-up in two of the beta-blocker 

trials [44,45]. Differences in trial design ought also to be 

judged against the background of the large degree of inherent 

random variability, as shown in Table 1. 

In general the validity of statistical combination must be a 

matter of subjective opinion. For example the combination [12] of 

the six anticoagulant trials (discussed in the Appendix) was 

criticised [9] because of differences between the trials. In a 

recent valuable review, May et al [46] have considered six 

groups of studies relating to long-term secondary prevention after 

myocardial infarction. They cite differences in design as the 

main reason for not combining the results of different trials, but 

additionally point to the variation in mortality in the different 

control groups, which was discussed above. They further suggest 

that 'the trend of the results of most of the individual trials 

should be in the same direction before pooling is contemplated'. 

The results in the first section of the present paper show that 

this is not a necessary requirement. Indeed, it is when a series 

of trials do not all give results in the same direction that it is 

most desirable to carry out statistical pooling. The decision on 

whether or not to pool should not be affected by whether the 

results are apparently consistent, a possibility that can be 

tested by the appropriate test of homogeneity. This test is not 

especially powerful, however, so that genuine differences may well 

be missed, particularly when the number of trials is not great. 

Published examples of statistical combination usually show tests 

of homogeneity with large P values. 
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What should be done if there is significant heterogeneity, or 

when large differences in trial design make it undesirable to 

combine differences? A good approach is to produce for all the 

trials in question a careful description of the main design 

features and key results. May et al [46] used this format and 

also provided a graph showing for each trial 95% confidence limits 

for the relative benefit of treatment. Such comprehensive 

presentation, which is also desirable when statistical combination 

is used, will probably lead to some subjective combination of 

findings, however. It might sometimes be possible to separate the 

trials into categories related to the design. This has been done 

for the trials of beta-blockers according to whether subjects were 

entered into the trial as soon as possible after hospital 

admission, or somewhat later, with markedly different findings for 

the two groups [41]. In other cases differences in design may be 

incorporated into the statistical model. If it is possible to 

incorporate information about patient characteristics, differences 

in therapy and so on, such analyses may provide additional 

information and suggest hypotheses for further investigation. 

A much more sensitive analysis could be performed if it were 

possible to get the raw data for every subject in each trial, 

including baseline factors of prognostic importance. Further, 

where the endpoint is death or some other fixed event, it would be 

better to use some form of survival analysis based on the exact 

times that the events occurred (although individual trials are not 

always analysed in this way). Unfortunately, as Chalmers [47] has 

described, it is likely to be excessively difficult to gain the 

necessary cooperation of other researchers in such an exercise. 

- 32 - 



In view of the non-statistical problems in the combination of 

results from different trials, the choice of statistical method is 

unlikely to matter greatly, but methods which make use of the raw 

data are definitely preferable to the combination of 

probabilities. The pooled estimate of relative risk should be 

presented with its confidence interval. A statistically 

significant overall treatment effect should be interpreted 

cautiously if only moderate significance (perhaps 0.05>P>0.005) is 

obtained, although this must partly depend on the number of trials 

being combined. The implications of a highly significant result 

should, however, be considered very seriously. 

The advantages of combining trial results probably outweigh 

the disadvantages if the trials included are of good quality, and 

this approach is becoming more common as more replicated trials 

are performed [7,41,43,47-50]. Indeed the use of this technique 

means that small trials which might otherwise be felt to have 

little or no scientific value may contribute, if not greatly, to 

treatment evaluation. In no sense, however, can this be taken as 

adequate justification for carrying out trials which are too small 

to be independently valuable [51]. One or two large studies will 

be much more valuable than a dozen small studies. In particular 

the findings from a large carefully-executed (possibly 

multi-centre) trial using a standardised protocol will be much 

more reliable than the combined result obtained from several small 

studies using different protocols. 



