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Abstract 

Objectives: In a recent paper we suggest that the relative risk (RR) be replaced with the odds ratio (OR) as the 

effect measure of choice in clinical epidemiology. In response, Chu and colleagues raise several points that 

argue for the status quo. In this paper, we respond to their response. 

Study designs and settings: We use the same examples given by Chu and colleagues to recompute estimates of 

effect and demonstrate the problem with the RR. 

Results: We reaffirm the following findings: a) the OR and RR measure different things and their numerical 

difference is only important if misinterpreted b) this potential misinterpretation is a trivial issue compared to the 

lack of portability of the RR c) the same examples reaffirm non-portability of the RR and demonstrate how 

misleading the results might be in contrast to the OR, which is independent of the baseline risk d) the concept of 

collapsibility for the OR should be expected in the presence of a non-confounding risk factor and is not a bias e) 

the log link in regression models that generate RRs as well as the use of RRs in meta-analysis is shown to be 

problematic using the same examples. 

Conclusions: The OR should replace the RR in clinical research and meta-analyses though there should be 

conversion of the end product into ratios or differences of risk, solely for interpretation. To this end we provide 

a Stata module (logittorisk) for this purpose. 
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What is New? 

Key findings 

●While the odds ratio (OR) may numerically differ from the relative risk (RR) and be misinterpreted as a RR,

this is not meaningful because the RR is not portable across settings where baseline risk may differ. 

●The non-collapsibility of the OR is not a bias but rather follows from its property as a likelihood ratio between

no-exposure and exposure odds. The concept of collapsibility is therefore of no concern in relation to the OR. 

●Pooling RRs in meta-analyses gives non meaningful estimates of effect

What this study adds to what was known 

●The use of the OR in place of the RR in epidemiological studies and research syntheses is indeed the right way

forwards. 

●The use of a log link in generalized linear models that produce RRs is expected to give misleading results

when there are multiple variables. 

What is the implication and what should change now? 

●The OR should replace the RR in clinical research and meta-analyses though there should be conversion of the

end product into ratios or differences of risk, solely for interpretation. 

●A Stata module (logittorisk) to convert the end results of logistic regression to ratios or differences of risk is

now available. 

Introduction 

We are indebted to Chu and colleagues [1] for their rapid response that brings to light several key points of 

interest in this series and for raising several important points regarding our recent paper. [2] In the latter, we had 

argued for the discontinuation of the use of the relative risk (RR) in epidemiological studies and research 

synthesis. We agree fully with the first point raised by Chu and colleagues that the odds ratio (OR) will 

numerically overstate the RR (we deliberately avoid stating that it overstates the relative effect of the treatment) 

and that naïve researchers may incorrectly interpret its meaning by considering OR equivalent to RR. Indeed, 

the numerical value of the OR is always more extreme than that of the RR and Chu and colleagues suggest that 



this is a problem because it will be misinterpreted as a RR. Our response to this is that, while this is certainly a 

problem, there is an even bigger problem – the RR is not a portable measure of effect. Therefore, while we agree 

that interpreting the OR as a RR is a problem, computing the RR and interpreting it as portable is a much more 

serious problem. We have advocated reporting in terms of risk anyway so the OR will always be transformed to 

risk (ratios, differences and/or the number needed to treat) before interpretation. Thus, even if the RR is fully 

replaced by the OR, it should be with reporting as risks and thus obviates this concern. 

If we take the same example given by Chu and colleagues, when a study finds that the risk is 0.8 in the 

treatment group and 0.4 in the control group, the corresponding OR=6 can be archived and reused but not the 

RR=2 because the latter is dependent on baseline risk, 𝑟0, and is not portable. All we need to do is to convert 

this baseline risk (say we are interested in 0.6) to the treatment risk using the OR. This would then give a 

treatment risk of 
𝑟0×𝑂𝑅

𝑟0[𝑂𝑅−1]+1
= 0.9 and an updated 𝑅𝑅 =

𝑂𝑅

𝑟0[𝑂𝑅−1]+1
= 1.5 which is different from the original 

RR=2. Had we assumed a constant RR and applied the original RR to the new baseline risk, the treatment group 

risk would be 2 × 0.6 = 120%. This is an impossible value as risks cannot exceed 100%, an observation which 

has previously been flagged by Llewelyn. [3] In the future, it will no longer be possible for “the OR = 6 to be 

misinterpreted as a RR = 6 by the press, clinicians, and other researchers” if the use of the OR as a measure of 

effect for conversion to risks is widely adopted. 

