
Editorial

Meta-analyses of the effects
of dopexamine in major
surgery: do all roads lead to
Rome?

In this issue Gopal et al. [1] report that,

in meta-analysis, dopexamine does not

influence survival after major surgery or

critical care. This result may seem

unworthy of editorial focus – except for

the fact that very recently, in another

journal, Pearse et al. [2] concluded (using

meta-regression analysis of substantially

the same data) that low dose dopexamine

dramatically halves 28-day mortality.

What are the practice implications of

these conflicting results? Which should

we believe? Should anaesthetists rou-

tinely use dopexamine or not?

Before he became first Roman

Emperor, Augustus was commissioner

of roads and in 20 BC placed the miliarium

aureum (golden milestone) near the

temple of Saturn, from which all roads

in the empire originated and which listed

distances to the major imperial cities.

From any province, however distant, it

was possible to reach the Eternal City by

whichever route (omnes viae Romam

ducunt – ‘all roads lead to Rome’).

Similarly in scientific enquiry given the

same data, all valid methods of analysing

should intuitively lead us to the same

‘answer’ of the question posed. Gopal

and Pearse used different methods (or

routes), which individually appeared

valid, but they reached almost opposite

conclusions. Some form of critical

appraisal [3], including that of the rele-

vant mathematics, is needed to help

resolve the resulting dilemma.

Some technical differences in the
studies
Gopal et al. [1] draw attention to some

details which could plausibly have led to

different conclusions from those of

Pearse et al. Gopal et al. included one

critical care study while Pearse et al.

focussed only on operative studies.

Gopal et al. found, however, that

exclusion of this data would not have

altered their conclusion. There were

some differences in the scoring of

included trials. Pearse et al. counted

28-day mortality; Gopal et al. counted

all in-hospital mortality regardless of

when it occurred (which explains some

of the small discrepancies in the event

rates reported in the two studies).

Adding robustness to their study,

Pearse et al. [2] contacted authors

directly for individual patient data and

thus reported both an ‘intention-to-

treat’ and a ‘per-protocol analysis’. The

former regards patients as being in a

treatment (or control) group if they

were assigned to receive the treatment

(or control), regardless of whether they

did so or not. The latter classifies

patients into a ‘treatment’ group only

if they actually received the treatment

[4]. The supposed advantage of ‘inten-

tion-to-treat’ is that it avoids bias

induced by patients who drop out

because, say, the treatment (or the mere

randomisation to it) is ineffective or

causes greater harm, as might happen

with side-effects which were not spe-

cifically monitored. A per-protocol

approach would include these drop-

outs instead in the control arm of the

trial, thus missing a potentially adverse

effect of (being allocated to) treatment.

In fact, Pearse et al. [2] found no

difference between the analyses. Gopal

et al. [1] conceded they did not access

original patient information, so could

only use the published (i.e. per proto-

col) data, leaving their analysis open to

the possibility of bias. However, it is

impossible to predict in which direction

any presumed bias may have worked.

There are several ‘decorative’ aspects

of the papers that some readers may feel

are important (I do not think so) [3].

Based in a well-known London teach-

ing hospital, Pearse et al. [2] paid for

professional data analysis (which pre-

sumably was of high quality) and hon-

estly declared their interests in a

company which produces ⁄ markets

dopexamine. Based elsewhere, Gopal

et al. [1] declared no conflicts of interest

and conducted the analysis themselves

(a senior and experienced scientist being

a co-author).

Pearse et al. undertook a greater

number of statistical comparisons,

increasing the risk of a ‘false positive’

statistical outcome: extensive sub-group

analysis can yield misleadingly positive

results due to chance alone [5, 6]. We

now turn to some more detailed differ-

ences in analysis.

Meta-analysis vs meta-regression:
relative risks vs odds ratios
A statistician will instantly recognise

that differences in the papers arise in

part because Gopal et al. [1] used ‘con-

ventional meta-analysis using REVMAN

4.2 and the random effects model of

DerSimonian and Laird’, while in con-

trast Pearse et al. [2] used ‘meta-regres-

sion where mortality was expressed as a

binary outcome with a multi-level

logistic approach, estimation performed

using a first-level marginal quasi-likeli-

hood model, the results of which

informed a second-level predictive qua-

si-likelihood estimation’. The purpose

of the next section is to try translate this

into simpler concepts.