7.0 AEEENDILL COMIHINU THE RESULTSDE 5EVERAL CLINICAL TRIALS - 

AU ILLUSTEATIME EXWELN 

Some of the methods described in the text will be illustrated 

in detail using the results of six randomised trials of the use of 

anticoagulants after myocardial infarction which were analysed by 

Chalmers et al [12]. The data for these six studies, together 

with various calculated quantities, are shown in tables IV and V. 

Other authors [24,28] have described these methods in much greater 

detail. 

7.1 MANTEL-HAENSZEL METHOD 

A summary x2 statistic may be calculated for the 

overall relationship between treatment groups and survival. If 

the ith 2 x 2 table is of the following structure 

Dead Survived Total 

Control 	 3. a.1 	b1  . 	a.+13i  

Treated 	ci 	d. 

	

1 	ci+d. i 

Total 	ai+ci 	bi+d i 	N. 1 

then the expected number of cases in the first cell under the 

hypothesis of no association is 

E(ai) = (ai+bi)(ai+ci)/Ni  



and its variance is 

V(ai) = (ai+bi)(aii-ci)(bi+di)(cii-di)/[Ni
2(Ni-1)]. 

The summary x2 statistic is given by 

x2 	(Ira.-EE(a )f-0.5)
2 

- 
EV(ai) 

so that, in this case, 

x2  - (1303 - 271.6331-0.5)2/121.936 

- 7.814 (P - 0.005). 

The uncorrected version of x2, used for a later 

calculation, is given by 

x2  - (303 - 271.633)2/121.936 

The pooled estimate of the odds ratio (or approximate 

relative risk) V is given by 

- E(aidi/Ni) 
MH 

E(bici/Ni) 

- 139.464/108.099 

• 1.290. 

The simplest method of calculating an approximate confidence 

interval for this estimate is due to Miettinen [52]. The lower 

and upper limits of a 95% confidence interval are given by 

161.
MH (1±1.96/x) 

where x is the square root of the summary x2 

statistic without the continuity correction. We have 

x = V8.069 

= 2.841 

and 	1.96/x - 0.690 
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0 

giving 	U „. 1.2900.310 and 1.2901'690  

so 	yr i  - 1.082 and V0  - 1.538. 

To test for homogeneity it is necessary to calculate for each 

study the expected number of subjects in the first cell, E(a), 

under the assumption that the pooled estimate of the odds ratio 

was the truen value for all studies. We have VmH  - 1.29, 

so if we let A = E(a) we can solve for A in each table by means of 

the equation 

1.29 

(This is just defining AD/BC as the common odds ratio, where B, C 

and D are the expected values of b, c and d.) This is a quadratic 

equation in A, the solutions of which are 

A 4 )I 

where S = V(2a-Flo+c)-1-d-a. Only one of the solutions will 

give sensible answers. The variance of this estimate is given by 

V(a) 

The Mantel-Haenszel homogeneity x is given by 

which for these six studies gives x2  - 2.385 on 5 d.f. 

(P-0.79) (see Table IV). There is thus no statistical reason 

for not combining the results of these six trials. This method is 
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considerably more complex than the equivalent test using the logit 

method described in the next section. 

7.2 WOOLF (LOGIT) METHOD 

The approximate relative risk is estimated for each study as 

a• V. = 	d , 
b•c i 

and its variance is given by 

V(14Vi) 

41 

The weighted mean of the logarithms of these relative risks, 

calculated using weights wi  = 1/V(Vi), is 

1.741ViiEwi 

- 31.693/123.655 

= 0.256 

so that the pooled estimate of V is 

0. Via  - 	256- 1.292 

which is almost exactly the same as the Mantel-Haenszel estimate. 

Its variance is given by 

- 0.00809 and the normal deviate for testing 

the null hypothesis is thus 2.85 (P=0.004). 

A test of homogeneity is given by the x2  statistic 

on 5 degrees of freedom 

Ewi(lnVi)2 - (Ewi1nVi)2/Ewi  

- 10.508 -31.6932/123.655 

2.385 
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for which P=0.79. This value is identical to that obtained by the 

Mantel-Haenszel test of homogeneity, but is computationally much 

simpler. 