We reaffirm, through the example presented by Chu and colleagues above, that the variability of the RR 

with baseline risk is an impediment to using this measure, because of the impossible results we otherwise may 

have to deal with. Far from the variability of the RR with baseline risk being “an appealing feature in the utility 

of this measure” it serves to mislead users of the real impact of an intervention because the risk of the outcome 

in the treatment group is miscalculated in its translation through the control group risk via the RR. This then 

means there will be a translational failure to the true clinical implication when a RR effect measure is used. In 



the age of precision medicine, it is more important than ever to be able to estimate absolute risk reductions for 

individual patients and logistic models make that an easy task. 

Using the other example suggested by Chu and colleagues, when the baseline risk is extremely low, say 0.000,001, and 

the risk after treatment is 0.000,01, the OR and RR are both about 10. The RR and OR are supposed to be measures of 

effect and do not need to characterize how rare the outcome is as that is the remit of absolute measures such as the 

RD which is 0.000,009 and indeed “conveys the small increase in risk”. Chu and colleagues then argue that the 

problem becomes immediately apparent if “the baseline risk is high, say 0.96, and the risk is 0.995 for the treatment 

group, in which case a small effect is expected, which can be reflected by RR and RD (RR=1.04, RD=0.035) rather than 

the corresponding OR (8.29)”. They then take this to suggest that the OR is now “drastically overstating the magnitude 

of effect when the outcome is common”. The point that has been missed here is that the RR of 1.04 belongs solely to 

the baseline risk of 0.96 and therefore lacks any translational value. For example, if baseline risk is 0.5 in a different 

setting, the intervention risk is not 0.5 × 1.04 = 0.52. Rather the risk is 
𝑟0×𝑂𝑅

𝑟0[𝑂𝑅−1]+1
= 0.89 [2] and the RR for this 

baseline risk is 1.78. We therefore conclude from these observations that we agree with Chu and colleagues that “the 

interpretation of an effect measure should account for the magnitude of the baseline risk” but where we diverge is 

that the only way to achieve this is via the use of ORs. 

On non-collapsibility of the OR 

The next objection raised by Chu and colleagues is that “the OR lacks an important and appealing property 

for interpreting effect estimates, i.e., collapsibility”. We agree with Chu and colleagues that in a single study 

with a non-confounding stratification variable where the stratum-specific effects are homogenous, the crude 

effect on the OR scale may still be different. Consequently, Chu and colleagues assert that “the erroneous 

assumption that the crude and stratum-specific ORs will be equivalent in the absence of confounding can lead 

to substantial confusion”. We take the same example from Chu and colleagues that was adapted from 

Greenland et al [4] and also present this as Tables 1 to 5. In this example, X is an exposure, Y is an outcome and 

Z is a third variable. They correctly point out that “there is no association between Z and X in these tables: 

P(Z=1|X=1) = P(Z=1|X=0) = 0.5. Because there is no association between Z and X, we know that Z is not a 

confounder”. However, as Chu and colleagues note, “the stratum specific ORs are both 2.67 and despite the fact 



that there is no confounding the crude OR is 2.25” (Table 1). This of course suggests confounding by Z by 

conventional epidemiological teachings even though this is false. Chu and colleagues suggest that this 

“undermines the interpretability of the OR as a summary measure of association from a randomized controlled 

trial (RCT) when considering the treatment effect within a subgroup of the treated”. The OR of 2.25 has been 

interpreted by Chu and colleagues as a bias in the unconditional OR, but this is not the case and as Greenland 

has stated, “in fact there is no bias if one takes care to not misinterpret the unconditional effect as an estimate of 

the stratum-specific or individual effects”. [4,5] 

The reason why this seems to be an issue is quite simple: Z is a strong risk factor for Y even though it is not 

a confounder (Table 2). The OR is a likelihood ratio connecting the no-exposure odds with the exposure odds 

and thus despite the absence of confounding, marginal odds will be closer together than conditional odds in this 

example when there is a mixture of presence and absence of risk factor Z depending on how it allocates with 

risk factor X (Table 2). As noted by Chu and colleagues, when X=0 and Z=0 the baseline odds is 0.25 (risk 