First, the notion of ‘heterogeneity’ is

relevant [7, 8]. Where several clinical

trials show broadly similar (e.g. positive)

effect of treatment, it is reasonable

mathematically to combine their results

into a single estimate. This will have a

numerical value relatively close to any

one of the trials, and thus be represen-

tative of them collectively. Alterna-

tively, the results of the trials may

differ widely (e.g. one trial shows a

strongly positive benefit, another

equally strongly indicates great harm

with treatment and so on): these trials

are heterogeneous. It might be techni-

cally possible to combine the results, but

numerically this ‘average’ (however

computed) will have a value dissimilar

from any single trial, so may be less
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meaningful. An analogy can be drawn

with trying to combine apples and

oranges: we can certainly calculate the

dimensions of the resulting hypothetical

fruit, but it does not resemble anything

we recognise.

It is possible to identify whether

heterogeneity exists in a group of trials

using several statistical tests and if it

exists, there are a number of ways to

deal with it:

1 many statisticians advise that meta-

analysis should be avoided altogether

or, if undertaken, any positive result

viewed with great caution;

2 combine the results of the trials using

a ‘random effects model’, but again

interpret any results with caution.

‘Random effects’ refers to complex

statistical methods which recognise

that trials are discrete, separate and

varied entities, rather than assume

that they all originate from a single

theoretical ‘source’ or that they are all

part of an imaginary ‘mega-trial’

(which is what a ‘fixed effects’ model

assumes, appropriate for a homo-

genous data set);

3 use ‘meta-regression’: this is a method

that almost thrives on heterogeneity.

It recognises – or indeed relies upon –

true differences between trials and

explores the factors or sub-groups that

might contribute to these in a manner

akin to logistic regression [9].

Gopal et al. [1] used a combination

of (1) and (2); that is, they used a

graphical (funnel) plot and a well

established I2 test of heterogeneity.

They then used a random effects model

but urged proper caution in the final

result. Funnel plots have previously

been used to show how meta-analyses

can mislead, especially in small trials

(e.g. the erroneous suggestion that

magnesium after myocardial infarction

was beneficial) [10]. In contrast, Pearse

et al. did not conduct a formal test of

heterogeneity (although they conceded

that it did exist). Instead they used

method (3), meta-regression, and found

that one sub-group (low dose dopa-

mine) yielded a significant and positive

result [1].

For technical mathematical reasons

meta-regression can only use data

which is expressed as odds ratios rather

than as relative risks, and this is one

potential source of difference between

the studies. Odds ratios (as used by

Pearse et al.) and relative risks (as used

by Gopal et al.) are both fractions but of

very different sorts [11].

For an event rate in the treatment

group denoted p and rate in control

group denoted q, relative risk (RR) is

simply a ratio of the two:

RR ¼ p

q
:

If treatment A produces a benefit of

90% and treatment B a benefit of 10%,

the relative risk is nine; i.e. A is nine

times better than B.

An odds ratio (OR) is much less

intuitive (which is probably why betting

shops use odds rather than risk to

confuse the punters). Odds are the ratio

of an event occurring compared with it

not occurring, or mathematically

expressed as:

OR ¼ p 1� qð Þ
q 1� pð Þ :

So the incidence of success vs failure

with treatment A relative to the inci-

dence of success vs failure with B is

81, a very different number from the

relative risk using the same data. Odds

ratios thus tend to exaggerate treatment

effects, especially where the prevailing

mortality or event rate is high [12].

The Cochrane Collaboration [13] pre-

fers to avoid meta-regression when indi-

vidual trials are small and heterogenous

because (aswith thedopexamine studies),

the risk of obtaining a spurious positive

result can be high. Zhang and Yu [14]

used detailed mathematical argument to

show specifically that great caution is

needed if the odds ratio is £ 0.5 and

the event rate is ‡ 10%. The data of

Pearse et al. fulfil both these criteria;

Gopal et al., using the more conservative

measure of relative risk, avoided these

problems.

The Simpson paradox
‘Decimal fractions’ (e.g. 0.125, 0.226,

etc) can be manipulated just like integers

so long as the decimal point is taken into

account. Yet, cut a cake with a ‘decimal

knife’ into three parts (of size 0.333…),

put them back together and some

crumbs are always missing. By contrast,

cut a cake with a ‘fractional knife’ into

thirds, put it back together and we have

all of our original cake. This precision of

fractions and this ability to embrace

geometry led ancient Pythagoreans to

become fanatical in a belief that all

numbers were expressible as ratios of

whole numbers. However (as with odds

ratios and relative risks) fractions can be

dangerous. When Hippasus of Meta-

pontum exposed that �2, although ‘real’