Approximate 95% confidence limits for logVw  (under 

the assumption of a constant relative risk across all the trials) 

are given by 

InVw  t 1.96V(1iwi ) 

0.256 ± 1.96/VI23.655 

0.080 and 0.432. 

The 95% confidence limits for Vw  are thus 1.083 and 

1.540, which again agree almost exactly with those derived by the 

Mantel-Haenszel method. 

The Woolf method may easily be implemented using a program 

such as GLIM [53) to perform logistic regression, although the 

connection may not be immediately obvious. The logit of a 

proportion p is defined as ln[p/(1-p)), so that, for example, the 

logit of the proportion dying in the treated group is 

in a/(a+b) 

b/(a+b) 

ln(a/b). 

The log odds ratio, Mg, can be rewritten 

as ln(a/b) - ln(c/d) which is the difference between the logits of 

the proportions dying in the treated and control groups. Analysis 

by GLIM using this approach yields answers identical to those 

shown above. 



More generally one can use log-linear models (also possible 

with GLIM) to analyse the numbers in the cells of each 2 x 2 

table. This method gives the same answers as the logistic 

regression, but has the advantage that it can be extended to the 

case where there are more than two outcome categories. Adena and 

Wilson [54] have illustrated this use of GLIM using data from 

Breslow and Day [12]. With either of these methods it is simple 

to incorporate other variables, as suggested in the main paper. 

7.3 COMBINATION OF x2 VALUES AND P VALUES 

The techniques for combining x2  or P values are more 

widely applicable but, in this situation, less powerful than the 

methods just illustrated. Also they only lead to an overall test 

of significance, without any estimate of the pooled relative risk. 

These techniques are shown for purposes of comparison - they would 

not normally be used when the more powerful methods could be used. 

The individual (uncorrected) x2 values and 

corresponding P values are shown in table VI. All the trials 

favoured the treatment, but only one result was statistically 

significant. One of the trials was very small (with only four 

deaths in all), and might be felt to be receiving undue weight in 

these analyses. 

The x2 values can be combined by calculating 

z 
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- 2.34 

and a two-tailed P value of 0.019. 

The x2 test is a two-sided test, so that the P 

values need to be converted into one-sided values before Fisher's 

formula can be applied. This can be achieved by letting 

Pi  - Pi/2 if si-1 and 1-Pi/2 if 

We calculate 

X
2 (12 df) 	-2ElnaPi 

 * 

26.45 (P = 0.009). 

Omitting the fifth study has little effect, the combination giving 

x2 (10 df) - 25.01 (P - 0.005). 

The column of weights in Table V shows that the fifth study had 

virtually no influence on the Woolf method, and its effect on the 

Mantel-Haenszel x2 was also negligible. 

7.4 COMMENT 

The results using the two main approaches - Mantel-Haenszel 

and logit - were almost identical throughout. The 95% confidence 

interval for the relative risk was 1.08 to 1.54, corresponding to 

between 8% and 54% more deaths in the control group, or, 

equivalently, a reduction in the treated group of between 7% and 

35% in the death rate after myocardial infarction. 

The results shown in this appendix are very similar to with 

those reported by Chalmers et al [12] but, for reasons which 

are not apparent, they do not agree. 
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Table 1. Approximate 90% ranges(*) of observed difference in death rates in control group and treatment group for different 
true values of p.. and p.., and the number of subjects (n) in each group. 

n (in each group) 
True % 

p.. 	p.. 	40 	75 	100 	250 	500 	1000 	2500 
Difference 

	

0.5 	0.25 	8 to 42 	12 to 38 	14 to 36 	18 to 32 	20 to 30 	22 to 28 	23 to 27 	25 

p..=0.5p.. 	0.25 	0.125 	-2 to 27 	2 to 23 	4 to 21 	7 to 18 	8 to 17 	10 to 15 	11 to 14 	12.5 