0.20). When X=1 and Z=0 then the odds increases to 0.25 × 2.67 = 0.667 (risk 0.40) and finally when X=1 and 

Z=1 then the odds increases further to 0.25 × 2.67 × 6 = 4 (risk 0.80). The RR for X considering a baseline 

risk of 0.2 is then 2 and for Z considering a baseline risk of 0.4 is also 2. The danger for researchers is when we 

run a log-binomial regression (𝑙𝑜𝑔(𝜋𝑌|𝑥, 𝑧) = 𝑟0 + 𝜃 ∙ 𝑋 + 𝜆 ∙ 𝑍), because then we get RRs of 1.42 (exp(𝜃)) 

and 2.27 (exp(𝜆)) instead of the expected RRs of 2 and 2 with the model not really fitting the data as well as the 

logistic model unless an interaction is added. Once the interaction is added we get RRs of 2 (exp(𝜃)) and 3 

(exp(𝜆)) which are now different from both the expected RRs of 2 and 2 as well as the previous RRs without the 

interaction (Table 3). The latter is clearly because when there is more than one variable in the regression model, 

stratification of the baseline risk and the dependence of the RR on these risks will distort the results. Thus the 

very property that Chu and colleagues desired, which is “to be able to interpret the crude treatment effect 



estimate as the stratum-specific effects” fails with the RR in a multivariable regression as the stratum specific 

baseline risk will differ thus making the RR unreliable even for that sample. This is illustrated by running a 

univariable log-binomial regression, first for X with Z absent, and then for Z with X present (Table 5), where 

we now get the RRs of 2 in each case. In neither of the latter cases does the OR change over the unrestricted 

regression (Tables 2 and 4). Chu and colleagues go on to cite a review of 288 RCTs with binary outcomes, 

where only 12.4% of them evaluated the primary outcome by the crude OR – the majority that used 

stratification are potentially reporting misleading results. 

Chu and colleagues next suggest that “one may interpret a crude OR in a trial as the amount the odds of the 

outcome would change under the intervention in the whole population” but say that “the same OR does not 

apply to any specific stratum of the population even if there is no effect modification or confounding”. First, the 

vast majority of interventions are delivered on a per-patient basis and not on a population basis, and therefore a 

population OR should not be applied to any specific stratum of the population unless we do not have access to 

stratum specific ORs. More important, given the data in Tables 1 to 5, there is a clear reason why the crude OR 

does not apply to the strata defined by Z: the marginal OR does not belong to X alone but rather to the 

combination of X and Z. If we ignore Z, this is akin to systematic error in the estimation of the marginal OR for 

X, and not non-collapsibility. The ORs assigned to X and Z belong to these “risk factors” in multivariable 

analysis (Table 2) and are the same in stratified analyses (Tables 4 and 5). while the RR assigned to X and Z in 

Table 3 do not belong to X and Z since they continue to change with stratification when baseline risk changes 

(Tables 4 and 5). We therefore conclude that what has been called “non-collapsibility” of the OR was just a 

reflection of an unmeasured independent risk factors creating systematic error in the estimate of X. In other 

words, non-collapsibility is only an issue when one gets the outcome model wrong by refusing to account for 



easily accounted for outcome heterogeneity. An OR can therefore be applied to any specific stratum of the 

population while, on the other hand, the RR is inadmissible. 

Following their line of thinking, Chu and colleagues assert that even if “other effect measures can be 

readily-derived from OR, the simple algebraic conversion noted by Doi et al. converting stratum-specific ORs 

to stratum-specific RR and RD will not yield the crude RR, RD and number needed to treat one might calculate, 

for example, by classical Mantel-Haenszel methods”. It is now clear why this issue is actually the reverse of 

what has been stated by Chu and colleagues, and while it is okay to interpret stratum-specific OR in practice, 

the stratum-specific RR is meaningless as it depends on what baseline risk changes occur across strata. 

The OR in meta-analysis 

Chu and colleagues then focus attention on meta-analysis and assert violation of portability of the OR on 

the grounds that they are not collapsible which we have refuted above. They correctly point out that “Doi et al. 

examined the correlation between ORs and baseline risks in all studies across distinctive meta-analyses and 

found no correlation”. However, they suggest that examining whether there was a correlation between ORs and 

baseline risks within individual meta-analyses is important because they suggest that the true dependence of the 

OR on the baseline risk may be masked by merging miscellaneous meta-analyses. The reason we looked at 

correlation between effect and baseline risk at the study level regardless of meta-analysis was to show that no 

particular baseline risk restricted the magnitude of the OR. Doing the same for each meta-analysis will be no 

different if the membership of the meta-analysis is not a common effect of the magnitude of ORs and the 

baseline risk levels seen. 