(e.g. the hypotenuse of a right-angled

triangle whose other sides have unit

length), cannot be expressed as a fraction

of two integers (i.e. it is ‘irrational’), the

Pythagoreans drowned him. With less

dramatic consequences, Simpson [15] in

1951 extended a 1903 observation of

Udny Yule [16], to show another dan-

ger: where

A

B
>

a

b
and

C

D
>

c

d
;

it does not necessarily follow that

Aþ Cð Þ
BþDð Þ >

aþ cð Þ
bþ dð Þ :

So if we are presented with a series of

fractions such as mortality data in a

series of clinical trials where the ‘event

rate’ is the numerator (e.g. A, a, C and

c) and the ‘total number of patients’ the

denominator (e.g. B, b, D and d), we

might obtain a perverse result if we

simply combine the numerators (A + C

and a + c) and the denominators

(B + D and b + d), especially if the

denominator data are heterogenous. A

simple example is as follows [17]: in two

trials treatment A produces benefit in

93% of patients (81 ⁄ 87) in the first trial

and 73% (192 ⁄ 263) in the second trial.

Treatment B produces benefit in just

87% (234 ⁄ 270) and just 69% (55 ⁄ 80)

respectively. Clearly A outperforms B?

Not necessarily since the total benefit

from A is 273 ⁄ 350 (78%) while B is

289 ⁄ 350 (83%).

Formal meta-analytical techniques

supposedly avoid Simpson’s paradox

(e.g. trial selection, proper weighting,

random effects models, etc) but no simple

or specific ‘test’ assesses whether the

paradox has confounded the data analysis

[18]. Statistical discussion of it can be
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elaborate [17] with even experienced

researchers disagreeing [19–22]. One

consensus is that, where different ways

of combining the data produce different

results, the paradox may be responsible.

It is then important to look at the data in

another (usually graphical) way, focus-

sing especially on possible covariates or

‘confounding influences’ [23].

A graphical approach to the data:
L’Abbé plot
To lend overview to increasingly com-

plex meta-analytical data, L’Abbé et al.

suggested a simple graphical plot of the

data and several versions of their origi-

nal suggestions have been developed

[24, 25]. For the cardinal result of each

of our two studies, we can plot the

mortality with drug treatment against the

mortality in the control group (the latter

being the ‘prevailing mortality’, a higher

mortality indicating a higher-risk co-

hort). If drug treatment has no effect,

then we expect the mortality with drug

to be identical to control. For the data

used by Gopal et al. (Fig. 1a), dopexam-

ine consistently reduces mortality by

approximately 3–5%, regardless of the

prevailing mortality. It is plausible that a

drug might have this modest effect. In

contrast, the data used by Pearse et al.

yields a curiosity (Fig. 1b). Dopexamine

appears remarkably beneficial when

prevailing mortality is very high, but

paradoxically worsens mortality in a

healthy cohort (Fig. 1b). This is difficult

to explain and creates an internal incon-

sistency for the Pearse paper that does not

exist within the Gopal paper. Critics who

suggest that there are too few data points

for me to draw any regression lines in

Fig. 1 are reminded that I have simply

plotted the same data as used by the

authors to substantiate their main claims.

Conclusions
Both papers have their merits and any

combination of factors mentioned

above may have conspired to yield the

contradictory results. Without repeating

both analyses from scratch, it is impos-

sible to say which factor is most

responsible. However, Fig. 1 is persua-

sive: available data do not support a

large beneficial effect of dopexamine.

Feynman [26] cautioned that ‘extraor-

dinary claims need extraordinary evi-

dence’ and the claim that dopexamine

reduces mortality by 50% is certainly

extraordinary, placing this drug above

aspirin ⁄ streptokinase post-myocardial

infarction in terms of magnitude of

treatment effect on a disease process

[27]. The evidence underpinning this

claim however falls short of persuasive.

This is not to say that dopexamine is

useless. Both Gopal et al. and Pearse

et al. – experts in the care of high risk

surgical patients – feel that dopexamine

is worthy of investigation and both

suggest examining low doses. Probabil-

ity theory originated with gambling

[28] so it is appropriate to wager that

a comprehensive trial will find that,

where prevailing mortality is approxi-

mately 15–20% in a high risk cohort,

dopexamine in optimum dose at best

reduces this by approximately 5%

(Fig. 1a). It is impossible to say if this

will justify its widespread use, and many

other issues such as side effects will need

consideration.

Readers should have their own views

but the discussion above demonstrates

how, when faced with conflicting

advice, critical appraisal can help us

arrive at what is at least a reasoned

opinion [3]. From whichever road one

starts, it is possible to reach Rome. All

one needs is the right map.
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