	

0.15 	0.075 	-4 to 19 	-1 to 16 	0 to 15 	3 to 12 	4 to 11 	5 to 10 	6 to 9 	7.5 

	

0.5 	0.375 	-6 to 31 	-1 to 26 	1 to 24 	5 to 20 	7 to 18 	9 to 16 	10 to 15 	12.5 

p..-0.75p.. 	0.25 	0.19 	-9 to 21 	-5 to 17 	-3 to 16 	0 to 12 	2 to 11 	3 to 9 	4 to 8 	6 

	

0.15 	0.11 	-9 to 16 	-5 to 13 	-4 to 12 	-1 to 9 	0 to 7 	1 to 6 	2 to 5 	4 

	

0.5 	0.45 	-13 to 23 	-8 to 18 	-7 to 17 	-2 to 12 	0 to 10 	1 to 9 	3 to 7 	5 

p..=0.9p.. 	0.25 	0.225 -13 to 18 	-9 to 14 	-7 to 12 	-4 to 9 	-2 to 7 	-1 to 6 	1 to 4 	2.5 

	

0.15 	0.135 -11 to 14 	-8 to 11 	-7 to 10 	-4 to 7 	-2 to 5 	-1 to 4 	0 to 3 	1.5 

* Calculated as p..-p..etc.... 



Table II. Probability of observing p..> pr_ when 

40 	75 

= 0.5p:  0.75 per, and 0.9peor different sample sizes (n). 

n (in each group) 

100 	250 	500 	1000 	2500 

0.5 0.25 1% 

pmF0.5p1  0.25 0.125 7% 2% 1% 

0.15 0.075 14% 7% 5% 

0.5 0.375 13% 6% 4% 

p(-0.75pc  0.25 0.19 25% 18% 14% 4% 1% 

0.15 0.11 31% 25% 21% 11% 4% 1% 

0.5 0.45 33% 27% 24% 13% 6% 1% 

plir0 0.25 0.225 40% 36% 34% 25% 18% 10% 2% 

0.15 0.135 42% 40% 38% 32% 25% 17% 6% 



Table III. Chance(*) of observing a significant difference between groups (Pc0.05) when p..= 0.5p... 0.75p... and 0.9p... 
for different sample sizes 

p." 	p.. 	40 	75 

(n). 

100 

n (in each group) 

250 	500 	1000 25000 

(54.4) (85.7) (94.48) 
0.5 0.25 54% 86% 95% 	100% 100% 100% 100% 

p..0.5p... 0.25 0.125 19% 41% 55% 	94% 100% 100% 100% 

0.15 0.075 9% 21% 30% 	71% 96% 100% 100% 

(13.7) (27.6) 	(37.1) 
0.5 0.375 14% 27% 37% 	78% 98% 100% 100% 

p..0.75p... 0.25 0.19 5% 10% 14% 	35% 64% 91% 100% 

0.15 0.12 5% 8% 	19% 38% 68% 97% 

0.5 0.45 

p..0.9p... 0.25 0.225 

0.15 0.135 

* Values presented are 100 (1-B) where B is the Type II error, for a two-sided test of significance at 
the 5% level. 



Table IV. Raw data and Mantel-Eaenszel calculations for the combination of results of six trials of anticoagulant therapy 
after 

myocardial infarction as discussed by Chalmers et al [12]. 