Chu and colleagues assessed the correlation of the ORs with the baseline risks within each meta-analysis 

and suggest that the OR is noticeably correlated with the baseline risk. In nearly half of 40,243 meta-analyses, 



the absolute values of Spearman’s rho are larger than 0.5. However, this association between the OR and 

baseline risk was a conditional one – the condition being the meta-analysis. Since a particular OR and baseline 

risk combination leads to membership of a particular meta-analysis, conditioning on the meta-analysis from 

which a trial emerges means that Chu and colleagues have conditioned on a collider. Therefore the association 

they demonstrated is likely spurious with the true association being the unconditional one we had demonstrated. 

[2] 

When we consider Z to be different population groups and undertake a meta-analysis of the association of 

X with Y for the two populations defined by Z (presence or absence of Z), then it is clear why the RR cannot be 

used for meta-analysis: It is not solely an effect measure because it reflects also baseline risk and varies with 

it. The stratum-specific RRs in panel B of Figure S1 are only applicable to the baseline risk of Y in those strata 

and nothing more while the meta-analytic RR=1.41 (95%CI 0.92 – 2.15) has little meaning in terms of the true 

effect of X on Y. 

Only the meta-analysis of ORs can deliver the correct meta-analytic estimate of the association of X with Y 

which is OR 2.67 (95%CI 1.71 – 4.17). Only from this estimate can we derive the RR based on a baseline risk of 

say 0.6 (when Z=1) which will be 𝑅𝑅 =
2.67

0.6[2.67−1]+1
= 1.33 or based on a baseline risk of 0.2 (when Z=0) 

which will be 𝑅𝑅 =
2.67

0.2[2.67−1]+1
= 2. In the total population (unconditional) the observed association 

(OR=2.25) is different because it is not the effect of X alone. This represents a systematic error in meta-analysis 

if Z is not known and thus we have previously advised using models of meta-analysis that account for 

systematic differences robustly. [6-9] 

Finally, we repeat the X vs Y meta-analysis by strata of Z using real data from the GUSTO-I trial [10,11] for the 

40,830 participants for whom thirty-day mortality status was available (99.5%). In this re-analysis we look at 



the association between low baseline systolic blood pressure on admission (<100 mmHg; variable X) and day 

30 mortality (variable Y) stratified by Killip class (variable Z). If each Killip class is considered a sub-group, 

Figures S2A and S2B depict results of combining estimates using the OR and RR respectively. Clearly, the OR 

is consistent while the RR changes with baseline risk (since baseline risk of 30 day mortality increases with 

Killip class). To illustrate this further, the logit link based models fit equally well with and without interactions 

(LR test chi2(3)=1.24; P=0.744) while the log link based models demonstrate that inclusions of interactions 

gives the model a significantly better fit (LR test chi2(3)=11.79; P=0.008). The latter model requires 

interactions because the Killip class modifies the association between hypotension and 30 day mortality (Figure 

S2B). This is a spurious effect modification because the effect is not being modified, rather the effect size (RR) 

is being modified. The latter then results in spurious heterogeneity (or in some cases homogeneity) in 

meta-analysis (Figure S2B). 

Conclusions 

Chu and colleagues [1] have put forward a case for the status quo in clinical epidemiology based on 

existing and accepted principles. Nevertheless, after critically reviewing and discussing their case for the status 

quo, we see no alternative but to continue to press for the recommendations from our first paper. [2] We 

therefore continue to advocate for the discontinuation of the RR as the primary effect measure in clinical 

research. In addition, we now demonstrate that regression models with a log link (log-binomial regression and 

modified binary Poisson regression) that generate RRs produce misleading results when there are multiple 

variables, and therefore are not recommended. Even with univariable analyses the RR lacks translational value 

and relates only to the baseline risk under the specific analysis. Logistic regression seems therefore to be the 

only reasonable regression model for binary outcomes in epidemiology. To this end we provide a Stata module 