Study 

Control 
Group 

Treated 
Group 

1 18 29 13 32 92 576 377 1.528 15.837 5.193 6.261 4.098 17.14 5.10 0.145 

2 15 55 12 65 147 975 660 1.477 12.857 5.535 6.633 4.490 14.26 5.49 0.100 

3 129 586 115 597 1427 77013 67390 1.143 122.256 50.605 53.968 47.225 135.09 50.08 0.741 

4 83 308 111 634 1136 52622 34188 1.539 66.773 36.344 46.322 30.095 76.24 37.91 1.205 

5 2 24 2 25 53 50 48 1.042 1.962 0.942 0.943 0.906 2.20 0.92 0.044 

6 56 443 48 452 999 25312 21264 1.190 51.948 23.317 25.337 21.285 57.86 23.03 0.150 

Total 303 271.633 121.936 139.464 108.099 2.385 

D = died, S = survived 

Note that 
and 



Table V. Raw data and Woolf WO) calculations for the combination of results of six trials of anticoagulant therapy after 
myocardial infarction as discussed by Chalmers et a! 112). 

Study 
i 

	

Control 	Treated 

	

Group 	Group 
D 	S 	0 	S 

1 18 29 13 32 92 576 377 1.528 0.424 0.198 5.045 2.139 0.907 

2 15 55 12 65 147 975 660 1.477 0.390 0.184 5.448 2.125 0.829 

3 129 586 115 597 1427 77013 67390 1.143 0.133 0.020 50.431 6.707 0.892 

4 83 308 111 634 1136 52622 34188 1.539 0.431 0.026 36.638 16.653 7.177 

5 2 24 2 25 53 50 48 1.042 0.041 1.082 0.924 0.038 0.002 

6 56 443 48 452 999 25312 21264 1.190 0.174 0.043 23.169 4.031 0.701 

Total 303 	 123.655 31.693 10.508 

= died. S = survived 

Note that 

and 



Table Vi. 	x2 and P values for six clinical trials of 
anticoagulant therapy after myocardial infarction. 

Study 	x2 	PI 	Pi* 

1 0.911 0.340 0.170 

2 0.835 0.361 0.180 

3 0.899 0.343 0.172 

4 7.252 0.007 0.0035 

5 0.002 0.964 0.482 

6 0.705 0.401 0.201 



APPENDIX 

Some of the methods described in the text will be Illustrated „using' the 

results of six randomised trials of the use of anticoagulants after myocardial Infarction 

Ails analysed by Chalmers et al, (1977). The data for these six studies, together 

with various calculated quantities, are shown In table Al, 

MANTEL-HAENSZEL METHOD 

A summary x 2 
statistic may be calculated for the overall relationship 

between treatment groups and survival. 	If the ith 2 x 2 table is of the following 

structure 

Treated 

Control 

Total 

Dead 

ci  

al+ci 

al i-bi  

Survived 

b i 

di 

bII-di 

Total 

ar 	Gbp 

cII-di  .* 

n1 	oft" 

then the expected number of cases in the first cell under the hypothesis of no 

association is 

Ea]) = (a+b)(al+c1)/ni 

and its variance is 

V(aI) = (aI+bI)(a1+c1)(b1+dI)(c+d)/in 2(n1-1).1' 

The summary x 2 
statistic is given by 

x2 = (lEa1-EE(a1)1-0.5)2 

EV(a1) 

so that, in this case, 

x2  = (1303 - 271.6331-0.5)2/111,7.3 

= 7.763 (P = 0.005). 

The uncorrected version of x2
, used for a later calculation, is given by 



X2  = (303 - 271.633)2/122.738 

= 8.016. 

The pooled estimate of the odds ratio (or approximate relative risk) tlf 

is given by 

mti  ... Daidi/ni) 

E(bici/ni) 

= 139.464/108.099 

= 1.290. 

The simplest method of calculating a confidence interval for this estimate 

Is due to Miettinen (1976). The lower and upper limits of a 95% confidence Interval 

are given by 

L'ItU = lirMii
(1±1.96/x) 

where x Is the square root of the summary x 2 statistic without the continuity 

correction. We have 

X = V8.016 

= 2,831 

and 	1.96/x = 0.692 

.„-0  giving 	feoftu  = i.eu 0.308  and 1.2901.692 

so 	ifeL  = 1.08, and f u  = 1.539. 

I 

The Mantei-Haenszei test for homogeneity is complicated and will not 

be illustrated here. A worked example Is given by Breslow and Day (1981). 

WOOLF (LOGIT) METHOD 

The approximate relative risk is estimated for each study as 

10.=  aldi 

1 	bpi. 



The weighted mean of the logarithms of these relative risks is 

Ewilogefi/Ewi  

= 31.693/123.655 

= 0.256 

so that the pooled estimate of fr is 

e0.256 = 1.292 

which is almost exactly the same as the Mantel-Haenszel estimate. A test of homogeneity 

(Armitage. 1971a) is given by the x2 statistic on 5 degrees of freedom 

Ewi(logfe - (Ewilogfi)2/Ewi  

= 10.508 -31.6932/123.655 

= 2.385 

for which P=0.79. There is thus no statistical reason for not combining the results 

of these six trials. 

Approximate 95% confidence limits for low? (under the assumption of 

a constant relative risk across all the trials) are given by 

logy ± 1.96V(1/Ewi) 

= 0.256 ± 1.96/V123.655 

= 0.080 and 0.432. 

The 95% confidence limits for V' are thus 1.083 and 1.540, which again agree almost 

exactly with those derived by the Mantel-Haenszei method. 

The Woolf method may easily be Implemented using a program such 

as GUM (Baker and Neider, 1978) to perform logistic regression. although the connection 

may not be immediately obvious. The logit of a proportion p is given by logfp/(1-0), 

so that, for example, the logit of the proportion dying in the treated group is 

log a/(a+b) 

b/(a+b) 

= log (a/b). 

The log odds ratio, can e rewritten as log(a/b) - log(c/d) which is the 

/ 



difference between the logits of the proportions dying in the two treated and control 

groups. Analysis by GLIM using this approach yields identical answers to those 

shown above. 

More generally one can use log-linear models (also possible with GLIM) 

to analyse the numbers in the cells of each 2 x 2 table. This method gives the 

same answers as the logistic regression, but has the advantage that it can be 

extended to the case where there are more than two outcome categories. 	Adena 

and Wilson (1982) have illustrated this use of GLIM using data from Breslow and 

Day (1980). With either of these methods it Is simple to incorporate other variables, 

as suggested in the main paper. 

COMBINATION OF x2 VALUES AND P VALUES 

The techniques for combining x2 or P values are more widely applicable 

but, in this situation, less powerful than the methods just Illustrated. Also they 

only lead to an overall test of significance, without any estimate of the pooled relative 

risk. These techniques are shown for purposes of comparison - they would not 

normally be used when the more powerful methods could be used. 

The Individual (uncorrected) x2 values and corresponding P values are 

shown in table A2. All the trials favoured the treatment, but only one result was 

statistically significant. 	One of the trials was very small (with only four deaths in 

all), and might be felt to be receiving undue weight In these analyses. 

The x2 values can be combined by 

z = Efx 

since all the differences were in the same direction, giving 

z = 2.3X 

and a two-tailed P value of 0.019. 



The x2 test is a two-sided test, so that the P values need to be converted 

Into one-sided values before Fisher's formula can be applied. This can be done 

by letting Pi  = P1/2 if si=1 and 1-P1/2 if si=-1. 	We calculate 

x2 (12 df) = -2E1ogePt
* 

 

= 26.45 (P = 0.009). 

Omitting the fifth study has little effect, the combination giving 14  

x2 (10 df) = 25.01 (P=0.005). 

The column of weights in Table Al shows that the fifth study had virtually no influence 

on the Woolf method, and its effect on the Mantel-Haenszel x2 was also 

negligible. 

COMMENT 

All the methods suggest that anticoagulant therapy Is beneficial. 	The 

95% confidence interval for the relative risk was 1.08 to 1.54, indicating between 

8% and 54% more deaths in the control group, or, alternatively, that the treatment 

leads to a reduction of between 7% and 35% in the death rate after myocardial 

infarction. 