(logittorisk) to convert the end results of logistic regression to ratios or differences of risk. [12] Finally, we have 



to agree with Greenland when he says that “odds ratios and parameters of multivariable models will often be 

useful in serving as or in constructing the estimates, but should not be treated as the end product of a statistical 

analysis of epidemiologic data or as summaries of effect in themselves”. [5] This is exactly what we advocate: 

working with the OR and converting the end product into patient-specific ratios or differences of risk, solely for 

interpretation. Having refuted Chu et al's arguments, and noting that RRs are inconsistent with individual 

patient decision making, we can only conclude that the preference for RRs is a result more of tradition than of 

math. 
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TABLES 

Table 1: Greenland et al data presented by Chu and colleagues 

X Y Z Frequency 

Effect 

sizes 

1 1 1 80 OR=2.67 

RR=1.33 

RD=0.20 

r0=0.6 

1 0 1 20 

0 1 1 60 

0 0 1 40 

1 1 0 40 OR=2.67 

RR=2.00 

RD=0.20 

r0=0.2 

1 0 0 60 

0 1 0 20 

0 0 0 80 

Overall 

OR=2.25 

RR=1.50 

RD=0.20 

r0=0.4 

*X, exposure; Y, outcome; Z, third variable; r0, baseline risk of outcome Y when X is absent; 

RR, relative risk; RD, risk difference; OR, odds ratio 



 

Table 2. Analysis of unrestricted data from Table 1 using regression* 

Y 

Odds 

Ratio Z P>|z| 

[95% Conf. 

interval] 

      X 2.67 3.04 0.002 1.42 5.02 

Z 6.00 5.55 <0.001 3.19 11.30 

      X#Z 1.00 -0.00 1.000 0.41 2.45 

      _cons 0.25 -5.55 <0.001 0.15 0.41 

      Note: _cons estimates baseline odds. 

  *GLM with binomial family and logit link; X, exposure; Y, outcome; Z, third variable 

Likelihood-ratio test (model without and with interaction): Chi2(1)=0.00; P=1.00 

Table 3. Analysis of unrestricted data from Table 1 using regression* 

Y 

Relative 

Risk Z P>|z| 

[95% Conf. 

interval] 

      X 2.00 2.96 0.003 1.26 3.17 

Z 3.00 5.09 <0.001 1.96 4.58 

      X#Z 0.67 -1.6 0.109 0.41 1.10 

      _cons 0.20 -8.05 <0.001 0.14 0.30 

      Note: _cons estimates baseline risk. 

  *GLM with binomial family and log link; X, exposure; Y, outcome; Z, third variable 



Likelihood-ratio test (model without and with interaction): Chi2(1)=2.69; P=0.101 

 

Table 4. OR effect measure: Regression* analysis of the data 

in Table 1 restricted by Z or X 

Y OR z P>|z| 

[95% 

Conf. 

interval] 

Z absent 

X 2.67 3.04 0.002 1.42 5.02 

_cons 0.25 -5.55 <0.001 0.15 0.41 

 Z present 

X 2.67 3.04 0.002 1.42 5.02 

_cons 1.50 1.99 0.047 1.00 2.24 

      X absent 

Z 6.00 5.55 <0.001 3.19 11.29 

_cons 0.25 -5.55 <0.001 0.15 0.41 

 X present 

Z 6.00 5.55 <0.001 3.19 11.29 

_cons 0.67 -1.99 0.047 0.45 0.99 

      Note: _cons estimates baseline odds. 

  *GLM with binomial family and logit link; X, exposure; Y, outcome; Z, third variable 

 

Table 5. RR effect measure: Regression* analysis of the data 



in Table 1 restricted by Z or X 

Y RR z P>|z| 

[95% 

Conf. 

interval] 

Z absent 

X 2.00 2.96 0.003 1.26 3.17 

_cons 0.20 -8.05 <0.001 0.14 0.30 

      Z present 

X 1.33 3.00 0.003 1.11 1.61 

_cons 0.60 -6.26 <0.001 0.51 0.70 

      X absent 

Z 3.00 5.09 <0.001 1.96 4.58 

_cons 0.20 -8.05 <0.001 0.14 0.30 

      X present 

Z 2.00 5.24 <0.001 1.54 2.59 

_cons 0.40 -7.48 <0.001 0.31 0.51 

      Note: _cons estimates baseline risk. 

  *GLM with binomial family and log link; X, exposure; Y, outcome; Z, third variable 

 


